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Abstract: With the increasing severity of climate change, the power industry, as one of the main
sources of carbon emissions, is playing an extremely important role in the process of low-carbon
energy transformation. The purpose of this paper is to try to find a general method to solve the
optimal path for the low-carbon evolution of the power supply structure so as to meet the challenges
faced by the low-carbon transformation of the power industry in the future. This paper first uses the
capacity coefficient index (CCI) to represent the power generation ability of different technologies
and proposes a forecasting method for the CCI of renewable energy generation. In this paper, a
two-layer optimization model considering multiple constraints is established and solved using the
MPC method. The results show that China’s installed capacity of renewable power could account for
more than 50% in 2030, while the carbon emissions will decrease after reaching a peak in 2023. On
the premise of ensuring sufficient reserve adjustment capacity of thermal power units, increasing the
proportion of renewable energy generation is an important way to realize emission reduction in the
power industry.

Keywords: power industry; low-carbon transformation; model predictive control; power supply structure

1. Introduction

In recent years, climate change has intensified, and the negative impacts of a rising
global mean temperature as well as frequent extreme weather on the development of
economic society have become increasingly prominent. In addition to directly causing the
global average temperature to rise, climate change will also indirectly have an important
impact on global agriculture, animal husbandry [1–3], the water resources cycle [4,5], and
natural disasters [6]. Some scholars have attempted to assess the negative impacts of
climate change from the perspective of the driving factors of climate change risks and
provide a scientific basis for policy formulation [7], but how humans can adapt to the
increasingly severe climate change situation is still a global problem that needs to be solved
urgently. Apparently, the root cause of climate change is the increase in annual greenhouse
gas emissions, of which carbon dioxide emissions are the most significant. The signing of
the Paris Agreement in 2016 was a milestone in the course of global climate governance [8].
It put forward long-term planning goals for future climate change and clarified the emission
reduction responsibilities that all countries in the world should undertake. Although it
may be difficult to achieve the ideal temperature control targets according to the current
emission reduction commitments made by countries, it is still of great significance to the
climate governance process [9]. As the largest developing country in the world, China
ranks first in carbon dioxide emissions. In response to the call for emission reduction,
China has put forward the ambitious goal of achieving a carbon peak by 2030 and carbon
neutrality by 2060, i.e., the “double carbon” goal [10]. Carbon emission constraints have
become an important factor restricting the development of China’s future energy industry.

In order to achieve the “double carbon” goal, all industries have accelerated the
energy transition from fossil to non-fossil energy. The main cause of carbon dioxide
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emissions is the combustion of fossil fuels in industrial production, with energy-intensive
industries, such as electricity, transportation, and construction, producing the vast majority
of carbon emissions. As an important part of the modern energy industry, the low-carbon
transformation of the power industry is playing an important role in the transformation
of the entire energy industry. There is no doubt that the power generation side produces
the vast majority of carbon emissions in the power industry. Coal-fired plants consume
a large amount of coal resources every year to meet the huge electricity demand while
producing high carbon emissions [11]. Shuai, Y. et al. analyzed the main technologies for
improving the operating efficiency and reducing the carbon emissions of coal-fired units,
and looked forward to their development prospects [12]. In fact, supercritical and ultra-
supercritical units improve the energy utilization efficiency, but cannot fundamentally solve
the problem of high emissions from coal-fired units. Some studies have attempted to reduce
carbon emissions by adding carbon capture and storage (CCS) devices to coal-fired power
plants [13,14], but CCS technology is still unclear and has not been put into commercial
application [15]. This means that thermal power units may be obsolete in the future if there
is no major technological breakthrough. Other types of units, while not producing carbon
emissions, may incur higher external costs during construction or operation. Unreasonable
hydropower construction not only fails to make full use of hydro resources, but also
causes irreversible damage to human conditions and the ecological environment [16,17].
In addition, the driving force for nuclear power plant expansion depends on the current
control level over nuclear energy, and especially after the Fukushima nuclear power plant
accident, the public has had a psychological resistance to nuclear power technology [18].
Although the nuclear power generation technology has returned to the public eye due to
the increasing pressure of emission reduction in recent years, it has to be admitted that the
development of nuclear power requires a higher technical level and management ability.
Power generation by renewable energy, such as wind power and solar energy, has grown
rapidly in recent years, and there is still a lot of room for development.

