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Abstract: In the context of new power systems, reasonable capacity optimization of multiple power
systems can not only reduce carbon emissions, but also improve system safety and stability. This
paper proposes a situation awareness-based capacity optimization strategy for wind-photovoltaic-
thermal power systems and establishes a bi-level model for system capacity optimization. The
upper-level model considers environmental protection and economy, and carries out multi-objective
optimization of the system capacity planning solution with the objectives of minimizing carbon
emissions and total system cost over the whole life cycle of the system, further obtaining a set of
capacity planning solutions based on the Pareto frontier. A Pareto optimal solution set decision
method based on grey relativity analysis is proposed to quantitatively assess the comprehensive

ﬁ:e(f L(tfgsr economic—environmental properties of the system. The capacity planning solutions obtained from the
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Power Supply Capacity Planning obtained from the upper model with the objective of maximizing the inertia security region and the
Research for New Power System best comprehensive economic—environmental properties to obtain the optimal capacity planning
Based on Situation Awareness. scheme. The NSGA-II modified algorithm (improved NSGA-II algorithm based on dominant strength,
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iations. In the context of the new power system, with the increased development of new

energy generation, the proportion of wind power and photovoltaic integrated into the
grid has been increasing year by year. The wind-photovoltaic-thermal power system can
effectively bring into play the complementary characteristics and synergistic effects of
different forms of energy, improve the level of new energy consumption within a certain
This article is an open access article ~ fange, and achieve the purpose of making full use of energy resources. Reasonable system
distributed under the terms and  cCapacity planning is the basis for the safe and stable operation of the system.
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power sector in the context of renewable energy policy coordination and identifies the
need to integrate cost, emissions, trade, and infrastructure investment in future capacity
planning decisions for renewable energy-containing power systems through a multi-model
comparison analysis using multiple energy-economic models. The literature [2] proposes
a modeling approach adapted to the planning of power systems containing renewable
energy sources while dividing the modeling approach into four categories and concluding
that the choice of model should depend on the purpose of the study as well as the system
characteristics. It provides a reference value for the research on the planning of power
systems containing renewable energy.

Most of the existing studies on multiple power supply planning have been considered
in terms of economics and environmental protection. The literature [3] investigates the
capacity configuration of scenic power generation systems by using data, such as network
node voltage and scenic power output, through a nuclear limit learning machine method to
find the solution that minimizes the total investment cost and network losses. The paper [4]
takes into account the environmental factors and takes the CO, emission of the whole life
cycle of the wind and solar power system as the optimization target to optimize the capacity
allocation of the wind and solar power system. The literature [5] considers the construction
and maintenance costs, energy wastage, and outage losses of wind-complementary micro-
grids, and obtains an optimal allocation model that matches the meteorological conditions
to optimize the capacity allocation of wind-complementary islanded microgrids. The litera-
ture [6] uses the lowest operating cost and the lowest system grid power supply rate as
the optimization objectives for rational planning of the configuration of integrated energy
systems, including wind power and photovoltaic power generation. A multi-objective
optimization model with the objectives of minimizing total investment, node voltage ex-
ceedance probability, and undersupply probability was developed in [7]. An improved
parallel elite non-dominated ranking genetic algorithm II is used to search for the Pareto
optimal configuration solution for the optimal configuration of the wind and solar com-
plementary system. The literature [8] investigates the optimization of wind capacity in
power systems, considering system operation, economy, and reliability. The assessment
of the economic aspects is obtained based on the social cost of the whole system, and the
probabilistic method is used to assess the reliability of the system load loss probability. The
planning problem of wind power capacity is solved through an opportunity-constrained
planning approach. The literature [9,10] investigates the assessment of power system
flexibility for the problem of planning systems with a high penetration of renewable energy
sources, such as photovoltaic power. The concept of flexibility is reviewed and indicators
for assessing the flexibility of power systems are summarised.

The above literature provides a reference for the study of multiple power supply
planning in the context of new power systems but lacks consideration of system stability.

With the massive penetration of new energy sources, the inertia support of the system
under active disturbance is severely weakened and the problem of inertia reduction cannot
be ignored. Domestic and international new energy high percentage power grids have
repeatedly experienced inertia shortages in operation, with significant frequency stability
problems, thus exposing the system to the risk of large area cut-offs and load shedding.

At this stage, most of the research on system inertia presents an inertia assessment
problem. The literature [11] describes the concept, characteristics, and assessment methods
of the inertia security region. Literature [12] introduces the concept of minimum inertia
demand for microgrids, establishes a minimum inertia demand assessment model, and
proposes an optimal solution method. [13] proposes a method for estimating system inertia
based on electromechanical oscillation parameters driven by stochastic data. Few studies
have considered the impact on the optimal allocation of wind-photovoltaic-thermal power
system capacity by taking the system inertia security region as an objective function.

Situation awareness is a technique for acquiring, understanding, and predicting the ac-
tivities of elements that can cause changes in the system’s situation [14]. Currently, situation
awareness techniques are gradually being applied in the field of power systems [15].
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Capacity planning involves finding the best capacity planning solution for building
generation capacity subject to various economic and technical constraints. In the face of
today’s stricter environmental policies and increasing uncertainty in the power system,
capacity planning studies need to be constantly innovated to meet new challenges [16]. The
application of situation awareness methods to the study of multiple power sources in the
context of new power systems is of great significance for the comprehensive awareness of
system characteristics, in-depth understanding of system performance, effective prediction
of system status, and significant improvement of grid operation efficiency.

