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Abstract
With the increase of Variable Renewable Energy (VRE), the Screening Curve (SC) method has been
challenged in simulating the operation and generation of power plants accurately since it neglects the
power plant's limited ability to adjust output. Nevertheless, the System Dynamics (SD), a suitable tool
for policy evaluation and decision-making simulation in liberalized electricity markets, still widely
combine with the SC method to estimate the generation mix, due to the SD platform limitations and the
paradigms of modeling. In this paper, an optimization embedded SD hybrid model is developed as an
alternative to the typical SC-SD combined method, allowing the SD model to simulate the trajectory
change of power mix incorporating VRE more accurately, thereby better assessing the impact of policies
in liberalized electricity markets. We choose the capacity mechanism and emission trading mechanism
as examples of policy and compared the typical SC method and hybrid methods using real data from
Hokkaido, Japan. We indicated that the hybrid method can deliver more accurate results since it includes
the technical dispatch details, opposite of this, using the SC method may overestimate the abatement
outcomes of the carbon policy, and underestimate the supports from capacity policy for the coal power
plants. The simulation results demonstrate that the difference between the two methods increases along
with the VRE share rising, when the VRE share exceeds about 40% the results of the hybrid method
will be more reliable.
Keywords: System Dynamics; Screening curve; Variable renewable energy; Capacity expansion
planning; Liberalized electricity market
Highlights:

e An optimization embedded System Dynamics model is developed

e Hybrid model can simulate investment decisions with engineering details

e Screening curve method overestimates the CO; reduction outcome of carbon pricing

o Higher renewable energy share brings a greater difference between the two methods
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Abbreviation

Carbon policy CBP
Capacity policy CPP
Energy only market EOM
Optimization method (0]
Screening curve method SC
System dynamics SD
Variable renewable energy VRE
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1 Introduction

The electricity sector has important influence on the sustainable development and overall growth
of any country[1]. Climate change, high and volatile fossil fuel prices, air pollution from conventional
power plants and the need for higher levels of energy security are some of the driving factors moving
the power system towards variable renewable energy (VRE), especially wind and solar [2]. The
transition to renewable energy is not only important for addressing the increasing diversification of end-
use energy needs but also is a key strategy for deep decarbonization of the power sector [3]. The
renewable energy sector has boomed since 2008, with wind and solar having the highest growth rates.
Global installed wind capacity grew rapidly from 6.1GW in 1996 to 837GW in 2021, with an average
annual growth rate of 20% [4]. Ongoing electrification will lead to rising electricity demand while the
increasing share of VRE will bring additional challenges to stable supply [5].

Meanwhile, the liberalization of electricity markets has been going on for decades [6], and the
power industry in most developed countries is restructuring [7,8]. Scholars have pointed out that this
low-carbon energy transition is strongly driven by policy [9], together with the liberalized electricity
market, there are complex interactions between these two drivers [10,11]. Scholars also elaborated the
importance and complexity of institutional and policy design for transition processes of the power
systems [12]. Therefore, careful governance and incentive design are needed to avoid unintended
counterproductive effects of policies that work against fundamental market drivers [13].

This energy transition process together with a liberalized electricity market, presents qualitatively
different characteristics and challenges when compared with current systems. Addressing these
challenges requires a dynamic adjustment approach for policy design, adapting to the local context, in
addition to technical factors, in order to deal with the complex interactions and feedbacks in these
interacting systems that operate on different time and geographical scale [14]. Simulation-based policy
design offers the possibility to analyze real-world complexity. The main purpose of these simulations
is to demonstrate the underlying mechanisms within the system [15]. This approach can be readily
adapted to understand and reproduce the behaviors of the system [16,17]. In order to accurately simulate
the response behaviors of the system, comprehensive consideration of the changes in the surrounding
environment and the influencing factors within the system is necessary [18]. Simulations can be used
in the design process to minimize overall design costs and prevent negligence, failures, and mistakes in
design before actual implementations, especially for resource-intensive areas [19,20]. Considering the
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real, long-lived, and capital-intensive characteristics of electricity system investments, the applications
of simulation-based policy design can eliminate inappropriate designs as early as possible to save
resources, capital, and time. Many tools and methods exist for performance simulations, in which
various functions are used for specific simulation purposes.

System dynamics (SD) is a method of exploring changes in complex systems over time, which can
be used to understand the effectiveness of policies and to avoid unintended consequences, especially
when multiple policies interact and the overall system performance may not be immediately obvious
[21]. In addition to this, the modeling process of SD can itself contribute to a holistic understanding of
changes in a system's state and relevant causalities [22], which makes it a suitable tool for simulating
and analyzing the changes in electricity capacity within liberalized markets [23,24]. SD has been widely
used in the simulation of generation capacity expansion [25,26], electricity market policy assessment
[27-30], electricity price simulation [31], transportation electrification [32], and demand side
management [33]. SD modeling often uses proprietary software to conduct simulations, which construct
different functions through stock-flow concepts with mathematics operations to achieve the simulation
of a specific idea. For example, the TREND function in most of the SD software is constructed through
a feedback loop with stock-flow variables to predict data trends, but the accuracy of the predicted results
of this function is difficult to compare with the forecasts of the current leading time series analysis [22].

While SD can simulate system characteristics well, it is limited for simulating the specific technical
details at the engineering level due to the limitations of the modeling platforms [34]. For example, SD
modeling typically requires the use of all-in-one windowing modeling software, which provides fixed,
non-extendable simulation functions. Subject to this, SD modelers have to follow specific modeling
paradigms and workflows, resulting in analyses that are mostly policy-focused and do not address
engineering details, such as start-up, shutdown, and ramping ability of power plants. These engineering
details affect the ability to estimate short-term electricity prices and the choice of technology to ensure
long-term system adequacy. The majority of research using SD simulations to examine investment in
the liberalized electricity market relies on the use of the screening curve (SC) method. SC estimates the
power mix and annual power dispatch results [35], a classic method, which can accurately simulate
controllable technology [36]. It is widely used to quickly simulate the cost-optimal combination of
power plant investment portfolio and its cost-optimal dispatch [37,38]. However, with the deployment
of VRE, the assessment of generation volatility and grid flexibility has become an integral part of
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electricity market design. As the proportion of non-dispatchable renewable energy in the grid continues
to rise, SC’s applicability has begun to be questioned [39]. The introduction of VRE has increased the
uncertainty in the electricity market, making the decision-making in the electricity sector a challenge
for investors and policymakers. Some scholars have suggested that the SC method cannot be fully
applied to research on power generation investment in high renewable scenarios [40], as a result, the
details of modeling need more attention in order to maintain a safe, reliable and affordable electricity
supply. Although SD combined with the SC method can form a more comprehensive understanding of
the system mechanism, it cannot carry out specific technical simulations, which affects the validity of
the simulation results. Authors in a previous study [41] pointed out that SC would provide over-
optimistic estimates of renewable energy outcomes, since it ignores short-term complexities, such as
start-up cost, minimum run time, ramp rate, and minimum stable output constraints, and lacks a load-
based non-chronological representation.