In view of the huge pressure of emission reduction, more and more scholars and
research institutions are conducting research on the low-carbon transformation path of
the energy industry. Finding the optimal path for the low-carbon evolution of the power
structure under multiple constraints considering the characteristics of different power
generation technologies has become a research hotspot in the academic community. The
International Energy Agency (IEA) predicted the future power supply structure of China by
setting different emission reduction scenarios, and proved that the realization of the “double
carbon” goal relies on the vigorous development of renewable energy [19]. Literature [20]
has explored the impact of China’s renewable energy policy on the power supply structure
and indicated that the low-carbon transformation of the power industry is inseparable from
the strong support of the government. Reference [21] applied the scenario analysis method
to forecast the power structure and carbon emissions under different scenarios in the future,
and proved that a strict emission reduction policy is a strong guarantee for the realization
of emission reduction in the power industry. Shen, W. et al. analyzed the decommissioning
problem of old coal-fired power plants and calculated the carbon emissions on the demand
side using the carbon emission flow model. An installed capacity expansion strategy was
proposed considering aging, decommissioning, and carbon emissions [22]. Reference [23]
established a multi-objective power structure optimization model with minimum system
cost and minimum carbon emissions, and then solved the optimal path of future power
structure evolution. In 2035, the carbon emissions from the power industry will be below
4 billion tons, according to the results of simulation. Li, Z. et al. proposed a joint opti-
mization model for the long-term planning and short-term operation of the power system
considering carbon constraints, which determined the changing trends of various power
generation technologies over time. The installed capacity of non-fossil energy will account
for more than 93% in 2050 under the 2 ◦C scenario [24]. On the basis of the carbon budget
assessment, Shu, Y. et al. built a path-planning-optimization model, including the power
structure, power carbon emissions, and operating cost, then determined the low-carbon
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transformation path under different scenarios [25]. The results show that, if the carbon
emissions of the power industry are negative in 2060, the installed capacity and power
generation of non-fossil energy should account for more than 92% and 94%, respectively.
The most representative “bottom-up” energy system models are the Technology Market
Allocation Model (MARKAL) and the Energy Flow Optimization Model (EFOM), which
have a wide range of applications in the energy field. Reference [26] considered the dif-
ferences in resources and technical conditions between different regions and introduced
the comprehensive MARKAL-EFOM system (TIMES) model of China’s regional power
sector to obtain the regional optimal power supply structure under each emission scenario.
In addition, the Long-range Energy Alternatives Planning System (LEAP) model is also
a powerful tool for carbon emissions analysis in the power industry. Mirjat, N.H. et al.
used the LEAP tool to predict the electricity demand and emission-reduction potential
of Pakistan’s power system under different economic levels and low-carbon technology
scenarios, and then provided the recommendations devised from the study [27]. To analyze
the impact of extreme weather conditions on the planning of the electrical power supply,
Wang, B. et al. explained the main reason for power supply shortage and used the improved
LEAP model to predict the thermal power generation and installed capacity under normal
and extreme weather scenarios in 2025 and 2030, respectively [28]. The case studies show
that, when extreme weather occurs frequently, fossil energy is still required to ensure power
supply security, which means that the power industry will still have high emissions in the
near future.

An important factor affecting power structure planning is the uncertainty of renewable
energy. Renewable energy power outputs are vulnerable to external natural conditions,
and a high proportion of grid-connected renewable energy brings high uncertainty to
the system. Reference [29] introduced the current situation of wind power generation in
China and analyzed the reasons for the mismatch between the installed capacity and power
generation of wind power. Predicting the output of renewable energy, such as wind and
solar energy, has always been the focus of academic research. Probabilistic forecasting
methods and artificial intelligence methods have been widely used in wind power and
photovoltaic output forecasting [30–32], which is becoming mature. Demand response (DR)
is an important method to mobilize demand-side resources to adapt to uncertain factors,
such as climate change. A reasonable control strategy will improve resource utilization
efficiency and reduce operating costs. Reference [33] explored the impact of DR actions
on the thermal comfort and electricity cost for residential houses. Combining electricity
price fluctuations and weather information, a DR control strategy was proposed to ensure
residents’ thermal comfort while reducing electricity costs. Reference [34] studied the
impact of the DR actions of residential thermal storage systems on energy consumption and
cost under cold conditions, and proposed a predictive control algorithm based on the trend
of electricity price changes. The results showed that the DR action strategy based on this
algorithm will reduce the annual delivered energy for the heating system by 12% and energy
cost by 11%, which would not be related to building structure. Reference [35] quantified the
energy-use behavior of residents and proposed an optimal DR dispatch strategy covering
electric vehicles. With reasonable electricity price incentives, this strategy will play a role in
improving the consumption rate of renewable energy. In addition to DR, the power system
also needs to adopt some strategies to overcome the uncertainty of renewable energy. de
Siqueira, L. et al. used the control strategy of the energy storage system to smooth the
output of wind power, which has guiding significance for the regulation and operation
of a power grid [36]. Fan, M. proposed a new optimal power generation scheduling
algorithm that can help to reduce the bus voltage changes under the fluctuation of new
energy power generation and improve the adaptability of the power system to short-term
power changes [37]. Previous studies have shown that the current power supply structure
combined with a corresponding control strategy can suppress the negative impacts of the
volatility of renewable energy, to a certain extent. However, it is still necessary to ensure
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that the power system has sufficient-flexibility resources, which is also one of the factors
that must be considered in the power structure planning of modern power systems.

Among the commonly used control models, model-predictive control (MPC) adjusts
the control strategy in time according to the existing state and acts on the adjacent control
time domain. The MPC method includes model prediction, control action, and feedback
correction, and is widely used in various fields. Ye, L. et al. sorted out the research status of
MPC in the field of wind power prediction as well as control and conducted an in-depth
analysis of three types of commonly used MPC methods, expounding the advantages
and disadvantages of MPC methods [38]. The method based on load frequency control
using MPC proposed in reference [39], which is suitable for multi-regional power systems,
uses multi-variable constraints to calculate the optimal control scheme and verifies the
superiority of MPC compared with traditional control methods. Zheng, Y. et al. applied
MPC to the optimal dispatching of wind farms with energy storage systems and performed
optimal control based on short-term measurement data of wind speed in the rolling time
domain to minimize energy loss [40]. Reference [41] designed an energy-management
system based on MPC and successive linear programming. This new MPC method could
effectively reduce the energy cost of the community. Case studies have shown that the
application of this energy management system can reduce the community electricity energy
cost by 5.4–7.7%. The DICE model proposed in [42] applies dynamic optimization to
climate economics and uses MPC to optimize the development path of future savings rates
and emission reduction rates, demonstrating the practicality of dynamic optimization in
long-term planning work. The MPC has obvious advantages in the field of optimal control;
however, most researchers use it for short-term scheduling optimization and fail to apply it
to long-term planning of power supply structure.