This paper proposes a strategy for the capacity optimization of wind-photovoltaic-
thermal power systems based on situation awareness, taking into account system economy,
environmental protection, and stability. Situation awareness stage: data collection based on
elements, such as equipment, meteorological environment, and users. Situation understand-
ing stage: establishment of a bi-level model for system capacity optimization configuration.
With the upper model taking the minimization of carbon emissions and the minimization of
total system cost over the whole life cycle of the system as the optimization objective for the
initial optimization of the system capacity configuration scheme, the Pareto frontier-based
system capacity allocation scheme is obtained, and a grey relativity analysis-based Pareto
optimal solution set evaluation method is proposed to quantitatively assess the integrated
economic-environmental characteristics of the system. Using the upper model capacity
configuration scheme as the input to the lower model, the lower model takes into account
the stability, environmental protection, and economy of the system, and further optimizes
the capacity planning scheme obtained from the upper model with the objective of maxi-
mizing inertia security region and the best the comprehensive economic—environmental
properties to obtain the optimal capacity planning scheme. The upper model is solved
using the INSGA2-DS algorithm and the lower model is solved using the Cplex solver. The
data obtained in the situation awareness phase are used as the basis for understanding
and evaluating the system state characteristics according to the bi-level model for optimal
system capacity configuration. The situation prediction phase: the results of the capacity
planning scheme are evaluated and analyzed to provide an effective basis for the relevant
professionals to make decisions on the scheme. Finally, the effectiveness of the proposed
strategies and algorithms is verified through a case study.

2. Wind-Photovoltaic-Thermal Power System Model for New Power System
2.1. Characteristics of Wind-Photovoltaic-Thermal Power Systems

With the proposal to build a new power system with wind power and photovoltaic
as the main new energy sources, the proportion of new energy sources has increased
significantly, gradually becoming the main power source. Thermal power is gradually
transforming into a regulating, guaranteeing, and contingency power source. Wind, photo-
voltaic, and thermal power in the system can achieve complementarity on various time
scales and guarantee total load demand.

From the perspective of system environmental protection, the whole life cycle of a
power system generally includes four segments: manufacturing and installation, produc-
tion and operation, operation and maintenance, and recycling and disposal. Wind power
and photovoltaic power generation do not generate carbon emissions in the production
and operation stages, and their carbon emissions are mainly concentrated in the remaining
three stages. Thermal power generation generates carbon emissions in all four stages [17].
Thermal power generation, wind power generation, and photovoltaic power generation
all produce carbon emissions during the whole life cycle of the system, but the carbon
emission rate of thermal power generation is significantly greater than that of wind power
generation and photovoltaic power generation. From the perspective of system stability,
thermal power units can provide the rotational inertia required when the system is dis-
turbed, which can effectively suppress the frequency fluctuations caused by faults in the
system and is conducive to the frequency stability of the system. As wind turbines and
photovoltaic battery units have power electronic characteristics, their transmission power
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is decoupled from the grid frequency and cannot provide inertia support to the system
directly. Therefore, wind power and photovoltaic weaken the system after they replace
thermal power units on a large scale to generate electricity. The level of inertia support
is weakened by the large-scale replacement of thermal power units by wind power and
photovoltaic, which affects system stability. From the perspective of system economics, the
total cost of a thermal power plant consists of equipment investment costs, operating costs,
replacement costs, and maintenance costs. Excluding the operating costs of wind power and
photovoltaic power generation, the total cost of wind farms and photovoltaic power plants
consists of equipment investment costs, replacement costs, and maintenance costs [18,19].
Figure 1 shows the total system cost and system carbon emission characteristics.
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Figure 1. Wind-photovoltaic-thermal power system characteristics.

2.2. Relationship between Carbon Emission and Stability of Wind-Photovoltaic-Thermal
Power System

For wind—photovoltaic-thermal power systems, good stability is the basis for the safe
and stable operation of the power system, and reducing system carbon emissions is a real-
istic need to achieve the “double carbon” goal. However, in the case of wind—photovoltaic—
thermal power systems, there is a contradiction between the goals of improving system
stability and reducing carbon emissions.

Figure 2 shows that the thermal share of the system is positively correlated with carbon
emissions; it is positively correlated with rotational inertia. When the share of thermal
power increases, the carbon emission of the system accelerates and the rotational inertia of
the system increases, which is conducive to improving stability. When the share of thermal
power decreases, the carbon emission of the system decreases, the rotational inertia of the
system decreases, and the stability of the system decreases.

Carbon emissions

trends

Rotational inertia

»
»

Proportion of thermal power Ah

Figure 2. Trends in carbon emissions, rotational inertia, and proportion of thermal power.
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2.3. Output Characteristics of Wind-Photovoltaic-Thermal Power Systems in the Context of New
Power System

2.3.1. Wind Turbines Model

The WT output characteristics are related to the ambient wind speed and the power
output characteristics of the unit.

0 v < Uiy
2w’ p Vip <V <0
Pwind _ Vout>— 03 wind,N in N (1)
Pwind,N ON < U < Doyt
0 0 > OUout

where P,;,4 is the output power of the WT; v;,, is the WT cut-in wind speed; vy is the WT
rated wind speed; v, is the WT cut-out wind speed; Py;,g v is the WT rated power.

2.3.2. Photovoltaic Model

The output of photovoltaic cells is related to the ambient temperature and the amount
of solar radiation.

Ppo = Q—SSGRH — (Tg — To)] @)

where Py, is the output power of the PV cell; Ps is the output power of the PV cell
under standard conditions; Gg is the light intensity under standard conditions; Gp is
the light intensity under actual conditions; vy is the power temperature coefficient, taken as
—0.5%/°C; T is the temperature of the PV cell under actual conditions; T is the reference
temperature value, taken as 25 °C.

2.4. Situation Awareness Model for Capacity Planning of Wind-Photovoltaic-Thermal Power
System

Applying the situation awareness approach to the planning of multiple power sources
in the context of new power systems [13], the situation awareness-based capacity planning
model is divided into four stages: situation awareness, situation understanding, situation
prediction, and assisted decision-making [20]. Using situation awareness — situation
understanding — situation prediction — assisted decision making — situation awareness
to form a closed loop to fully grasp the system state and improve the accuracy of capacity
allocation. The wind-photovoltaic-thermal power system capacity planning situation
awareness model is shown in Figure 3.