Therefore, some studies choose to improve the SC method [42—44], while some abandon the SC
method, focusing on using optimization methods [45], or use the results of SC method as a preliminary
reference value to estimate the possible optimal value of the model [46]. On the other hand, other studies
mixed the two types of simulation tools or mixed methods for multi-objective simulation work [47,48].
Scholars provide deeper insights into electricity markets by mixing models in platforms such as
MATLAB, Powersim, and Microsoft Excel [49]. However, these above studies all applied manual or
semi-automatic data transmission in different software packages, the efficiency and repeatability of
which needs to be strengthened. Platforms may be incompatible, manual or semi-automatic processes
may be error-prone, and it would be difficult to conduct large-scale, long-term simulations. Developing
a hybrid method on a single platform eliminates these compatibility issues, increases reliability, and
reduces operation time [50]. Some scholars try to combine two methods in MATLAB to ease the
constraints of the platform and enhance the consistency of the mixed method [51].

At the same time, optimization has been used broadly for modeling power system operation with
rich technical details including system flexibility, providing realistic and robust simulations which can
be used by regional decision-makers [52,53] such as simulation of generation expansion in a free market
[54]. Nevertheless, optimization methods have limitations in the simulation of long-term investments
in liberalized electricity markets [55]: (1) Since decisions are made by multiple self-interested
companies as decentralized business practices rather than a centralized optimal expansion plan, the free
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market is rife with decentralized decision-making, where there is insufficient information, influence of
regulators, and strategic competition among private investors. This makes the result of market
competition not necessarily consistent with the result of centralized optimization. (2) For capital-
intensive industries, there is a delay in the entry and exit of the market, and a periodic rise and fall,
which makes the system not always maintain the optimal capacity change trajectory.

To sum up, after fully considering the existing defects of the methods, we established a hybrid
model that embeds optimization as a module into the feedback loop of SD. The proposed model
simulates the long-term investment in a liberalized market and electricity capacity change trajectory
while considering carbon and capacity related policies. The typical SC method is replaced by an
optimization method, which allows SD to realize the modeling of power dispatch considering technical
factors. We develop the model in a single environment in Python, thereby avoiding data cleaning and
transmission between platforms, and preventing the compatibility issues. The hybrid model allows for
simulations running at different time scales (both hourly and yearly), solving the hourly power grid
dispatch optimization problem within the annual decision-making simulation of the SD model. This
makes SD and the optimization method complement each other to a certain extent. We tested the model
using the real data of Hokkaido, Japan in 2019, considering investment decisions under different policy
implementations, comparing the results obtained by the typical SC method and the hybrid model. The
advantages of the proposed hybrid model are mainly reflected in: (i) It allows more detailed technical
modeling of system dynamics in investment feedback loops, simulating capacity changes; (ii) The two-
level structure allows modeling at different time steps in the same feedback loop; (iii) The modular
construction allows the establishment of more complex hybrid models by refining the interior of the
module, which greatly improves the simulation capability of system dynamics; (iv) The code-based
open source platform modeling is conducive to the realization of model reproduction, expansion and
dissemination.

The rest of the paper is organized as follows: Section 2 introduces the framework and main
assumptions of the proposed modeling, including the details of each module, the conditions settings, as
well as the simulation environment. Section 3 compares and discusses the simulation results of the two
methods. The final section provides summaries, limitations, and potential future works.

2 Method

2.1 Model structure
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Fig.1 shows the main inputs and outputs of different modules, the model is built within the SD
framework. There are totally six modules in the simulation model: power dispatch module, investment
decision-making module, capacity change module, electricity price module, carbon price module, and
capacity price module. Two policy modules can be optionally turned on or off according to the scenario
to simulate different market structures. The internal and external variables are transferred automatically
between each module. Among them, the time step of “Power Dispatch” and “Electricity market” is in

hours, while for the rest of the modules it is years.

P
Emission cap 1 Adequacy requirement
Emission Electricity Capacity |
trading | i market EDemand mechanism
:...........:ﬂ.......n.nn"" -------------- I 0 Suissssssssssssssssssssssssssasanes ;‘.........'
Electricity price

Power Carbon Y .
H QA MAIN T BRI CR TR, Ca ac|t
generation — - p o ;
Emissi price Participant price
missions . i .
Variable __, 9€CSIONMAKNG, Fixeq cost

cost |
Invest or decomission

L—%F’ower dispatch§<—Ca acit — %ﬁgﬁ;ﬁy Capacity ——/

Demand, Fuel cost
Figure 1. The model structure (The module names are in the dotted boxes, the underlined variables are
the main internal variables, variables in italics are primary external variables).

As shown in Fig.2, there are two different time steps in the model: the "Power Dispatch” and
“Electricity market” modules, which represent the short-term production decisions run at the hourly
level, while the rest of the modules run at the yearly level. In the whole model, firstly, we use two
different methods (SC method and optimization) to calculate the hourly power generation ("Power
dispatch” module). Secondly, we adopt the "merit-order" method to simulate the electricity price
("Electricity market” module). It is assumed that the price of electricity equals the marginal cost of the
most expensive unit in a perfectly competitive liberalized electricity market. Then, the hourly
calculations are added up on a yearly basis to obtain the financial states and emissions of different power
generation technologies. While that, the yearly installed capacity and emissions will also be fed back to
the relevant policy formulation module (“Emission trading” module and “Capacity mechanism” module)
to calculate market-based policy prices. After that, the annual total income and expenditure are obtained
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by adding up the revenue and cost from power generation sources and the policy sources, then the
investment and decommissioning decisions of power plants are made by comparing the expected profits
("Participant decision-making” module). Finally, the current year's decision will directly change the
installed capacity of each technology in the next year ("Capacity change” module), thus starting a new
loop of simulation. In order to highlight the impact of policies on decision-making, we ignore the
decommissioning and construction period of the power plants, since this delay will greatly increase the

complexity of the system behavior[22].
o0
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t
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decision

Operation
decision

Operation
decision

Hourly

Figure 2. Two-layer time steps of the simulation model.

The power system includes a variety of characteristics of technologies — baseload power generation
which has the properties of not changing the output significantly year-round; flexible power generation
which has the properties of rapidly increasing and decreasing output to maintain the supply and demand
balance at all times; Fluctuating and intermittent are uncontrollable outputs, fluctuating generation tends
to be unstable but continuous output, and intermittent generation only outputs during a fixed period of
time (such as during the day time). Therefore, there are four technologies with three different age
cohorts in the model, wind and solar power as a representative of variable renewable energy, coal as a
representative of base-load fossil fuel power plants, and liquid natural gas (LNG) as a representative of
flexible fossil fuel power plants. The comparisons of the characteristics of these technologies are
summarized in Table 1. See the appendix Table A1 for more technical details.