It is worth noting that most of the existing research on power structure planning only
regarded the impact of renewable energy generation uncertainty on power planning as
an inequality constraint. An in-depth study of the annual power generation fluctuations
of renewable energy units has not been carried out. At the same time, the current power
planning is mostly based on scenario-based future power structure prediction, and it is
difficult to adjust the optimization strategy for different states in different time periods.
Few studies have regarded power structure planning as a dynamic programming problem.
In order to fill the gap of research in this area, this paper proposes the concept of a
capacity coefficient index (CCI) to describe the annual power generation ability of a certain
generation technology and transforms the CCI of renewable energy generation into a
probabilistic problem. On the basis of the above ideas, this paper establishes a two-layer
optimization model and uses the MPC framework to solve the problem. Finally, the optimal
evolution path of China’s power supply structure from 2020 to 2030 is obtained. The main
innovations and contributions of this paper are as follows.

(1) Establish the concept of CCI to describe the relationship between installed capacity
and annual generation, put forward a statistical-based CCI simulation method for
renewable energy units, and extend the method to annual power structure planning;

(2) Establish a two-layer optimization structure, regard power structure planning as two
stages of installed capacity optimization and power generation optimization, and
solve the optimization problem in stages;

(3) Apply the MPC framework to power supply structure planning, regard the problem
as a dynamic programming problem, solve the optimization problem from the control
perspective, adjust the control strategy of each rolling time domain according to
different states, and finally obtain the optimal solution.

The structure of each part of this paper is as follows. Section 1 summarizes the
research status. Section 2 introduces relevant concepts and methods. Section 3 establishes a
mathematical model of the research problem and proposes a solution method. Section 4
uses the model established in this paper to carry out an example simulation. Section 5
discusses the results of the example and Section 6 draws the main conclusions.
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2. Introduction of Related Concepts
2.1. CCI of the Generator

The high proportion of renewable energy generation is the main way for the power
industry to achieve low-carbon transformation, and it is a prominent feature of the modern
power system. With the continued expansion of renewable energy units, the resulting
problems have become increasingly prominent. The most important one is the hidden
danger of power supply security caused by the uncertainty of renewable energy. The power
generation capacity of renewable energy units may not be reliable under certain extreme
conditions, and this factor restricts the rapid withdrawal of fossil energy units. In order to
express the power generation ability of renewable energy units, it is necessary to introduce
the concept of CCI.

CCI is an indicator describing the annual power generation per unit of installed
capacity of a certain generation technology, which is numerically equal to the ratio of the
annual power generation to the installed capacity, as shown in Equation (1).

ni =
Wi
Gi

, (1)

where Wi represents the total annual power generation of power generation technology I,
in kWh; Gi is the annual installed capacity of power generation technology i, in kW; and ni
is the CCI value corresponding to power generation technology i. From Equation (1), ni is
in hours (h).

The CCI of each power generation technology varies greatly. The CCI of nuclear power
is almost twice as large as that of ordinary hydropower, which means that nuclear power
with less installed capacity can generate more electricity. Due to differences in operation
mode, the CCI of each power generation technology varies over the years, but the fluctua-
tion range is not large. While meeting the basic load, thermal power units generally need to
undertake the task of peak shaving due to their excellent regulation performance. In many
cases, it is impossible to generate electricity according to the initial set standard, especially
for deep peak shaving units that have undergone flexibility transformation—their CCI will
be far below the rated standard. Unlike thermal power units, due to the uncertainty of
power generation by renewable energy units, CCI also has a certain degree of randomness.
Even if the abandonment rate of renewable energy is reduced as much as possible according
to the current scientific and technological means, CCI is relatively low and uncontrollable.
Generally speaking, the CCI of a renewable energy unit reflects the mismatch between its
installed capacity and total power generation—large installed capacity does not mean large
power generation due to the low CCI. The non-controllability of renewable energy units is
a factor that must be considered in annual power balance planning.

2.2. Forecast of CCI for Renewable Energy Units

The CCI of renewable energy is susceptible to natural environmental conditions and
has a high degree of uncertainty. This paper assumes that the advanced regulation and
operation technology of renewable energy generation is fully utilized, and its CCI is only
relevant to natural conditions in this context. We believe that the annual power generation
of a certain renewable energy unit in recent years has a similar law if the natural conditions
are the same, which means that the CCI of a certain renewable energy technology can be
predicted through historical data under the premise of considering some disturbances.
These disturbances are mainly caused by natural factors, such as irregular fluctuations
in renewable energy, and unnatural factors, such as changes in operating modes. In this
paper, the CCI value of future renewable energy power generation is regarded as the
superposition of the foreseeable amount and the random amount, which means that the
CCI value of the next year is the result of the combined action of the empirical forecast
value and random disturbance. The foreseeable amount and the random amount represent
the general law and uncertainty of renewable energy output, respectively. The foreseeable
quantities are estimated using the average of three-year CCI historical data, and the random
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quantities are generated using the statistical method proposed in Section 2.3. Equation (2)
is the prediction formula of CCI.

n(j + 1) = 1
3 (n(j) + n(j− 1) + n(j− 2)) + ε

= npredict + ε
(2)

where j is the year relative to starting year in planning period and n(j), n(j− 1), and n(j− 2)
are the CCIs of the unit in the year j and the past two years; and ε is the disturbance term
due to the randomness of natural factors and unnatural factors, which obeys the normal
distribution of N(µ, σ2). Each value of the disturbance term ε corresponds to a random
scenario, and n(j + 1) is the predicted value of CCI for the year j + 1 under this scenario.
Due to the existence of uncertainty, assuming that the random item obeys the normal
distribution, a series of random numbers are generated by statistical methods—each group
of random numbers represents a certain path of the future evolvement of the random item ε.
By using the method proposed in Equation (2), with multiple scenarios of renewable energy
obtained, the mathematical expectation of CCI under multiple scenarios is determined as
the final prediction value of CCI in this paper, as shown in Equation (3).

np = E(n) =
1
L ∑

l∈L
nl , (3)

where ni is the predicted value of CCI under scenario l, L is the total number of scenarios, E
represents the mathematical expectation, and np is the final predicted value.