Equipment parameters, meteorological and Evaluation of economic, stability and
user data environmental objectives

— l

Situation awareness ~——— Situation understanding

Multiple power supply capacity
planning for the system

\ 4

Assisted decision making 4—— Situation forecast
‘ Output optimal solutions ‘ ’ Capacity planning solutions comprehensive evaluation

Figure 3. Situation awareness model for capacity planning of wind-photovoltaic-thermal power systems.

(1) Situation awareness: This is the stage of obtaining relevant data. This stage is mainly
used to obtain equipment parameters, meteorological data, and user data in system



Energies 2022, 15, 3298

6 of 24

min F; =

power capacity planning through system measurement techniques, meteorological
information prediction techniques, and load-side data prediction techniques.

(2) Situation understanding: This is the stage of data analysis, which aims at understand-
ing and mining the data obtained during the situation awareness stage, taking into
account system stability, economy, environmental protection, etc., and analyzing the
system operating dynamics of different capacity planning scenarios.

(38) Posture prediction: This is the state prediction phase. For the capacity planning
of multiple power systems, posture prediction is a comprehensive evaluation and
analysis of different capacity planning options.

(4) Assisted decision-making: Output the optimal solution, providing an effective basis
for decision-making by relevant professionals.

3. Bi-Level Model for Optimal Capacity Allocation of Wind-Photovoltaic-Thermal
Power Systems

3.1. Upper Level Model for Multi-Objective Optimal Configuration Considering the Environmental
Friendliness and Economy of the System

The upper-level model is based on the objective of minimizing carbon emissions and
total system cost over the whole life cycle of the system. The system capacity planning
scheme is optimized based on the system power balance constraint, installed capacity
constraint, generation unit output constraint, and thermal unit climbing constraint, and the
decision variables are wind, PV, and thermal power output at each time.

3.1.1. Objective Functions

In this paper, the annual equivalent carbon emissions of wind power, photovoltaic
power generation, and thermal power generation are calculated separately for the whole
life cycle. The carbon emissions from wind, photovoltaic and thermal power plants are ap-
portioned to the power generation process according to the carbon accounting model. The
optimization objective is to minimize the annual carbon emissions of the wind-photovoltaic-
thermal power system [21].

. 8760 8760
min Y Pwind,i(t)Rwindeindeind,i + Y va,j(t)RPUvava,j

t=1 t =

i€ Nwind ] € va (3)
8760

+ X Psgx(t)RscNscKsck

t=1

k € Ngg

where Ryiu4, Rpp, and Rgg are the carbon emission factors of wind, photovoltaic and
thermal power respectively for the whole life cycle of the system; Pying,i(t), Ppo,i(t), Psg k()
represent the output power of the first wind turbine; Nyi,4, Npv, and Ngg are the number
of wind turbines, photovoltaic cells, and synchronous machines respectively; Kyiug,i, Kyo,j,
and Kgg  are the switching states of wind turbines, photovoltaic cells, and synchronous
units respectively.

Carbon emission factors can be calculated based on the Carbon Accounting Model [22,23].

Considering the economy, the total cost of the wind-photovoltaic-thermal power
system consists of four parts: investment cost, operation cost, replacement cost, and
maintenance cost. In this paper, only the operating costs of thermal power units are
considered, and the operating costs of wind power and photovoltaic are approximated to
be zero. The optimization objective is to minimize the total cost of the system.

min Fz = min{Pwind —+ va + PSG} (4)
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1 po,m,i
Ppo =Y (Cpoj + —L ) ©
po 7 T
77 )™ H+n)
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where P4, Py, and Psg are the total costs of wind, photovoltaic, and thermal power
plants, respectively; Psc ;(t) is the output of thermal power unit i at time t; Cypj4 , Cpo,ir and
Csg,i are the installed prices of a single wind turbine, a single photovoltaic cell unit, and a
single synchronous machine, respectively; Ny;uq, Np», and Nsg are the number of wind
turbines, photovoltaic cells, and synchronous machines, respectively; Cyind ri» Ciindm,i are
the replacement and maintenance costs of wind turbines, respectively; Cpy i, Cpo,m,i are
the replacement and maintenance costs of photovoltaic cells, respectively; Csg ;. i, CsG,m,i
are the replacement and maintenance costs of thermal power units, respectively. The cost
of replacement and maintenance of thermal units. The life cycle of the wind turbine, PV
cell, and thermal unit, respectively; the project life and discount rate, respectively. The
consumption characteristics of the thermal units are shown in 4;, b; and c; respectively.

3.1.2. Conditions of Constraint

(1) Power balance constraints

Without considering the system network loss, the power generated by the system is
equal to the power consumed by the load.

Nwind va NSG
Pro(t) = Y Puind,i(t)Kwindi + Y, Ppo,i(t)Kpo,j + Y Psg(t)Ksg 8)
i=1 j=1 k=1

where P (t) represents the power consumed by the load; Pying,i(t), Ppo,i(t), and Psc i(t)
represents the output power of the i-th wind turbine, the j-th photovoltaic cell, and the k-th
synchronous machine, respectively; Nyi,4, Npo, and Nsg is the number of wind turbines,
photovoltaic cells, and synchronous machines, respectively; Kying,i, Kpo,j, and Ksg ¢ is the
switching state of the wind turbine, photovoltaic cell, and synchronous unit, respectively.

(2) Installed capacity constraint

Wind-photovoltaic-thermal power systems should have a certain amount of spare ca-
pacity, taking into account the possibility of failure of turbines, photovoltaics, synchronous
machines, or unknown sudden increases in load in the system.