Table 1 comparison of the four technologies characteristics

Technologies Power output CO; emissions Capacity value
Thermal: Coal Stable High emissions High value
Thermal: LNG Flexible Medium emissions High value

VRE: Wind Fluctuating Zero emissions Low value
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VRE: Solar Intermittent Zero emissions Low value

2.2 Power dispatch module

Due to the production characteristics of the power system, the method of dispatch determines the
production interests of most power plants, so the traditional investment model cannot be applied to
analyze the power plant income in energy systems with high share of VREs. Therefore, the dispatch
module is a very important part of simulating power investment. In this module, we compare traditional
modeling with the hybrid model by performing simulations using the SC method and the optimization
method, respectively. The typical way of SD modeling uses the SC to calculate the hourly and yearly
power generation, which is not able to capture hourly fluctuating generation of VREs, the ramp rates
and curtailment costs. The proposed hybrid model uses the optimization method to calculate the hourly
and yearly power generation. In both methods, the VRE power generation is modeled as the current
year's installed capacity, which is from the capacity change module, multiplied by an exogenous
generation output factor , and demand is also exogenous. The model needs to calculate the power
generation from the remaining technologies, the curtailment of VREs and the amount of emergency
import electricity. The obtained results from this module are the basis for setting the electricity price
module and capacity change module.
2.2.1 The SC method

As shown in Fig. 3, the SC is the cost curve for different technologies along with operating time,
the load duration curve is the hourly demand data sorted in descending order. By combining the two, it
is possible to calculate the amount of power generation from different technologies at minimum cost to
meet electricity demand. The SC method is a suitable and efficient method for analyzing a power system
that is dominated by conventional thermal power plants. However, with the increasing proportion of
renewable energy, the accuracy of the SC may decrease, because some of the basic assumptions of the
SC are against the characteristic of VREs, such as fully flexible technologies, no energy storage, and

perfect information.
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2.2.2 The optimization method

For the optimization method, we define it as a self-scheduling optimization problem, to maximize
power company annual profits based on historical electricity prices considering technical constraints.
Eq.1 is the objective function, which contains the revenue of selling electricity at last year's price
Gen*Price, minus the fuel cost Gen*Fuel, start-up cost Start, shutdown cost Shut, the curtailment
penalty of VRE Curtail*PenaltyCur, and the imported electricity penalty Import*Penaltylmp. The
VRE curtailment and electricity import penalty represent the preference of grid operators that integrate
as much VRE as possible and import as little electricity as possible. The VRE curtailment penalty and
the import penalty in the optimization model are equal to the FIP floor price and electricity price ceiling,
respectively, more details can be found in section 2.5 electricity price. The technical constraints
including the hourly supply-demand balance, the total generation of VRE, the minimum output, ramp
rate, start-up and shutdown rate, and minimum start-up and shutdown time. The details of the
optimization model can be found in the Appendix Eq. Al to A20, with descriptions of variables and
sets.

Maximum (Gen * Price — Gen * Fuel — Start — Shut — Curtail * PenaltyCur

(M
— Import * Penaltylmp)
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2.3 Capacity change module

Each technology is separated into three age cohorts, New, Mid, and Old, which are known as the
aging chain model. The aging chain model contains a series of cohorts of different ages, as time goes
by, the power capacity gradually ages from the new to the mid and then to the old. Along with the
capacity change from one stock of the age cohort to the next stock, the overall efficiency of the
technology gradually decreases as well. For instance, the fuel cost of thermal power will increase, the
ramp rate will decrease, and all the other technical factors will deteriorate [57,58], as well as the power
generation efficiency of VRE, which will become lower and lower [59,60], details are shown in Table
2.

Table 2 deterioration factor for efficiency of different age cohorts

Age cohorts
Technologies New Mid O
VRE 100% 90% 80%
Thermal 100% 85% 70%

All capacities are firstly categorized into the three age cohorts based on their years of operation,
then it is assumed that the age of capacity in the same cohorts are all set to the beginning age of the
current age cohort, and the age then starts increasing when the simulation starts. For thermal power
plants, this study specifies 0-20 years as the New cohort, 20-40 years as the Mid cohort, and over 40
years as the Old cohort. For VRE plants, 0-10 years is the New cohort, 10-15 years is the Mid cohort,
and 15-20 years is the Old cohort. When the VREs reach 20 years, which is the end of the lifetime, they
will retire due to deterioration, but when thermal power plants reach 40 years, they will not be actively
decommissioned unless there are deficits (more details will be described in the section of decision-
making module). The equations Eq.2 to Eq.7 of aging chain model are listed below. At the end of each
year, for each of the different age cohorts New, Mid and Old, the capacity Capa of the technology thm
and VRE consists of the newly invested-in capacity NewlInv enter the market, the deteriorated capacity
Age from the previous age cohort, minus the deteriorated capacity from the current age cohort to the
next age cohort, and the deficit capacity Decm quits the market. There is also the life-expiring capacity

Retire of old VRE capacity, where y is the number of simulation years.

CapaNewinm (y) = Capaipm (¥o) 2
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2.4 Decision-making module

The decisions of market participants in the liberalized market are assumed as purely commercial
behaviors, thereby their decisions only depend on the profits of the projects. At the end of each year,
the investors of different technologies calculate the current year's cash flow as a reference to make
decisions for investment, decommissioning, or no action for the next year. Although the investment
decisions in the real world are decentralized, in this study, one assumption is that all investors in the
same technology make a unified decision within a year, which means that all the revenue and cost of
one technology are recognized as one aggregated unit instead of individual generators. The actual
decision of a single company highly depends on the decision maker's own risk perception threshold,
while the unified decision in a year after aggregation ignores the fluctuations of micro-individuals and
reflects the overall changing of the expected returns.

The annual income streams include electricity sales and policy subsidies, and costs include fuel
costs, environmental costs, and fixed maintenance costs. As summarized in Table 3 and Appendix table
A2, above the regular income and cost, the adequacy policy and emission policy also affect thermal
power plants' financial situation through extra charges or subsidies. As for VRE plants, they will receive
the Feed-in-Premium (FIP) on the basis of electricity price, which is defined as the electricity price with
a floor price (more details can be found in the section of the electricity price module). There are no
variable costs of VRE and no other policies will affect their financial situation. As the decision-making
module is a yearly basis dynamic simulation instead of a series of static snapshots, the initial fixed costs
of each technology are calculated as a one-time expenditure when making investment decisions. This
is known as the Cash Basis of Accounting, which means the annual cash flow calculation does not
consider the amortization of fixed costs of power plants.
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Table 3 Summary of income and cost for all technologies.