2.3. Latin Hypercube Sampling

Latin hypercube sampling (LHS) is a type of stratified random sampling, which has a
wide range of applications in probability statistics. This method first divides the sampling
unit into different layers according to a certain characteristic or a certain rule, and then
selects samples from different layers to ensure that the structure of the samples is relatively
similar to the overall structure, thereby improving the accuracy of the estimation. In view
of the advantages of the LHS method, some scholars have used this method to model
randomness problems. Li, Q. et al. proposed an improved LHS method applied to the
grid system with distributed generation, which improved the efficiency and accuracy of
the probabilistic power flow algorithm [43]. Zhao, W. et al. proposed an LHS method
suitable for random variables and demonstrated the superiority of the proposed method by
comparing the computational performance of Monte Carlo (MC) continuous sampling, MC
non-continuous sampling, and the proposed method [44]. In order to improve the accuracy
of random variable sampling, the LHS method is used to sample the disturbance term ε
in Section 2.2. Figure 1 shows the principle of the LHS method, and the specific steps are
as follows.
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• Determine the number of samples L, that is, the total number of CCI values required
for renewable energy units;

• Divide the cumulative probability distribution (0, 1) interval into L segments equally;
• In each of these L segments, a value is randomly selected as the probability value

of CCI;
• Map the extracted values to the standard normal distribution samples through the

inverse function of the standard normal cumulative distribution;
• By shuffling the sequence of the obtained samples and further improving the random-

ness of the samples, the CCI sequence in a certain scenario is obtained.

2.4. Annual Peak Shaving Cost of Power Generation Technology

The annual peak shaving cost (APSC) of power generation technology represents
the equivalent cost incurred by the generator to reduce its own power generation ability
through some technical means when there is a demand for peak shaving at the grid end.
This cost includes the operating cost of making the unit lower than the rated output and the
potential risk cost caused by the unit being in a peak shaving state. The peak shaving state
of the unit is divided into conventional peak shaving and deep peak shaving. When the
active power output of the unit falls below a certain threshold, the unit enters the deep peak
shaving state, and the peak shaving cost will increase sharply [45,46]. This paper supposes
that the peak shaving cost is a linear function of the peak shaving depth. Combined with
the definition of CCI in Section 2.1, the APSC is expressed as a piecewise linear function
of CCI.

In Figure 2, f represents the APSC, ∆n is the difference between the actual CCI and
the rated CCI, and ∆n′ is the boundary between conventional peak shaving and deep peak
shaving. When ∆n is greater than ∆n′, the peak shaving cost increases sharply, and the
corresponding second half of the function curve has a larger slope.
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3. Two-Layer Optimization Model Based on MPC
3.1. Necessity and Basic Architecture of Model

The low-carbon evolution of the power supply structure is a long-term planning
problem. Most of the traditional planning methods belong to the category of static planning,
and the planning scheme cannot be adjusted in time for different states. The MPC dynamic
planning algorithm decomposes the long-term planning problem into multiple rolling
time domains and optimize them separately. The planning strategy is adjusted in time
for different states so as to obtain the optimal solution for the overall long-term planning.
MPC has strong superiority in long-term planning problems. In addition, according to the
operation characteristics of the power system, the expansion of installed capacity and the
regulation of power generation under constant installed capacity are regarded as two stages.
The first stage is the planning of the installed capacity, which is generally pre-planned
based on historical experience and economic factors, and the capacity value of the next time



Energies 2022, 15, 4450 8 of 20

period is determined in advance for power plant construction. The second stage is operation
regulation. On the basis of the existing installed capacity, the power generation of various
power generation technologies is controlled separately considering several constraints
so as to minimize the overall operating cost. According to this characteristic, this paper
constructs the scientific problem as a two-layer optimization model and optimizes the
installed capacity and power generation during the planning period.

The model proposed in this paper explores the relationship between power supply
structure evolution and emission reduction targets considering the annual power balance,
carbon emission reduction targets, and economic factors, and then obtains the optimal
construction path for various units until 2030. This paper finds the optimal solution
within the planning period using MPC and provides scientific support for the low-carbon
transformation of the power industry in the future. The model covers six power generation
technologies, including thermal power, hydropower, nuclear power, wind power, solar
power, and other types of power (mainly biomass power). This paper discusses the
option of carbon capture storage (CCS) technology, which is regarded as power generation
technology with zero power. The minimum cost and minimum APSC for the planning
period are the objective functions of the two-layer optimization model. Considering
constraints such as power balance, resource constraints, and policy constraints, the optimal
path for future power supply structure evolution is finally obtained. The model requires an
input of planning starting point information, planning period, and correlated exogenous
variables, such as the installed capacity, annual power generation, related costs, and
emission parameters in the initial year. The added installed capacity and CCI of each
power generation technology are variables to be optimized for the two-layer optimization
problem, respectively.

3.2. Upper-Layer Installed Capacity Planning Model

In order to ensure the economy and low carbon emissions of the power generation
side of the power system, the objective function of the upper optimization model is to
minimize the sum of the construction cost, operation and maintenance cost, and carbon
emission cost of the power generation side.

min ∑
i∈N

∑
j∈T

(Cj
1i + Cj

2i + Cj
3i), (4)

where i is the label of different generation technologies, N is the number of all power
generation technologies in this paper, j is the year relative to the starting year in the
planning period, T is the planning period of each rolling time domain; and Cj

1i, Cj
2i, and

Cj
3i are the construction cost, operation and maintenance cost, and carbon emission cost of

power generation technology i in year j, respectively, which are listed in Equation (5).