Nuwind Npo Nsg

Z Pwind,i + Z va,j + Z PSG,k > /\PLO,max (9)
i=1 j=1 k=1

where Pying,i, Ppy j, and Psg x represent the rated power of the i-th wind turbine, the j-th PV
cell, and the k-th synchronous machine respectively; Pro max is the maximum load power;
A is the load power factor.

(3) Generator output constraints

The output of wind, photovoltaic and thermal power units should fluctuate within a
certain range.
0< Pwind,i (t) < Pwind,i,m (10)

0< PPU,j(t) < PPU,]}W! (11)
0 < Psgx(t) < Psgiom (12)
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where Pyjng,i(t), Ppo,j(t), and Psc k(t) represent the output power of the i-th wind turbine,
the j-the photovoltaic cell, and the k-th synchronous machine respectively; Puyind,i m, Ppo,jms
and Psg k. ,, represent the maximum output power of the wind turbine, the photovoltaic

cell, and the synchronous machine respectively.
(4) Climbing constraints for thermal power units

Thermal power units are required to meet a creep constraint, where the rate of change
in power cannot exceed the creep rate during normal operation and can break the creep
rate limit during start-up and shut-down.

— VLPsG,im < Psg,i(t) — Psg,i(t — 1) < V3, Psgim (13)

where V},, V7, are the maximum upward and downward climbing rates, respectively; Psg ;
is the maximum output of thermal power unit i.

3.1.3. A Pareto Optimal Solution Set Decision Method Based on Grey Relativity Analysis

Grey relativity analysis (GRA) is a method of measuring the degree of association be-
tween factors based on the degree of similarity or dissimilarity of trends between them [24].
As the upper level optimization model is multi-objective optimization and it is difficult for
the configuration solution to satisfy multiple objectives optimally at the same time [25].
The traditional method of using compromise weighting factors to transform into a single-
objective function solution will inevitably affect the decision result of the configuration
solution. To accurately evaluate the effect of multi-objective solution sets without destroy-
ing the integrity of the original solution set, this paper proposes a grey correlation method
based on the Pareto optimal solution set evaluation method.

Firstly, GRA is used to calculate the correlation value between the Pareto optimal
solution set and the ideal solution, and to establish a mapping between the Pareto optimal
solution set and the correlation value to provide a basis for the lower level optimization
model. The correlation value represents the degree of correlation between the solution set
and the ideal solution. When evaluating the upper level model capacity configuration solu-
tion, the higher the correlation degree value, the greater the degree of correlation between
the configuration solution and the ideal solution, and the better the configuration solution.

Assume that the set of optimal solutions of the upper level optimization model Pareto
is {x1,x2,...,x}, where x; = {F,F},i € n, x; denotes the set of objective values of
configuration scheme i. Let the ideal solution xg = {min{F; }, min{F,}}, the correlation
coefficient between the optimal solution set and the ideal solution can be solved using the
GRA algorithm to construct the set of capacity configuration scheme-correlation mappings,
{xi,7v(x0,x;)}. x; is the capacity allocation solution i, v (xo, x;) is the correlation of x; based
on the ideal solution, characterized as a label for the superiority or inferiority of solution x;.
The larger 7y (xo, x;), the better the solution.

3.2. Solving a Multi-Objective Configuration Upper Level Optimization Model for Systems
Considering Environmental Friendliness and Economy

As the optimization upper-level optimization model is a multi-objective solution
problem, the fast and elite mechanism of the non-dominated ranking multi-objective
genetic algorithm (NSGA-II) has the advantages of efficiency and directness and is an
effective method for solving multi-objective optimization problems [26].

The INSGA2-DS algorithm based on dominance strength uses (1) an improved fast
sorting method based on dominance strength, (2) a novel distance algorithm that introduces
the consideration of variance, and (3) a strategy of adaptive elite retention based on the
NSGA-II algorithm. The improved algorithms can effectively improve the convergence
and distribution problems of the NSGA-II algorithm. The introduction of the INSGA2-DS
algorithm in this paper can effectively improve the distributivity and accuracy of the system
capacity allocation scheme, avoid the flooding of good data, reduce the solution time, and
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improve the solution efficiency of the algorithm. Figure 4 shows the flow chart of the upper
optimization model solution.

Upper optimization
mode

Set the INSGA2-DS algorithm parameters and enter
the system parameters

Initialize system capacity configuration
i=1
v
N Crossover, variant manipulation and fast dominance
intensity ranking

Generate the i-th generation of populations and
generate i + 1 subpopulations
v

Mixing of generation i, i + 1 populations to produce
generation i + 2 populations

N
<t

| Output pareto optimal set of solutions (Xy,X2,"**,Xp) |

Pareto optimal solution set evaluation method based
on GRA
v

‘ Output{¥;.7(x.x,)} ‘
v

’ Lower optimization model ‘

Figure 4. Flow chart of the upper optimization model solution.

3.3. Optimal Configuration of the Lower Level Model Considering System Stability

To improve the frequency stability of the system, the upper model configuration
scheme is further optimized based on the upper optimized model, taking into account the
level of inertia margin of the system. The power system time-series operation simulation
method [27] is introduced to simulate the time-series operation of all the planning solutions
derived from the upper model in turn to find the inertia security region for each solution.
The optimal capacity planning scheme is then optimized with the objective of combining
the best system stability and economic and environmental characteristics. The optimization
variables are the different capacity planning solutions output by the upper model.

3.3.1. Inertia Security Region Model of the System

Inertia is the inherent ability of a power system to maintain frequency stability [28].
When the system is subjected to unpredictable power disturbances, frequency fluctua-
tions occur within the system, when the rotational inertia present in the system helps to
suppress rapid fluctuations in frequency and keep the frequency stable within a tolerable
range [29,30]. Therefore, the inertia level of the system effectively reflects the frequency
stability of the system.