Adequacy Emission
Technologies Income Cost
policy policy
Coal electricity price  Fixed and variable costs capacity price carbon price
LNG electricity price  Fixed and variable costs capacity price carbon price
Wind FIP Fixed cost - -
PV FIP Fixed cost - -

Note: Fixed costs include the cost of building one 1 MW new unit of the technology and the fixed maintenance costs required
for IMW annual operation. Variable cost for thermal power is the fuel cost per IMWh of power generation.

For investment decisions, this study adopts a constant status quo investment strategy that ignores
fluctuation trends, assuming that the financial situation at the time of investment, including fixed cost,
fuel price, current year cash flow, and the price from policies, will be constant for the entire project
lifetime, without trend forecasts for the future. The overall income and average cost of technology for
all age cohorts are used for calculation. The investors use the current year's earnings as a reference and
calculate the internal rate of return (IRR) to evaluate the project’s return, which is the project’s return
rate when the net present value (NPV) is equal to zero. When the IRR is greater than the expected return
rate, the model chooses to make a new investment. As shown in Eq.8 and 9, the calculation of NPV
includes the fixed cost FixCost in the initial year and unchanged annual cash flow CF throughout the
lifetime. The annual cash flow is calculated as the revenue per MW UnitRev during the year minus the
the annual per MW variable costs UnitVar and annual per MW maintenance costs UnitMT. The policy
income such as emission payment CarbonC (annual emissions multiplied by carbon price) and capacity
revenues CapaR (current year installed capacity multiplied by capacity price) are calculated according
to the scenario setting. The invested capacity increases with the increase of the IRR until the upper limit.
As shown in the Fig. 4, the start of investment threshold is set to be greater than IRR12.5% according
to [55], and the upper limit is set to IRR 25% based on the authors' assumption, referring to the typical
profitability of high-profit industries [61].

CFecn(y) = UnitRevecy (y) — UnitVarecy, (y) — UnitMTecp (y) — CarbonCiep (y)

(¥
+ CapaRcn (¥)

Lifetime

CF,
NPV, = —FixCostygp, + z T tcn ()
y=1

IRR)Lifetime (9)
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Figure 4. Threshold for investment.

For the decommissioning decision, this study assumes that thermal power plants do not retire after
reaching their lifetime, but can be actively decommissioned at any age stage. On the converse, the VRE
technologies can only retire when reaching their lifetime instead of being actively decommissioned at
any age stage. The justification comes from the observation that many owners of older thermal power
plants in the real world are willing to keep maintaining them, in order to extend the lifetime as long as
they are profitable. In the meanwhile, once VRE plants are built, the owners will not actively
decommission VRE until they deteriorate and reach the lifetime, since the marginal cost of VRE
generation is near zero and they continuously receive the FIP subsidies. One point worth emphasizing
is that the investment can only increase the capacity of the age cohort of new plants, but active
decommissioning can decommission plants of any age cohort. In the model, for all the thermal power
plants, once the cash flow becomes negative, which means that more operating will bring more losses,
the investors will decide to temporarily take 20% of the current capacity off the market for mothballing.
If the cash flow is positive in the next following year, the mothballed capacity will be released back to
the market. If the cash flow of this certain type of power plant continues to be negative for two years,

then the 20% mothballed capacity will be completely decommissioned.

2.5 Electricity price module

The electricity price is calculated based on the merit-order curve, shows in Fig. 5, the horizontal
axis is the power generation of different technologies, and the vertical axis is the marginal generation
cost of each technology. Under the assumption of perfect competition, the electricity price is equal to
the highest marginal cost in the current auction hour. Therefore, the point corresponding to the sum of
the total power generation of all technologies at every hour on the merit-order curve is taken as the
electricity price for that hour, as shown in Fig. 6 for two methods. For thermal power plants, the
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marginal cost is equal to the fuel cost, for VRE, the marginal cost is zero. When demand is higher than
supply, the model assumes that the supply-demand balance will be met through temporary emergency
imports of electricity, and the electricity prices will reach the highest ceiling price at the same time. The
ceiling price of the electricity is taken into consideration by the regulators based on experience and the
Value of Lost Load (VoLL), the current ceiling price in Japan is 200 JPY/kWh.

The Japanese electricity wholesale market adopts a single clearing price auction, all technologies
that are generating electricity at the current hour will receive the same price as the settlement electricity
price for that hour. The market based FIP subsidy is adopted to support VRE. The consumed electricity
from VRE will be sold at market price with a fixed floor price of 20 JPY/kWh. The floor price of FIP
and the fossil fuel price have a great influence on the deployment of VRE, as well as the electricity
price. However, this discussion is beyond the scope of this paper, therefore the values have been set at

an average subsidy level in year 2019, following the Japan Energy Regulatory Agency[62].
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Figure 5. Merit-order curve for calculating electricity prices.
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2.6 Market based policy modules
2.6.1 Capacity price module

The capacity price is decided by a yearly auction, which is known as the capacity market, at which
time the regulator releases the demand for capacity and organizes the auction. Fig. 7 shows the capacity
demand curve used in this study, ensuring 15% higher than the maximum demand as reserve capacity.
The price will change along the demand curve, if the total capacity is lower than the maximum demand,
the capacity price will reach the ceiling, which is equal to 1.5 times the fixed cost of a new LNG power
plant [63]. The capacity price will gradually decrease to zero along with the current capacity reaching
the reserves plus the maximum yearly new investment. Compared to the vertical capacity demand curve,
which is equal to the given requirement of capacity, this type of downward-sloping curve can produce
a more stable price [64]. The shape of demand curves is different for each region and is usually
customized to adapt to the local context. Only fully controllable thermal power plants are subsidized by
the capacity policy [63]. The concept of the capacity factor (CF) is used to calculate the capacity value
of different technologies. For thermal power plants, since they are recognized as fully controllable units,
the capacity factor is 1; for VRE, the capacity factor is equal to the ratio of yearly generated electricity
and the full nameplate load generation. This study calculated CF based on the real power generation

data and VRE installed capacity of Hokkaido in 2019, which is around 0.27 for wind and 0.16 for solar.

Price
150% of
base price
Base price |+
= Capaci
0 DN pacity
Max 15% Max yearly
demand reserve investment

Figure 7. Demand curve of capacity.
2.6.2 Carbon price module
The carbon price is modeled as a cap-and-trade model with a ceiling and floor price, which is called
the collar method, as shown in Fig. 8. The cap of the emissions allowance is set to decrease linearly to

zero during the simulation time, using the emissions which are calculated based on the power generation
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in the start year and the emission factors of power plants as the initial value of the allowance cap.
Follows Eq.10 and 11, the carbon price CarbonPrice is calculated by multiplying the ratio EmRatio of
the current year's total emissions TotalEm to the annual emission cap EmCap by the floor price FLP.
The carbon price cannot exceed the price ceiling PriceCap. The floor price is set to avoid the continuous
low price weakening emissions reduction when the emissions are lower than the allowance, while the

ceiling price is set to protect emission-intensive companies from extreme price spikes and cost changes.