Cj
1i = ∆Gj

i × Cj
10i

Cj
2i = Gj

i × nj
i × Cj

20i
Cj

3i = Gj
i × nj

i × ej
i × Cj

30i

(5)

where ∆Gj
i is the added installed capacity of power generation technology i in year j, nj

i is

the CCI of power generation technology i in year j; ej
i is the carbon emission coefficient of

power generation technology i in year j, which represents the carbon emissions generated
by the unit of electricity generated—for clean energy, ej

i = 0; and Cj
10i, Cj

20i, and Cj
30i are the

unit construction cost, unit operation and maintenance cost, and unit carbon emission cost
of power generation technology I in year j, respectively.

(1) Constraints include the following. Annual installed capacity constraints.

∑
i∈N

Gj
i ≥ Pj

peak(1 + η), (6)
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where Gj
i is the installed capacity of power generation technology i in year j, Pj

peak is the
peak load value in year j, and η is the spare factor, which ensures that the total installed
capacity per year is not lower than the peak load value of the year, and requires a certain
safety margin.

(2) Annual power generation constraints.

∑
i∈N

Gj
i n

j
i ≥W j, (7)

where W j is the total electricity demand of year j.
(3) Policy constraints. The proportion of the added installed capacity of some units

every year should not be lower than a certain proportion, and this constraint reflects the
government’s policy support for some power generation technologies.

∆Gj
i ≥ pj

i ∑
i∈N

∆Gj
i , (8)

where ∆Gj
i is the added installed capacity of power generation technology i in year j; and

pj
i is the minimum proportion of added installed capacity of power generation technology i

in year j.
(4) Resource constraints.

Gi ≤ Glim
i , (9)

where Glim
i is the maximum installed capacity of power generation technology i subject to

natural resource constraints.
(5) Power supply constraints. This constraint means that the maximum power genera-

tion capacity of the units that can generate stable power must meet a certain proportion to
prevent insufficient power supply due to the uncertainty of renewable energy.

∑
i∈N

Gj
i nmax

j
i ≥W j × δj, (10)

where nmax
j
i is the maximum CCI of power generation technology i in the year j, and δj

is the minimum proportion of stable power generation that meets the security of power
supply.

3.3. Lower-Layer CCI Optimization Model

After the installed capacity of each power generation technology is determined, the
lower layer performs CCI optimization considering the power balance, and the objective
function is to minimize the APSC as

∑
i∈N′

f j
i =

{
k1

j
i(nmax

j
i − nj

i), n′ ji < nj
i < nmax

j
i

k2
j
i(nmax

j
i − nj

i) + ai, nj
i < n′ ji

, (11)

where f j
i is the cost function of power generation technology i caused by peak shaving in

the year j; nj
i is the CCI value of power generator i in the year j; n′ ji is the boundary CCI

value between traditional peak shaving and deep peak shaving; nmax
j
i is the maximum

CCI value of power generation technology i in year j; k1
j
i and k2

j
i are the cost coefficients

corresponding to different peak shaving states, respectively, satisfying k2
j
i > k1

j
i ; and ai

is a constant term introduced to ensure the continuity of the function. Considering the
uncontrollability of renewable energy generation technologies, the CCI of wind or solar
power cannot be regarded as the variable to be optimized by the model, but is obtained by
the prediction method in Section 2.2. Therefore, N′ in Equation (11) represents the aggregate
of all power generation technologies, excluding wind and solar power generation.
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Constraints are the annual power balance constraints as

∑
i∈N

Gj
i n

j
i = W j, (12)

the meanings of physical quantities in Equation (12) are the same as those in Equation (7).

3.4. Model Solution

MPC is a special kind of control that obtains the optimal solution by solving a finite-
time optimal control problem. The obtained optimal solution only works in the control
process of the next period. This paper combines traditional power planning methods
with MPC algorithms. Each rolling time domain of the MPC framework is a two-layer
optimization problem of the power supply structure under static planning, and the optimal
solution obtained is used as the control signal to determine the next rolling time domain of
the MPC so as to carry out the next stage of optimization. In this way, each rolling time
domain of the MPC is regarded as an optimization problem for different input signals, that
is, to find the optimal control signal for different initial states, and realize the dynamic
optimization of the power supply structure. This paper uses an MPC framework to solve
the optimization model (established in Sections 3.2 and 3.3) of a rolling time domain,
obtains the optimal solution, and uses it as the input state of the next rolling time domain.
The calculation principle of the MPC framework is shown in Figure 3.
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This paper solves the proposed problem in accordance with the principle of MPC. The
state variables of the model are the year, the annual installed capacity of power generation
technologies and CCS devices, the added installed capacity, the CCI value of various power
generation technologies, the annual carbon emissions, the cumulative carbon emissions,
and the cumulative cost during the planning period. The state vector consists of several
vectors, as listed in Equation (13).

G = [{Gi| i = 1, 2, . . . , 7}] = [G1; G2; G3; G4; G5; G6; G7]
∆G = [{∆Gi| i = 1, 2, . . . , 7}] = [∆G1; ∆G2; ∆G3; ∆G4; ∆G5; ∆G6; ∆G7]
n = [{ni| i = 1, 2, . . . , 6}] = [n1; n2; n3; n4; n5; n6]

(13)

where i = 1, 2, . . . ,7 are the labels of thermal power, hydropower, nuclear power, wind
power, solar power, other types of power (mainly biomass power), and CCS, respectively.
Equation (14) shows the state vector of this model.

x = [t; G; ∆G; n; em; E; J], (14)

where t is the year relative to the initial year, em is the annual carbon emissions, E is the
cumulative carbon emissions, and J is the cumulative cost during the planning period.

The control variable is the added installed capacity, which determines the total capacity
in the next year. The control vector of MPC is expressed as Equation (15).

uj = ∆Gj+1, (15)
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where j is the year relative to the starting year in each planning period. In addition, the
MPC framework has the following constraints.