According to the safety and stability standards proposed in the literature “Technical
Guidelines for Safety and Stability Control of Power Systems”, the minimum inertia
required to ensure system frequency stability under N-2 faults in power systems relying
only on primary frequency regulation and second line of defense safety and stability control
measures is the safety critical inertia value under this fault scenario. When the actual inertia
of the system is less than the safe critical inertia, the occurrence of a serious fault within the
system will trigger the system’s third line of defense safety device to act, and the system
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will be exposed to the risk of large area cut-off and load shedding. In this paper, the inertia
value corresponding to the most severe failure scenario in the N-2 safety calibration of
the system in the operating scenario is defined as the system safety critical inertia value
Mgy [6]-

Mgy = maX{MSIL,Flzz ey MSIL,Pij} (14)

where Mgy, is the safety critical inertia corresponding to the failure of component i, j;
i #jandi,j < Ni; Nt = Nsg + Ny + Np; Nt is the total number of components; Ng is the
number of thermal power plants; Ny, is the number of wind farms; N, is the number of
photovoltaic plants.

To quantify the system inertia level, the relative magnitude of the actual system inertia
value to the safety critical system inertia value is defined as the system inertia margin.

x 100% (15)

where Kj, is the system inertia margin; Msys is the actual system inertia value; Mgy is
the system safety critical inertia value Kj;, is the system inertia margin at a certain time.
According to the operating characteristics of the power system, the system inertia margin
varies at different times and is not continuous. The system Inertia security region is shown
in Figure 5.

MA

—_— —

—_— \Msys(t)/ TFP ——
7 Inertia Security
Region

_—

—_—

=

—— - T~ Ly
== M (0)

[
L

0 t

Figure 5. Inertia security region of the system.

Considering continuous operation periods, define the inertia security region of the
system, which is the area of the system inertia margin over a length of time T.

T
Ky = /0 [Mays (£) — Mg (1)) dt (16)

where Msys(t), Mgy (t) are the actual inertia and the safety critical inertia of the system at
time t, respectively, and T is the length of time.

When the system inertia is the inertia security region, the system inertia can mitigate
sudden changes in frequency caused by a potentially large disturbance fault in the system,
avoiding large cuts in the system and load shedding.

In order to improve the calculation efficiency of the model, the rotational inertia of the
system is considered in this paper. The rotational inertia of the turbine is ignored because
the rotational kinetic energy provided by the turbine is related to the operating conditions,
there are more variable factors, and it has less influence on the inertia of the system.
Therefore, only the rotational inertia provided by the thermal power unit is considered.

The formula for calculating the actual inertia of the system:

Ngg
Msys = 2 H;PK; (17)
i=1
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where My is the actual inertia value of the generation system; H; is the time constant of
inertia of the thermal unit i; P; is the rated power of the thermal unit 7; K; is the switching
state of the thermal unit. When the thermal unit is on, K; = 1, and when it is off, K; = 0.

In the case of a power generation system, the actual inertia value of the system can be
solved using the system operating scenario for the thermal power unit and its parameters.

The following equation for calculating the safe critical inertia value of the system is
derived. Typically, when active disturbances occur in the system, ignoring damping effects,
the equation of motion for the system equivalent rotor is:

Miys df(t) _
2 fl\f ar Pm(t> - Pe(t) (18)

where fy is the nominal frequency; Py, (f) is the total mechanical power of the system at
time f; P,(t) is the total electromagnetic power of the system at time ¢; f(t) is the system
frequency at time .

In the event of an active disturbance in the system, |RoCoF| reaches a maximum at
the moment of the disturbance t( because frequency control measures act immediately to
reduce the unbalanced power:

RoCoF(to:) = ~5 fnAP (19)

(MSIL - Mloss)

where RoCoF(fg ) is the rate of change of system frequency for the most severe fault in the
system N-2 safety calibration fault set; fx is the nominal frequency; AP is the active power
disturbance from the limit expected fault; and M;,; is the loss of inertia due to the limit
expected fault.

According to Equations (18) and (19), the system safety critical inertia is obtained:

AP
Mioss — 2R£I(V:ome ;AP >0
Mg, = max (20)

FNAP
Mioss — aRoCoRmm » AP <0

where RoCoFnay is the upper limit of the rate of change of the system frequency; RoCoFpin
is the lower limit of the rate of change of the system frequency.

3.3.2. Objective Functions

To measure the degree of economy and environmental friendliness of the capacity
allocation scheme of the upper level optimization model, a correlation factor y; is proposed.
The correlation factor is calculated as:

=i

21
= (21)

Hi

0<y <1 (22)

where 7; is the correlation of option x;; 7 is the average of the correlation of all options «;
characterizes the combined economic and environmental performance of option x;. The
larger 7; is, the greater the correlation between option x; and the ideal option, and the
better the combined level of economy and environmental friendliness.

The correlation factor y; measures the degree of economy and environmental friendli-
ness of the upper model capacity configuration. It is known that K, is the system inertia
security region. Obviously, the larger the system inertia safety domain is, the more bene-
ficial to system stability. In order to improve the efficiency of the solution and make the
decision scheme informative, the scenario of the maximum occurrence of the system limit
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expected failure day in one year is selected as a typical day, and the inertia safety domain
of the typical day Ky; is defined:

2
Ky = /0 [Msys,i(t) — Mgy i(t)] dt (23)

where My () is the actual inertia of the system at time t for scenario x; on a typical day;
Mgy, i(t) is the critical inertia of the system at time t for scenario x; on a typical day; and y;
is the correlation factor for scenario x;.