EmRati _ TotalEm(y) 10
mRatio(y) = EmCap(y) (10)

. _ FLP EmRatio(y) =1
carbonfricey) = {FLP x EmRatio(y) EmRatio(y) > 1 (h
CarbonPrice(y) < PriceCap (12)

Price

Price cap

Floor price

i Emissions
0 Allowance

cap
Figure 8. Collar method of carbon price calculation

In this study, the carbon price is the price for power plants to purchase the yearly emissions
allowance to cover their emissions at the end of a year. It is assumed that the carbon price will not be
taken into consideration in the daily operational decisions. In real-world practice, emitters need to
collect enough allowances to offset their emissions at the end of the year, and emission allowances are
purchased by participating in centralized intensive auctions. Therefore, in the day-ahead wholesale
electricity market, the electricity price of the next day can hardly be significantly affected by the price
fluctuations from centralized intensive auctions, but instead depends more on plant availability, weather,
and supply-demand gap. Furthermore, usually, the marginal cost of thermal power plants is considered
as primarily the fuel costs, since fuel costs are ex-ante spending, but the costs of purchasing emissions

allowances are ex-post spending. Thus, the carbon price is not counted into the marginal cost of thermal
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power plants in this study.

2.6 Simulation setting

Hokkaido, Japan, is chosen as a case study to simulate the capacity change. Hokkaido is isolated
and only minimal interconnections with the main national grid, which means it relies more on its own
generation capacity to meet local demand. The initial installed capacity of each technology at different
ages is based on the real data of Hokkaido in 2019 [65]. The data of electricity demand and VRE output
are the hourly supply-demand data for Hokkaido in 2019 [66]. Four sample weeks which are the highest
demand week (which is also the lowest temperature week and highest electricity price week), the lowest
demand week, the highest temperature week, and the cheapest electricity price week are chosen to
represent one year, a total of 672 hours, see Appendix Fig Al to A4 for more details [66,67]. These 672
hours were used to simulate the supply and demand balance during the year, then assume the rest of the
year is just a multiple with the scale factor (8760h/672h) of the results, thereby calculating the total
amount of 8760 hours a year. Changes in demand have been the most dominant and powerful factor
influencing generation changes in the electricity system simulation. Nevertheless, in this study, we
assume that electricity demand will not change from 2020-2050, in order to reduce the scope from the
complex reality so as to focus on and enable testing of the main objective of this study. Similarly, the
curve of hourly output power of wind and solar power are considered to follow the historical data, thus
reducing the randomness that makes the system behavior less comprehensible, improving the
interpretability of the results and thereby hopefully accessing better insights. Technical parameters are
based on previous research [68] see Appendix table A1, and economic parameters are based on official
statistics from Japan Ministry of Economy, Trade and Industry research reports [69,70], see Appendix
table A2 and A3. All the parameters and exogenous factors are assumed remain constant over the
simulation time to avoid extra complexities that could make interpretation exceedingly difficult and are
likely to add to error such as interest rate, technology learning effect, and energy efficiency. The model
is coded in the Python environment, using the BPTK-Py library [71] for the System Dynamics modeling,
and the Pyomo library [72] for the optimization with the IBM Cplex solver.

3. Results and discussions

The proposed model simulates the long-term capacity changes, hourly electricity generation, CO-
emissions changes, and carbon price changes. The simulation period is from 2019 to 2050, with two
layers of time steps: years for investment, and hours for daily operation. There are three sets of
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simulations, the energy-only market as the base case, the case with a capacity price, and the case with
a carbon price, the case with both carbon and capacity policies is not examined in this paper, as the case
involves complex policy interactions whose discussion is beyond the scope of this paper, but will be
examined in future study. Each set of simulations was carried out with two methods in order to explore
the divergence between the two methods. The model runs on a MacBook Pro with a 2 GHz Quad-Core
Intel Core i5 processor, For the simulation of 672 sample hours, the running time for SC takes 1 minute
and the time of the optimization-embedded hybrid model takes 14 minutes. The simulation for the
hybrid method is much longer than the typical SC method, mainly because the optimization problem
takes time to solve.
3.1 Installed capacity

Fig. 9 shows the simulation results of the capacity changes for three cases using the two methods.
The results from the screening curve (SC) method and optimization (OP) method both show that a large
amount of wind is deployed in the system due to the subsidization from the FIP, but only a very small
portion of PV remains in the system and gradually retires after reaching its 20 years lifetime. The reason
for PV withdrawal from the market is that Hokkaido has fewer solar resources, especially the daylight
hours are short in winter. Thus, the overall power generation is not enough to bring sustainable

profitability on the basis of the currently assumed level of the FIP.
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438 Figure 9. Installed capacity changes of all the cases.
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440 curve (SC) method and optimization (OP) method)
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The wind power capacity derived by the SC is much higher than that in the OP for all cases. For the
energy only market (EOM) case and the Capacity Policy (CPP) case, the maximum wind power capacity
of the SC is about 4,000 MW more than the OP; while for the Carbon Policy (CBP) case, SC is about
2,000 MW more than the OP. This is due to the full flexibility assumption of the SC, which leads to
more wind being deployed by the system, boosting the wind revenue and thus attracting more
investment. In contrast, the OP method considers system-wide technical constraints on the ability to
consume wind power, for instance, when the wind speed increases suddenly and there are not enough
flexible resources in the system to reduce output to consume this wind power, the increment will be
curtailed. When the amount of VRE is low, for example, the first 5 years, there is no significant
difference between the two methods. Nevertheless, as the share of renewable energy continues to rise,
the divergence in outcomes becomes wider. In this study, we found that for all scenarios, the results
were significantly different when the VRE exceeded about 40%, which was also confirmed in the study
of [73].

Throughout all three cases, the capacity of thermal power is similar in both methods, fluctuating
around 5,000 to 6,000 MW. Although the overall thermal power capacity is similar, there is more coal
in OP methods. This is due to the low flexibility of coal powers in the OP method, the output will not
be easily changed once it is on, so there will be more power generation income than the coal power in
the SC method with full flexibility assumption. Moreover, the proportion of the New age group in LNG
plants of the SC method is higher than the results of the OP method. The reasons are that when the
system requires thermal power to reduce output, the OP method chooses to reduce the output of the
New plants group while the SC method chooses to reduce the output of the Old plants group, resulting
in the New plants group having more opportunities to gain power generation profits in the SC method.
Specifically, as VRE continues to increase, when VRE output increases suddenly for few hours, the
thermal plants have to reduce outputs to maintain the supply-demand balance. From the economic point
of view, the technology with the highest marginal cost should be reduced following the merit-order
curve. From the technical point of view, only the most flexible resource have the ability to rapidly
reduce output to balance the grid. Both OP and SC methods consider the economic perspective, while
further technical constraints are missing in the SC method. Therefore, in the SC method, it is the group
of Old LNG plants with the highest marginal cost that reduced the output, since all technologies are
assumed to be equally flexible. While the OP method reduced output of the most flexible technology
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which is the group of New LNG plants.