Gj+1
i = Gj

i + ∆Gj+1
i , (16)

Ej+1 = Ej + emj+1, (17)

J j+1 = J j + ∑
i∈N

∑
j∈T

(Cj+1
1i + Cj+1

2i + Cj+1
3i ), (18)

Equations (16)–(18) are determined by their own physical meaning, and the calculation
method of carbon emissions is shown in Equation (19).

emj = ∑
i∈N

Gj
i n

j
ie

j
i , (19)

where ej
i is the carbon emission coefficient of power generation technology i in the year

j, and emj is carbon emission of power generation in the year j. Then, we rewrote the
dynamics of the optimization model according to Equations (13)–(19):

xj+1 = f (xj, uj), x1 = x0, (20)

where x0 is the initial value of the state vector in the initial year.
The specific calculation steps of MPC are as follows.

1. Predict exogenous variables, including the carbon emission coefficient, various costs,
annual electricity demand and peak load in a year, the CCI of wind and solar power
generation, etc. The prediction methods of the exogenous variables are shown as follows:

ej = alg(j + b) + c, (21)

Equation (21) uses the logarithmic function of time to predict the future carbon emis-
sion coefficient, and a, b, and c are coefficients obtained by fitting the historical data.

Cj+1 = Cj × (1 + δ
j
C)

W j+1 = W j × (1 + δ
j
W)

Pj+1
peak = Pj

peak × (1 + δ
j
Ppeak

)

(22)

where δ
j
C, δ

j
W , and δ

j
Ppeak

are the change rates of costs, annual electricity demand, and
peak load in the year j, respectively. Based on the prediction method elaborated in Sec-
tion 2.2, the CCIs of wind and solar power generation, i.e., n4 and n5, are regarded as
predictable exogenous variables in the optimization process considering the uncertainty of
renewable energy.

2. Define k representing the number of loops, then enter the initial value of the state
variable and set k = 1, x1

k = x0;
3. Solve the upper-layer optimization problem established in Section 3.2. After temporar-

ily regarding the CCI value in the rolling time domain as a constant, we rewrote the
variables in this optimization model with state variables. We then used the number in
parentheses to denote the element label of the vector and summarized the equivalent
reformulation as follows:

minxk(24)T+1

s.t. xk
j+1 = f (xk

j, uk
j)

x1
k = x0k

uk(1, . . . , 7) = xk(9, . . . , 15)

(23)
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for other constraints in Section 3.2, the variables in the model can be replaced by
state variables according to Equation (14), which are not repeated here. Through this
step, we obtain ∆G of each year during the planning period; therefore, the installed
capacity is obtained.

4. Solve the lower-layer optimization problem established in Section 3.3. Based on the
obtained G in step 3, solve the optimal CCI for each year according to the optimiza-
tion model established in Section 3.3, and get the results to replace the elements
xk(16, . . . , 21)j of the state vector. It is worth noting that x19 and x20, i.e., n4 and n5,
are exogenous variables, and the substitution process does not change their values;

5. Determine if k is equal to the set number of cycles. If they are not equal, set k = k + 1,
then take the state variable of the second year in the rolling time domain as the initial
state variable, i.e., x0k = xk−1

2, and return to step 3; if they are equal, stop the loop;
6. Finally, we obtain k groups of optimal solution matrices from k loops, then take out the

initial state vector in the solution matrix of the first loop and the second column vector
in each matrix to form a new matrix A. The reformulated matrix is the final optimal
solution from the MPC framework, and we obtain our results as Equation (24).

Gj = A(2, . . . , 8, j)
Wj = A(9, . . . , 14, j). ∗A(16, . . . , 21, j)
emj = A(22, j)

(24)

In Equation (24), * represents the multiplication of the elements at the corresponding
positions of the two matrices, and the result obtained is a matrix with the exact same format
as the original matrix. The model solution method of the MPC framework is summarized
in Algorithm 1.

Algorithm 1. MPC framework

1: Predict exogenous variables.
2. Input: initial value of the state vector, planning period T, and the number of cycles.
3: if k = 1, then
4: Solve the upper-layer optimization model.
5: Solve the lower-layer optimization model, and obtain an optimal solution matrix.
6: Set A(:, 1) = x1

1.
7: for k = 2, . . . , T + 1, do
8: Set A(:, k) = x2

k−1.
9: Solve the upper-layer optimization model for xk

1 = x2
k−1.

10: Solve the lower-layer optimization model, and obtain an optimal solution matrix.
11: return A, G, W, and em.

4. Case Study
4.1. Base Data

This paper takes China’s power industry as an example; the planning period is 10 years,
and the initial year is 2020. The installed capacity, power generation, and carbon dioxide
emissions data from 2009 to 2020 used in the case were from China’s National Bureau
of Statistics, China Electricity Council, and reference [47], respectively. The relevant cost
and parameter settings referred to the literature [19,24]. In 2020, China’s installed power
capacity reached 2162.49 million kW, of which the thermal power installed capacity was
1177.94 million kW, accounting for 54.47% of the total installed capacity. Compared with
previous years, the capacity of renewable energy power generation, such as wind and
solar, has further increased, accounting for about 25%. The successive introduction of
national low-carbon policies has curbed the large-scale expansion of thermal power units
to a certain extent, resulting in a decline in the growth rate of carbon emissions in the
power industry, but the total emissions are still rising. Although renewable energy power
generation has increased compared with previous years, there is still a large gap with the
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power generation of thermal power plants. Nuclear power units have high requirements
for regulation and operation methods, and their operational safety is an important factor
restricting the large-scale construction of nuclear power plants [48]. Restricted by the
natural environmental and human factors, the growth rate of the hydropower installed
capacity has gradually decreased [49]. Figure 4 shows the installed capacity of different
generation technologies from 2009–2020.
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Figure 4. Installed capacity of China’s power supply structure from 2009–2020.