Based on the configuration scheme of the upper level optimization model, the objective
function is established by considering the economy, environmental protection, and stability
of the system:

maxF; = max{y;Kp } (24)

3.3.3. Conditions of Constraint

(1) System inertia and rate of change of frequency constraints

The inertia and rate of change of frequency of the system shall be maintained within a
range of:
Mmin < Msip < Mmax (25)

Msys(t) > MSIL<t) (26)
where Mmax and Mp,in are the upper and lower limits of the system inertia, respectively.

(2) System frequency rate of change constraint

RoCoFpin < RoCoF < RoCoFmax (27)

where RoCoFnax and RoCoFnjy, are the upper and lower limits of the rate of change of the
system frequency, respectively.

4. Bi-Level Model Solving for Optimal System Capacity Allocation

For system planning, the lack of actual output parameters for wind farms and photo-
voltaic power stations makes it difficult to perform direct calculations, so historical average
meteorological data are used for output forecasting.

For the upper level model, the local historical average meteorological data information
is combined with the predicted new energy output data based on the wind turbine and
PV unit parameters, and the load data is predicted. As the upper optimization model is a
multi-objective problem, INSGA2-DS is used to solve the algorithm and output the Pareto
solution set for the upper model capacity configuration, and the Pareto optimal solution
set evaluation method based on GRA is used to obtain the solution-correlation mapping
set {x;, v(xo, x;) } as input to the lower optimization model.

For the lower level model, first determine the various types of boundary conditions,
introduce the power system time-series operation simulation method of literature [27], carry
out year-round operation simulation based on the capacity configuration scheme of the
upper level model, and then combine the system stability control strategy to generate N-2
safety check fault sets. Then, extract the system limit expected fault maximum occurrence
day scenario, and solve the lower level optimization model [31,32]. Table 1 shows a Bi-level
model for optimal system capacity planning. Figure 6 shows the framework for optimal
capacity allocation of wind-photovoltaic-thermal power systems.
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Table 1. Bi-level model for optimal system capacity planning.

Project Upper Optimization Model Lower Optimization Model
Decision variables Wind, PV and thermal power output Upper model solving solutions
Conditions of constraint 1)(2)(3)(4) (5)(6)
Objective functions minF1, minF2 max F3
Solution algorithms INSGA2-DS Cplex solvers

Optimization objectives

Combination of economy, environmental

Minimal carbon emission and lowest total cost . . a1
1mat carbon erssio owesttotalcos friendliness, and stability

Start

v v v v
Load WT,PV Meteorological Synchronous
Forecasting parameters information unit parameters
Situation
awareness

A 4

Full year load Full year wind power output, PV forecast | —(—— "2 _ _ .
forecast data output -
Constraint
T - Ty " MRBG)@)
» Objective functions: min(F,) v min(F,) Constraint
: ' e
Syste.m capacity planning 70X
options (X,Xz,*+,X;)
Simulations of the system operating throughout the year based on
solution X;
|
Y E ion limi
Generating N-2 Xtraction 'muts expected Calculate the inertia
failures

security check fault —, . —» safety domain for this
maximum occurrence day .
sets scenario

scenario

| Objective function: max(Fs) |<—

Output optimal capacity configuration L
A p. Y g Situation
solutions .
understanding
# Situation
Forecast

‘ Solution analysis and evaluation ‘

End

Figure 6. Framework for optimal capacity allocation of wind-photovoltaic-thermal power systems.

5. Case Study
5.1. Date Preprocessing

This paper uses a method for simulating the time-series operation of power systems
based on meteorological data, as the planned wind-light-fire system lacks actual output
data and is difficult to apply directly in simulation tools.

Based on the local average historical meteorological data information and historical
load data for a region of the country, predictions are made including annual wind speed,
temperature, light intensity, and annual load data, as shown in Figures 7-10. Suitable
wind turbine, PV cell, and thermal power unit parameters are selected based on the load
demand and meteorological data. The carbon emission factor parameters for the full life
cycle of the system are shown in Tables A1-A3 in Appendix A. The cost and life cycle of
each part of the system are shown in Table A4 in Appendix A. The INSGA2-DS algorithm
was set to 100 iterations and run 10 times to obtain stable results for the algorithm. The
Pareto optimal solution set for 60 sets of capacity allocation scenarios was obtained after
the upper level model optimization solution, and the scenario-correlation mapping set was
established and imported into the lower level optimization model for the solution.
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Figure 10. Full year load forecast curve.

5.2. Optimal Capacity Configuration Solution

The upper model is solved using the INSGA2-DS algorithm and the lower model is
solved using the MATLAB software solver. Table 2 shows the optimal capacity configura-
tion of the wind—photovoltaic-thermal power system that meets the requirements. Figure 11

shows the set of Pareto scenarios for the capacity configuration of the upper model.

Table 2. Optimal capacity configuration solution.

Configuration Solutions Number
Number of WT 51
Number of PV cells 104,354
Number of thermal power units 8
Costs/¥ 4.95 x 10°
Carbon emission/kg 1.16 x 10'0
Inertia security region/ MW.s2 10,308.2
Correlation factor 1.38
Installed capacity of thermal power generation/MW 320
Installed capacity of wind power/MW 76.5
Installed capacity of photovoltaic power/MW 20.9

5.4

® solution
)
52+ k
*s
501 \.‘
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> s
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44t “n,
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42 \
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40
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Figure 11. Pareto frontage diagram.

To verify the rationality of the optimal capacity allocation scheme, three different
schemes are arbitrarily selected from the output scheme class of the upper optimization
model for comparison and analysis. Option 1 is the optimal capacity allocation solution.
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5.3. Simulation Analysis of the Timing Operation of Different Planning Scenarios

This paper uses a modified IEEE-39 node system as a research case. Figure 12 shows
the modified IEEE-39 node network topology.

10 8

Figure 12. Modified IEEE-39 node network topology.