For the Capacity policy case, a smoother capacity change trajectory can be clearly observed, and
the proportion of old power plants is also higher compared to the EOM. Comparing the SC and the OP,
except for the difference in the wind capacity as mentioned before, the rest of the results are very similar.
This is likely due to the fact that the capacity policy plays a less significant role in the daily dispatch of
power plants, while the biggest difference between the SC method and OP method lies in the change of
daily dispatch on the overall generation capacity at the technical level. Also, the stabilization subsidy
provided by the capacity policy helps to reduce the boom-and-bust investment cycle of thermal plants,
so the results of both methods are similar except for the VRE.

For the Carbon policy case, the volatility of the overall capacity change trajectory is more obvious
compared to EOM, mainly due to the effect of carbon policy that exacerbates the economic exit decision
of thermal power plants. At the same time, more LNG, especially new LNG, is retained in the system
due to the carbon policy, as well as the capacity of older power plants significantly decreasing due to
their relatively high CO, emissions. Comparing the SC and OP, above the difference in wind capacity,
the coal capacity in the SC cases are smaller than that in the OP cases, both during the whole period and
at the end of the simulation. Almost all the coal in SC exits the market near the end of the simulation,
while there is still a significant amount of coal capacity remaining in the OP.

Fig. 10 shows the results for valued capacity. The valued capacity is calculated as the installed
capacity of all technologies multiplied by the capacity factor. As mentioned in Section 2.5, for the
thermal power technologies, the capacity factor is defined as 1 since they are considered to be
completely controllable (and for the purpose of the model are assumed to have no maintenance
shutdowns). For VRE, the capacity factor is 0.27 for wind power, and 0.16 for solar. Since the electricity
demand is assumed not to change during the simulation period, the results of total valued capacity are
stable at around 6,000MW, occasionally rising to 8,000MW due to investment fluctuations. The
capacity fluctuation of EOM and CBP can be observed, and the fluctuation range of the SC results is

higher than that of the OP result
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497 Figure 10. Valued capacity changes of all the cases

498 (Note: a, b, c represent energy only market case (EOM), capacity policy case (CPP), and carbon policy case (CBP), respectively. 1 and 2 represent screening

499 curve (SC) method and optimization (OP) method)
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The results of the CPP case are stabilized at around 6,300MW, which is approximately 15% above
the maximum electricity demand and in line with the set target capacity of the capacity policy. Fig. 11
also shows the change in capacity prices, which corresponds to the change in valued capacity. The initial
capacity in the system is close to the maximum demand, thereby the capacity price almost reaches the
price cap at the beginning. Then as the installed capacity increases, it reaches the reserve of 15% above
the maximum demand, and the capacity price also decreases rapidly and is stable around the base price.

The timing of capacity price fluctuation is consistent with the fluctuation of valued capacity.
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Figure 11(a). Capacity price changes of Capacity Policy Case with SC method
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Figure 11(b). Capacity price changes of Capacity Policy Case with optimization method

3.2 Power generation and electricity prices

Fig. 12 shows more detailed yearly generation results, which are obtained by accumulating the
hourly supply-demand balance results and then multiplying them with the scale factor. For all the cases,
wind generation increases rapidly with the early deployment of wind power, the growth gradually slows
down as the equipment ages until it stops growing at 20 years and then decreases. Among them, the
proportion of wind power generation and consumption in the SC is much larger than that in the OP, and
the proportion of coal power is much smaller than that in the OP. Furthermore, in the EOM and Capacity
Policy Case, the proportion of generation from new power plants of each technology in the SC is larger
than that in the OP. In the Carbon Policy Case, the majority of the coal power has been withdrawn from

the market, leaving wind and LNG dominating all supply, while in the OP, wind, LNG, and coal power
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generations are at the same level for each. This directly demonstrates that the SC optimistically
estimates the low-carbon results: higher VRE generation, more retirement of coal power, and the lower
age of thermal power plants.

For the Capacity Policy Case, a small amount of imported electricity occurs in the EOM case under
both methods, but the imported electricity is no longer needed after the implementation of the capacity
policy, which improves system adequacy. The ratio of thermal generation and VRE generation is
relatively similar to the EOM under both methods, however, the share of electricity from old power
plants, especially the share of old coal power increases in the SC, while the two results are almost same
in the OP. This is because subsidies from capacity policy are paid on an annual basis, which affects the
long-term capacity changes predominately. But the main constraint of daily operation decisions lies in
technical factors in the OP, and the total capacity is a loose constraint. Moreover, the ratio of generation
in the SC method is projected based on the generation cost arrangement and the ratio of capacity, so the

long-term capacity changes directly affect the calculation of hourly generation.
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For the Carbon Policy Case, the number of import events and the amount of imported electricity
in the OP are much higher than the SC. Although this part of power only occupies a very small portion
in the overall, but when an emergency event occurs requiring importing electricity from the mainland,
the electricity price will soar to the top, as we set the price cap at $1900/MWh, which is more than 10
times the usual price. These price spike hours have an important impact on the system-wide investment
decision. Moreover, although import events occur in both the OP and the SC, the reasons are not the
same. From the hourly supply and demand balance results, because of the full flexibility assumption in
SC, all the imports in SC occur due to insufficient capacity, which means the current supply capacity in
the system is less than the demand. Nevertheless, in the OP, except for a few insufficient capacity events,
the imports occur mainly because of insufficient flexibility, which means the operating capacity cannot
be changed immediately from the previous hour to meet the next hour's demand due to technical reasons,
even though the supply capacity in the system is greater than the demand.

Furthermore, Fig. 13 allows a deep dive into the VRE integration and curtailment. The wind and
solar generation are simulated based on the output curves from historical data. For different age groups
of one technology, the same output curve was multiplied with the efficiency decline as described in
Table 2 to calculate the generation. Therefore, the total VRE curtailment is determined by the supply-
demand balance and then distributed among different technology age groups in proportion to the
installed capacity. Corresponding to the installed capacity results, SC has higher VRE integration level
than the OP, moreover, curtailment occurs from the 10th year in the SC, while it happens in the OP from
the first 5 years. The ability to consume VRE is different as well, with SC stabilizing at around 20 MWh
per year and the curtailment happening when the total generation is higher than 20 MWh, while the OP
varies between 10 and 15 MWh per year.