Considering the availability of data and the complexity of the model, the simulation
made the following assumptions.

1. Carbon dioxide emissions in the power industry only come from thermal power units,
ignoring the impact of transportation and thermodynamics on carbon emissions in
the power industry;

2. The installed capacity data in the past years all meet the load peak requirements
and can be used as the lower limit constraint value of the installed capacity in the
past years;

3. Considering the improvement in the tolerance of the thermal power reserve due to
technological progress, the minimum power generation ratio of the units that generate
stable power decreases by an equal rate of change;

4. Peak load and annual electricity demand increase in equal proportions;
5. Ignoring increases in fuel costs due to energy shortages and political factors, all costs

are subject to a fixed rate of change;
6. The thermal power unit absorbs 90% of the carbon dioxide after a CCS retrofit.

Some parameters are listed in Tables A1–A3 in Appendix A, which are important to
the research, and Table 1 shows some of the cost parameters of the initial year.

Table 1. Some cost parameters of the initial year.

Power Generation Technology C10 (yuan/kW) 1 C20 (yuan/kWh) 1 C30 (yuan/tCO2) 1

Thermal power 5520 310.5 82.8
Nuclear power 19,320 172.5 0

Wind power 7719 103.5 0
Solar power 4485 69 0

1 The cost unit yuan is RMB.

For power generation technologies that have no emissions, the carbon emission coeffi-
cient is zero. Considering technological advancements, the carbon emission coefficient of
thermal power is regarded as a logarithmic function of time that gradually decreases with
time. This paper obtains the function expression by the nonlinear regression of historical
data, which is expressed as

e(j) = −38.17lg(j + 12) + 955.52, (25)
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where e(j) is the carbon emission coefficient of thermal power in the year j. The unit of e(j)
is gCO2/kWh.

4.2. Results of the Case

In this case, we used CasADi, which came with IPOPT as an optimization solver, to
solve the upper-layer optimization model, and used the interior point algorithm to solve
the lower-layer optimization model. Finally, we obtained the following results in MATLAB.

(1) Predicted CCI of wind power and solar power generation.
According to historical data and the method proposed in Sections 2.2 and 2.3, this paper

assumed that the perturbation term ε of renewable power obeyed the normal distribution
of N(0, 1602) and N(0, 2742) respectively, and then generated 100 sets of scenes. Figure 5
describes the scenes of the predicted CCIs of wind power and solar power generation, with
each colored line representing an evolution scenario.
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Then, we obtained the mean value of 100 sets of scenes as the prediction value of CCI,
and we used this result to simulate the power generation ability of renewable energy in the
future, as shown in Table 2.

Table 2. The predicted CCIs of wind and solar power.

Time (Year) CCIs of Wind Generation (h) CCIs of Solar Generation (h)

2021 1847.886522 1016.125731
2022 1913.541309 1067.513049
2023 1902.93377 1057.050932
2024 1907.364856 1060.14718
2025 1865.555989 1041.880608
2026 1870.00318 1055.535528
2027 1882.558415 1079.256736
2028 1870.740671 1108.316839
2029 1878.5824 1080.04406
2030 1889.170836 1102.518975
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2034 1888.15016 1210.713959
2035 1876.303183 1148.691111
2036 1894.921912 1170.002537
2037 1904.653039 1147.8856
2038 1880.995522 1151.924091
2039 1904.351957 1148.916736
2040 1903.463496 1163.986872
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(2) Optimal path of power supply structure.
The model solution results are shown in Figure 6. From the perspective of installed

capacity, the installed capacity of renewable energy units continued to increase. The
installed capacity of wind power could reach 794.59 million kW in 2030, accounting for
20.5% of the total installed capacity, with solar power generation reaching 1120.86 million
kW, accounting for 28.94%. The growth rates will reach 182.2% and 342.28% respectively.
Obviously, there will be a sharp increase in renewable energy units from 2020 to 2030.
There will still be a small increase in thermal power units to meet the electricity demand,
which will reach 1362.14 million kW in 2030, accounting for 35.17%. Although the installed
capacity of thermal power units will increase, the proportion of thermal power units
will drop a lot. In addition, due to limited natural resources, hydropower resources are
relatively scarce, and the expansion of their installed capacity is no longer the first option.
CCS equipment will not be applied on a large scale through economic incentives due to the
high price.
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Figure 6. The model solution results. (a) Optimal path of installed capacity; (b) Optimal path of
annual power generation.

In terms of annual power generation, the power generation of renewable energy units
will increase significantly. In 2030, the annual power generation of wind power is expected
to reach 1522.9 billion kWh, accounting for 15.5% of the total power generation, and the
annual power generation of solar power will reach 1187.9 billion kWh, accounting for 12.1%.
The thermal power generation capacity in 2030 will be 4519.1 billion kWh, accounting for
45.96% of the total power generation, and the power generation of other types of units
will increase to a certain extent. In general, most of the electricity supply in 2030 will still
originate from thermal power.

(3) Emission pathway of the power industry
With the large-scale expansion of renewable energy units in the future and the continu-

ous reduction of the actual power generation of thermal power units, the carbon emissions
of the power industry will reach a peak of 4.08 billion tCO2 in 2023, and then drop gradually.
As shown in Figure 7, there will be a slight drop in 2022 due to the expansion of renew-
able power generation, which means there is redundancy in thermal power generation at
present. The carbon emissions of the power industry will peak earlier than the “carbon
peak target”. From 2020 to 2030, the power industry will emit 44.23 billion tCO2, which is
still a considerable value.
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5. Discussion

At present, the main way to reduce carbon emissions in the power system is to replace
the original power generation from thermal power units with generation from renewable
energy sources, such as wind energy and solar energy. Different power generation tech-
nologies play different roles in the power supply side. In order to achieve the “double
carbon” goal, we should make every effort to ensure the share of renewable energy power
generation, and reduce the abandonment of renewable energy as much as possible. In the
future, thermal power units will be used more as a regulating power source to cope with
the fluctuation of renewable energy power generation, smoothing the total active power
output on the power source side.