The IEEE-39 node arithmetic example is built on the MATLAB platform, with 1-8 connected
to synchronous machines, 9 to an equivalent wind farm, and 10 to an equivalent PV plant.
As the single generator output accounts for a relatively high total load, each limit expected
fault type is either a synchronous unit tripping or a new energy field station going off-grid.
The scenario of the maximum occurrence day of the limit scenario fault is selected for
analysis. Rimax and Rpin are 2 Hz/s and —2 Hz/s respectively.

Scenario 1 is the optimal capacity allocation solution derived from the lower level
model. During a typical day, 6 thermal units are expected to be on at moments 1-10;
8 thermal units are expected to be on at the remaining moments. As can be seen from
Figure 13, during periods 1-3 and 12-24 on a typical day, the wind power output is less
than the rated power because the actual wind speed is lower than the rated wind speed
of the wind turbine, and the photovoltaic units can only generate power during the day,
making it necessary for the thermal units to increase their power output to meet the power
demand at the load side while satisfying the boundary conditions. During the 4-9 period,
the wind power output reaches its maximum, and due to the low load demand at this time,
the thermal power units must reduce their output by reducing the number of units on in
order to reduce wind and light abandonment.
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Figure 13. Typical daily power curve for scenario 1.
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As can be seen from Figure 14, the moment of occurrence of the limit fault of the
system in Scenario 1 is t = 5-9, the actual inertia of the system at all times during a typical
day is greater than the value of the system safety critical inertia, and the inertia margins are
all positive. The inertia of the system under the limit expected fault is sufficient to support
the frequency fluctuation, which can effectively reduce the risk of a major outage accident.

2000
MSIL
—— Ms.\x
1500 -
o
2
S
<1000
=
Q
o
=
500 -
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4 8 12 16 20 24

Time/h

Figure 14. Typical daily inertia security region for scenario 1.

The typical daily inertia security region for scenario 1 is Ky = 10,308.2 MW-s?,
#; = 1.38 and F3 = 14,225.316 MW-s?. As the system operating state varies with time, the
system limit failure varies from moment to moment, exhibiting the time-varying nature of
the system safety critical inertia values. When t =3, t = 4, and f = 10, the system corresponds
to a smaller limit expected failure with a smaller inertia requirement, when the system
inertia is more abundant. In contrast, when t = 5-9, the actual inertia of the system is close
to the system’s safe critical inertia, and the system is at a low inertia level at this time.

Scenario 2 is the capacity allocation option with the largest correlation factor, and the
specific capacity allocation can be seen in Table 3.

Table 3. Different capacity configuration solutions.

Solution Configuration Scenario 1 Scenario 2 Scenario 3 Scenario 4
Number of WT 51 71 15 74
Number of PV cells 104,354 104,525 103,790 104,739
Number of thermal power units 8 7 9 7

As can be seen in Figure 15, Scenario 2 has a different share of wind, PV and thermal
power output due to the different number of installed thermal, wind and PV units compared
to Scenario 1. In the periods 2-12 and 20-24 on a typical day, wind power output is higher
due to the higher installed capacity of the turbines. Especially in the 3-12 period, wind
power output is much higher than thermal power output. At this time, the number of
thermal units must be reduced to meet the load demand.

As can be seen in Figure 16, the typical daily inertia security region for scenario 2 is
Ky = —8614.6 MW-s2, u; =1.55, F3 = —13,352.63 MW.-s2. At moments 3-14 and 19-24, the
actual system inertia is lower than the system safety critical inertia value, with the system
inertia deficit reaching a maximum of 1233 MW:-s at moment 7, when the system faces a
very high risk of frequency destabilization. This is due to the low thermal power output
and the high proportion of new energy sources. When a major fault occurs in the system,
such as a new energy source going off-grid, the system frequency will be destabilized due
to the lack of sufficient inertia support, which will result in a large-scale power outage. The
length of time that the actual inertia of the system is below the system safety critical inertia
value is 517 h throughout a year.
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Figure 15. Typical daily power curve for scenario 2.
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Figure 16. Typical daily inertia security region for scenario 2.

Scenario 3 is the least costly option to consider, with a typical daily inertia security
region of Ky = 16,802 MW.-s2, u;i =0.74, and F; = 12,433.48 MW -s2. As can be seen from
Figure 17, the system has a higher share of thermal power output and a smaller peak-
to-valley differential. In the period 8-17, the combined share of wind and PV output is

higher, peaking at around 26%. Figure 18 show
Scenario 3.
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Figure 17. Typical daily power curve for scenario 3.
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Figure 18. Typical daily inertia security region for scenario 3.

Scenario 4 is the case where carbon emissions are considered to be minimal. As shown
in Figure 19, the typical daily output characteristics of scenario 4 are similar to those of
scenario 2 due to the similarity between the capacity configuration scheme of scenario
2 and that of scenario 4. The typical daily inertia security region Ky;; = —8871.2 MW-s?,
p; = 1.49, and F3 = —13,218.09 MW -s?. The length of time during a year when the actual
system inertia is below the system safety critical inertia value is greater than in Scenario 2,
amounting to 780 h. Figure 20 shows a typical daily inertia security region for Scenario 4.
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Figure 19. Typical daily power curve for scenario 4.
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Figure 20. Typical daily inertia security region for scenario 4.
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In summary, the system is able to ensure continuous and stable power supply on a
typical day for all capacity configuration options, subject to constraints, such as meeting
load demand and weather forecast data.

5.4. Comprehensive Characterisation of Different Configuration Scenarios

A comprehensive analysis of the economy, environmental friendliness, and stability of
the four scenarios.