The reasons for curtailment happening in the two methods are different. In the case of SC,
curtailment occurs because the VRE generation in a certain hour is greater than the demand in that hour.
In contrast, the curtailment in the OP occurs since the inability of thermal power plants changes the
output sufficiently from hour to hour, which is decided by solving optimization problems considering
technical factors. Therefore, the limit of consuming VRE generation keeps the same in SC for all three
cases, the limit value is independent from the current power mix. Nevertheless, in the OP, the VRE
consuming ability changes with the proportion of flexible resources in the system
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563 Figure 13. VRE integration and curtailment changes of all the cases.
564 (Note: a, b, ¢ represent energy only market case (EOM), capacity policy case (CPP), and carbon policy case (CBP), respectively. 1 and 2 represent screening
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curve (SC) method and optimization (OP) method)
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Fig. 14 shows the simulation results of the electricity price. It can be seen that the electricity
prices are at a moderate level most of the time. Prices spike when the emergency events of tight supply-
demand balance occur. Due to the full flexibility assumption of the SC method, the results follow the
merit-order curve to dispatch power sources in order from low to high marginal cost to meet the demand,
thereby the electricity price of the SC method presents a variety of prices. On the contrary, for the OP
method, although the economic dispatch planning is also carried out according to the merit-order curve,
due to technical constraints, it is impossible to repeatedly shut down and restart generators with different
fuel costs to fully reach the ideal economic state. Most of the time, the high marginal cost power plants
are in operation, which determined the electricity price in the one-price market. For electricity price
spike events, compared with EOM, the implementation of the capacity policy improves the stability of
the system, and the number of times the electricity price reaches the price cap is significantly reduced.
On the contrary, the implementation of carbon policy reduces the stability of the system, and the number

of electricity price spikes increases.
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Figure 14. Electricity price changes of all the cases

(Note: a, b, c represent energy only market case (EOM), capacity policy case (CPP), and carbon policy case (CBP), respectively. 1 and 2 represent screening

curve (SC) method and optimization (OP) method)
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3.3 CO; emissions and carbon price

The changes in CO; emissions are directly linked to the amount of electricity generated by each
technology. Fig. 15 shows the results for CO, emissions, calculated by multiplying the annual
accumulated generation of different technologies by its emission factor. A linearly decreasing emissions
cap to zero by 2050, the end year of the simulation, is developed using the first year's CO, emissions as
the baseline. If current year emissions are below the cap, the carbon price will be the floor price, and if
above the cap, the price will proportionally increase on the floor price.

Regardless of whether the carbon policy is imposed or not, the extensive deployment of VRE
contributes to reducing CO, emissions in the early stage. CO emissions fall rapidly as VRE capacity
gradually approaches the system limit of VRE integration, but then the emissions gradually rise as VRE
generation declines due to deterioration, while the FIP subsidy under current assumptions cannot
support a higher level of VRE capacity installations. Only in the Carbon Policy Case of OP do the CO,
emissions fluctuate in a small range after reaching the bottom without rebounding, due to the rising
high carbon price from year 15. Nevertheless, under the current assumptions of this study, no case
achieves zero emissions at the end of the simulation, where the lowest CO, emissions are achieved by
the Carbon Policy Case of SC which stabilizes around 10,000,000 tons-CO, per year. Specifically, in
all the cases of SC, significant CO, emission reductions can be observed in the early stage, and even in
the absence of a carbon policy emissions are already below the linearly decreasing cap from the start of
the simulation. It is only after the first batch of VRE reaches the end of its lifetime and starts to retire at
20 years that the CO, emissions slowly grow beyond the cap. In contrast to the OP, the modest VRE
deployments bring emission reductions in the early stage but are not significantly lower than the
emissions cap. After the implementation of the carbon policy, the early-stage emissions are only slightly
below the cap, still much larger than the SC results. For the rest of the time, the emissions are much
higher than the cap. The reason is that in order to reflect the characteristics of market-based policy, the
carbon emission cap in the model is set as a soft constraint, rather than a mandatory requirement for the
power system to achieve emission reductions, that is, to allow emissions exceeding the cap,

correspondingly the carbon price will also increase as negative feedback.
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curve (SC) method and optimization (OP) method)
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For both methods, the emission curves are very similar in the cases of EOM and Capacity Policy
Case, while the curve under the effect of carbon policy is quite different. For SC, the trend of change in
the Carbon Policy Case results is similar to the other two cases, with a rapid decrease followed by a
slow increase, with the difference that the overall emissions are lower and the high carbon price at the
end brings a slight decrease of emissions. For the OP, in contrast, the implantation of a carbon policy
changed the way of system operation. Carbon policies lead to insufficient system flexibility after
decommissioning of thermal power plants and having to import electricity for supply-demand balance
at the highest price causes electricity price to spike. The high price attracts more new investment, while
the emissions of new thermal power plants result in much higher carbon prices under the increasingly
stringent emission cap, thereby squeezing the profit of the plants and forcing them out of the market
again. This cycle places the thermal power plants in a kind of investment boom and bust cycle around
the latter stage of Carbon Policy Case of OP, the capacity of thermal power plants constantly fluctuates,
as well as the power generation and CO; emissions.

Although the carbon price is very high towards the end of the simulation, it remained stable for the
first 25 years at less than $100 per ton and most of the time only slightly above the floor price. As the
cap gradually decreases to a very small value (0.01, to avoid dividing by zero) in the last 5 years, the
carbon price rises rapidly to a maximum price of $349 in SC and $556 in the OP, the SC has a lower
carbon price than the OP due to its lower CO emissions. It is worth emphasizing that the carbon price
in this study is determined by the set relationships of the floor price, CO, emissions, and the emission
cap of the year. The changing trend of the carbon price is influenced by the joint interaction of current
CO; emissions, emission cap, and the overall cost of the technology and the electricity price. In Japan,
the current carbon policy is a carbon tax in a few limited areas and sectors, roughly around 3 $/ton-CO»,
and the discussion about implementing an emission trading system in the future is ongoing [74].
Nevertheless, the main concern of this paper is the changing trend and relative relation of price changes
under the potential policies and interaction with the electricity system, so the high carbon price at the
end of the simulation only reflects the gap between the current year's emissions and the emission cap
set by the policy, rather than strictly corresponding to the carbon price in the real world.

3.4 Mothballed and retired capacity

Thermal power plants require a high level of investment and are capital intensive, investors tend

to temporarily stop losses by mothballing a portion of their capacity when their operations fall short of
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expectations, rather than opting out of the market outright [75]. As discussed in Section 2.2, we assume
that when a power plant has negative annual cash flows, investors will mothball 20% of their current
capacity at a time and release the mothballed capacity back into the market if cash flows from the
remaining capacity return to positive during the mothballed period. If its returns remain negative for 2
years, it chooses to permanently withdraw this mothballed capacity from the market. Only thermal
plants will temporarily mothball capacity due to revenue changes; mothballing does not involve VRE.