Under the current technical conditions, the most reliable way to ensure the good
regulation performance of the power system is to maintain sufficient reserve regulation
capacity of thermal power units. Hydropower is affected by ecological, cultural, and
natural factors, and its regulation performance is lower than that of thermal power units.
As an energy storage power source, pumped storage power plants may become a new
trend in the development of hydropower. The safety of nuclear power plants has always
been a topic of debate. Especially after the Fukushima nuclear power plant accident, it
became a power generation technology that was strongly resisted by the public. However,
with the improvement of awareness of nuclear energy technology’s superiority and the
improvement of nuclear energy control technology in recent years, nuclear power genera-
tion has once again become an important way to supply stable electric power and reduce
carbon emissions.

Aiming at the operation stability and supply reliability, the power system still needs
a certain proportion of thermal power units to provide the inertia level and adjustment
capability when encountering disturbances. This is also the main reason why thermal
power units cannot be quickly abandoned. The installation of CCS equipment in thermal
power units may be a good choice, but, in addition to the higher construction and operation
costs, the operation effect after installation is still unclear. Issues such as the transportation
and storage of captured carbon dioxide also need further discussion. In some areas with
a high proportion of thermal power, some thermal power units have been retrofitted for
flexibility so that the active power output is significantly lower than the rated active power
output. This is a method to reduce the carbon emissions of thermal power generation, but
the reliability and security issues still require further study.

6. Conclusions

In view of the low-carbon transformation trend in the energy industry, this paper
establishes a two-layer optimization model for the low-carbon evolution path of the power
supply structure considering the fluctuation of renewable energy output and low-carbon
transformation policies, and then uses the MPC framework to solve the problem. Finally,
the optimal path for the evolution of China’s power supply structure from 2020 to 2030 is
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obtained. According to the results of the model solution, we obtained the main findings
as follows.

(1) The carbon dioxide emissions of the power system in 2030 will decrease compared
with those of 2020 and show a downward trend in the near future, but the total emissions
will still be high. Due to the incentive effect of the “double carbon” goal on the low-carbon
transformation of the power system, the carbon emissions of the power industry will reach
a peak of 4.08 billion tCO2 in 2023; after that, they will drop gradually. The carbon peak
time of the power industry will be earlier than that promised by the “double carbon” goal,
which means that the power industry needs to play a pioneering role in the realization of
the “double carbon” goal in the future.

(2) Although the installed thermal power capacity will increase by 2030, power gen-
eration will decrease. Thermal power units will still play an irreplaceable role. In 2030,
the installed capacity of thermal power plants will increase slightly compared with that in
2020, but its proportion will be reduced to only about 35.17%, which means that other types
of power generation technologies will grow even more. The thermal power generation
capacity in 2030 will be 4519.1 billion kWh, accounting for 45.96%, which is lower than that
in 2020, indicating that, under the incentive of the “double carbon” goal, thermal power
generation is no longer the first option to meet the power supply demand.

(3) Unlike thermal power units, both wind power units and solar power units have
seen substantial increases in both installed capacity and annual power generation. Obvi-
ously, their proportions have also increased significantly. In 2030, the installed capacity of
wind and solar power will reach 1915.45 million kW, accounting for nearly 50% of the total
installed capacity. The annual power generation of wind and solar power is expected to
reach 2710.8 billion kWh, accounting for 27.6% of the total power generation.

At present, the low-carbon transformation of the power industry is faced with two
major difficulties. On the one hand, as one of the industries with the most carbon emissions,
the power industry is facing huge pressure to reduce emissions, and the scarcity of fossil
energy and its high emissions mean that thermal power units need to be phased out in
the future. On the other hand, the large-scale expansion of renewable energy units brings
hidden dangers to the power supply security of the power system. The need to improve
the output performance of renewable energy units is still an urgent problem to be solved in
the power industry. In the example described in this paper, China’s power supply structure
is further optimized from 2020 to 2030, and the carbon emissions of the power industry
will gradually decline after reaching the peak. With the development of renewable energy
regulation technology and the improvement of traditional energy utilization efficiency in
the future, the power system will gradually increase the proportion of renewable energy
power generation under the premise of stable power supply and finally achieve the goal
of carbon neutrality. Finally, the method proposed in this paper can effectively solve the
optimal path of the low-carbon evolution of the power supply structure, which is of great
significance for future power supply security, national economic development, and the
realization of the “double carbon” goal.
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Appendix A

Table A1. Change rate settings of cost.

Power Generation Technology Unit Cost Change Rate (%)

Thermal power
C10 −0.2
C20 5
C30 10

Hydropower
C10 1
C20 0
C30 0

Nuclear power
C10 −0.8
C20 5
C30 1

Wind power
C10 −2
C20 −2.5
C30 1

Solar power
C10 −5
C20 −0.5
C30 1

Others
C10 −1
C20 −0.5
C30 1

Table A2. Boundary value between the two peak shaving states and cost coefficients.

Power Generation Technology n′ (h) k1 k2

Thermal power 4540 1 5
Hydropower 3300 2 6

Nuclear power 7000 7 8
Others 4700 3 4

Table A3. Forecasting parameters of power demand.

Parameter Initial Value (million kW/billion kWh) Change Rate (%)

Ppeak 2162.49 3
W 7317.00 6
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