As can be seen from Figure 21, the inertia security region for scenarios 2 and 4 is
negative, which is because the new energy output is higher during a typical day and
the thermal units are in a lower output state, resulting in the actual inertia level of the
system is lower than the system safety critical inertia value, and therefore scenarios 2 and
4 have a frequency stability risk. As the typical day is the maximum day scenario of the
yearly limit expected fault occurrence, the inertia security region of scenarios 1 and 3 are
10,308.2 MW-s? and 16,802 MW s? respectively, so there are no negative inertia margin
operation scenarios for scenarios 1 and 3 during the yearly operation.
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Figure 21. Characteristics of different scenarios.

The economic analysis of different scenarios shows that scenario 3 has the lowest total
cost, which is because the unit price of new energy is higher than that of thermal units per
unit of capacity, while scenario 3 has the smallest total amount of new energy installed
and the system generation output is mainly borne by thermal units, thus the total cost of
scenario 3 is low. In addition, scenario 1 also has a lower total cost of CNY 4.951 x 10°,
which is 4.18% and 6% lower than scenarios 2 and 4 respectively.

For the carbon emissions analysis, the carbon emissions from electricity generation
are smaller for scenarios 2 and 4 due to their larger installed new energy capacity. The
difference in carbon emissions between scenarios 1, 2, and 4 is not significant, within 7%.
As the installed capacity of thermal power units is higher and the installed capacity of
new energy is lower, the carbon emissions from scenario 3 are the largest, with scenario 1
emitting 3.514 x 10° kg less carbon than scenario 3, or approximately 23.25%.

An analysis of the characteristics of the different options shows that as the correlation
factor increases, the carbon emissions of the system gradually decrease, while the total cost
does not change much. Therefore, the correlation factor can be used to effectively evaluate
the merits of the capacity allocation options. Scenario 2, with the highest correlation factor,
is the best capacity allocation option if the system stability is not considered and only the
system economy and environmental protection are taken into account. However, the actual
inertia of the system will be lower than the safety critical inertia of the system during the
operation of scenario 2, which will lead to low frequency load shedding or high cycle cut-off
of the grid in case of serious failure. Therefore, the capacity configuration of scenario 2
requires an appropriate increase in the number of synchronous machines to increase the
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inertia of the system, while the number of turbines and PV units should be reduced to
reduce wind and light abandonment and to enhance the economy of the system.

In summary, scenario 1 takes into account system economy, environmental friendliness,
and stability. Scenario 1 can therefore be used as the best capacity configuration for
the system.

5.5. Impact of Optimization Algorithms on Capacity Planning

To verify the superiority of INSGA2-DS in solving capacity planning problems, the
NSGA-II algorithm was used for comparative analysis. As shown in Figure 22, the Pareto
frontier solution is more widely distributed and can effectively avoid getting trapped in a
local optimum.
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Figure 22. NSGA-II and INSGA2-DS optimization results.

A comparison of the operational characteristics of the two algorithms is shown in
Table 4. For the same number of populations, INSGA2-DS has a shorter computation time
than NSGA-II and converges at a faster rate, with a computational efficiency improve-
ment of about 17%. Therefore, INSGA2-DS is more suitable for the problem of capacity
optimization allocation of wind-light-fire systems.

Table 4. Comparison of NSGA-II and INSGA2-DS characteristics.

Aleorithms Population Number of Convergence Calculation

8 Size/Unit Iterations/Time Efficiency/s
NSGA-II 300 120 101
INSGA2-DS 300 100 84

6. Conclusions

This paper proposes a situation awareness-based capacity optimization strategy for
wind-photovoltaic-thermal power systems. A bi-level model is established for the optimal
allocation of system capacity. The upper model takes into account the carbon emissions
and total system cost of the whole life cycle of the system and ensures the effectiveness
and practicality of the upper model through the system power balance constraint, installed
capacity constraint, generator output constraint, and thermal unit climbing constraint.
The Pareto-based capacity allocation scheme is solved using the INSGA2-DS algorithm,
and the Pareto optimal solution set evaluation method based on GRA is used to establish
the scheme-relation degree mapping set, which is used as the input of the lower model.
The lower model integrates the maximum inertia security region of the system, the best
economy, and environmental protection as the optimization objectives to optimize the
capacity allocation scheme. Finally, the effectiveness of the proposed strategy and algorithm
is verified by means of an arithmetic example.
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This provides new practical ideas and methods for planning the capacity allocation
of wind—photovoltaic-thermal power systems in the context of new power systems, and
is a guide to the problem of planning the capacity of power sources in the context of the
new power system. The wind—photovoltaic—thermal power system capacity optimization
model developed in this paper can ensure the best system stability and minimize carbon
emissions and total costs within a certain range.

The method proposed in the paper focuses on three forms of power sources, namely
wind, light, and fire, and will be followed by subsequent studies to include multi-energy
matching of systems, such as hydropower and energy storage.
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Appendix A

Table A1l. Thermal power unit parameters.

Parameters Number

Power rating/MW 40
Maximum power/MW 40
Minimum power/MW 10

a/(¥/MWh) 0.024
b/(¥/MWh) 78

c/¥ 960
Inertia time constant/s 5

R/(kg/kWh) 0.95

Table A2. Wind turbine parameters.

Parameters Number
Power rating/ MW 1.5
Cut-in wind speed Vi, /(m/s) 3
Rated wind speed V,/(m/s) 10
Cut-out wind speed Voui/(m/s) 30
R/(kg/kWh) 0.012

Table A3. Photovoltaic cell parameters.

Parameters Number

Ps/(kWh) 0.2
Gs/1x 1000

v/ (%/°C) —0.5
T:/°C 25

R/(kg/kWh) 0.035
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Table A4. System component costs and life cycle.

Parameters Thermal Power Units Wind Turbines Photovoltaic Cells
Investment cost/(¥) 1.125 x 108 1.097 x 107 1242
Replacement cost/ (¥) 1.125 x 108 1.097 x 107 1242
Maintenance cost/(¥/yr) 1.125 x 10° 1.097 x 10° 12.42
Life cycle/(yr) 15 20 30
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