Fig. 16 shows the results of mothballed capacity. LNG is the most mothballed technology, since it
changes the output often due to high flexibility, especially to make more space to absorb VRE output.
In the EOM case, a large amount of coal is mothballed under the SC approach, while only LNG, and
especially a small number of older plants, is mothballed under the OP approach. When VRE increases,
all the technologies in SC are affected, while in OP, only the more flexible technologies are affected
such as LNG. For the capacity policy case, stable capacity subsidies significantly reduce the volatility
of plant revenues, and only a few older plants with high marginal costs are occasionally mothballed. In
the carbon policy case, the revenue of thermal power plants is affected by both the increased VRE and
the carbon price. In the SC, a large amount of thermal power capacity is mothballed in the first 10 years
and the carbon price spike leads to mothballing in the last 5 years. The fluctuations in mothballed

capacity are more pronounced in the OP, especially in the the years 15 to 25.
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Figure 16. Mothballed capacity changes of all the cases

curve (SC) method and optimization (OP) method)
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Mothballing is the beginning of decommissioning. A large amount of mothballing only temporarily
changes the market supply and demand balance without affecting the overall installed capacity, only a
long period of negative income will change investors' expectations and take the mothballed capacity off
the market. Fig. 17 shows further details of the capacity changes in terms of capacity retirement.

For the EOM case, the retirements are concentrated in the early and late stages. The early-stage
retirements are due to the increase in VRE squeezing the generation space of thermal powers, while the
reasons for late-stage retirements are more complex. From the results of capacity changes in the
previous chapter, the generation decrease by VRE deterioration triggers the fluctuation of electricity
price, which brings new thermal power plants to cover the declines, in the meantime, these new plants
squeeze out the space of old thermal plants resulting in retirements. Comparing the SC and the OP,
although the retirements in the OP are also concentrated in the early and late stages, the volume is much
smaller than SC and only LNG instead of coal retirement. This is because in the OP, coal is more difficult
to change the output, these technical characteristics lead to coal generation not easily declining, thereby
ensuring a certain degree of its revenue. However, the more flexible technology LNG, which contributes
to a higher level of VRE integration, lost its own generation opportunities, even having to withdraw
from the market without sufficient compensation in EOM. This phenomenon cannot be observed in the
cases of SC, where LNG and coal retirements are basically the same.

For the Capacity Policy Case, the flat curve of capacity changes due to the capacity policy, bringing
the lowest retirements among all the cases, with only a portion of old thermal plants retired due to the
large deployment of VRE in the early stage. It is noteworthy that in the SC case, this portion of retired
thermal plants is old coal, while in the OP case, it is old LNG. The reason is that the increase of VRE
squeezes the flexible technologies to reduce outputs, and among them, the costliest technologies lose
the most and thus exit from the market. Since the old coal plants are still assumed to be fully flexible in
the SC, therefore they have to reduce generation, and are squeezed out. But in the OP case, old coal is
among the least flexible of all technologies due to its deterioration, making it difficult to change the

output, while old LNG is the costliest option among flexible resources, thus it is retired from the market.
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690 Figure 17. Retired capacity changes of all the cases.
691 (Note: a, b, ¢ represent energy only market case (EOM), capacity policy case (CPP), and carbon policy case (CBP), respectively. 1 and 2 represent screening
692 curve (SC) method and optimization (OP) method)
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For the Carbon Policy Case, compared to EOM, retirements are also concentrated in the early and
late stages, but the early stage has more retirements. This is due to the implementation of carbon policy
with a floor price in the early stage providing a clear price signal, which amplifies the emission
reduction effect from VRE deployments. Comparing the SC and the OP, SC has more early retirements
and few late retirements, while the OP has the opposite result. The reason is that only a small number
of thermal plants in the late stage of SC is sufficient to meet the required flexibility of integrating all
the VRE, allowing the system to operate under lower emissions and lower carbon prices, with only a
few emergency import events and more stable electricity prices. Nevertheless, in the OP, as mentioned
earlier, the interaction of electricity price spikes due to insufficient flexibility in the system with the
increasingly stringent carbon prices puts the thermal power plants in the investment boom and bust
cycle in the late stage of OP, causing fluctuating retirement capacity as well.

For all cases, the reason for the VRE decommissioning is different from that of thermal power
Since the marginal cost of VRE is zero, and the FIP provides stable revenues, there is only lifetime
retirement of VRE once the investment is made and no decommissioning occurs due to economic
reasons. It can be observed that the retirement of VRE begins in the 10th year, which consists of the
gradual retirement of the previous installed capacity 10 years ago before the simulation starts. Since
there is no new investment in PV, it has all been retired from the market after 20 years, while the growing
deployment of wind in the early stage brings a large number of retirements that occur after 20 years.
The deployed wind capacity in SC is higher than the OP in all the cases, thereby the corresponding wind
retirements in SC are also larger than the OP.

4. Conclusions

This study elaborates a common modeling defect, the Screening Curve in System Dynamics, which
is a widely used method in modeling the liberalized electricity market. It further proposes an
optimization-embedded hybrid method as a solution and compares the results of this solution with
typical Screening Curve method. The capacity mechanism related to the electricity market and emission
trading mechanism related to environmental issues are chosen as examples of market-based policies. A
typical profits-based investment principle was applied to simulate decision-making in the liberalized
electricity market. Real data from Hokkaido, Japan, from 2019 were used as a case study to test the
model and compare the results from two methods. The results include installed capacity, power
generation, CO, emissions, capacity retirements, and VRE integration and curtailment for the 30 years
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simulation period.

The comparison of results shows that the SC method may overestimate the installed capacity and
emission reduction effect of VRE, with an optimistic estimation of the overall age of the power plants.
Therefore, the carbon price and the effect of the overall carbon policy are overestimated in SC, and this
exaggeration increases as the installed capacity and output of VRE increase in the system. Nevertheless,
when the proportion of VRE in the system is small, the difference between the two methods is
neglectable. The exact number of the tipping point depends on the assumptions of models. In the current
study, the results are similar when VRE share is roughly below 40% of total power generation. For the
VRE share below 40%, while the two methods are interchangeable, the SC is even more convenient
due to its fast and easy calculations. However, the SC method cannot distinguish the impact of different
power mixes on the VRE integration level because it ignores technical factors.

This study uses sample hours with scaling factors to reduce the annual simulation calculations, but
this method amplifies the impact of extreme events in certain hours on the system compared to a full
hourly simulation. Future studies could focus on how to improve the performance and solving time of
the optimization model, including more technologies, or upgrading the SC model to include more

technical factors and the properties of VRE.
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