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Abstract

The growing penetration of renewable generation changes both producers’ marginal-cost
and electricity-market price formation. This paper develops a mean field game model to ex-
amine how heterogeneous generators adjust marginal generation costs through renewable-
oriented investment and how these decisions feed back into bid-stack clearing. Each
generator controls the drift of its marginal cost, while the clearing price is determined
by a demand-dependent quantile of the population cost distribution. The model leads to
a coupled system with a non-local payoff. Simulations show that cost-reduction invest-
ment shifts the marginal-cost distribution toward lower-cost regions, but the widening
distribution indicates heterogeneous effects. Generators below and close to the clearing
margin have stronger incentives to reduce costs, whereas high-cost generators far above
the margin face weaker incentives. These results suggest that market competition can
support renewable-oriented cost reduction, but complementary policies may be needed for
high-cost generators.

Keywords: mean field games; electricity pricing; renewable energy

1. Introduction
With ongoing industrial upgrading and the rapid development of artificial intelli-

gence, electricity demand is rising sharply. The growth of electricity demand requires a
corresponding expansion of power supply, which makes the structure of electricity gen-
eration important. However, under carbon-neutrality targets and emission constraints,
conventional power generation based on coal, oil, and natural gas remains associated with
high carbon emissions, climate risk, and exposure to fossil-fuel price volatility. Therefore,
the transition toward renewable electricity generation has become necessary.

The transition toward sustainable electricity systems also changes the economic mech-
anism through which generators recover costs and compete in wholesale markets. Re-
newable technologies such as solar, wind, hydro, and bioenergy have expanded rapidly
because they can reduce emissions and, once installed, often operate with comparatively
low marginal costs [1]. As the renewable share rises, the marginal-cost distribution of
generators changes, and this distribution directly affects price formation in markets. The
key sustainability question is therefore no longer limited to whether renewable capacity
is cleaner. As more generators are able to reduce their marginal costs through renewable
investment, it becomes important to understand how market prices evolve and whether
the electricity-market mechanism provides sufficient investment incentives for heteroge-
neous producers.
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To answer these questions, this paper develops a mean field game framework for
sustainable electricity-transition in a mixed-source power market. The model links gen-
erators’ investment decisions, marginal-cost dynamics, and market-clearing prices in a
unified framework. The central idea is to represent generators’ investment decisions be-
tween renewable and non-renewable technologies through the controlled drift of marginal
generation cost, while the market price is determined through a bid-stack clearing rule.

The model has three core components. First, each electricity generator is represented
by its marginal cost, which evolves dynamically under an investment control. This control
captures the producer’s choice between renewable and non-renewable generation invest-
ment, where renewable-oriented investment is interpreted as a marginal cost-reduction
effort. Second, the market price is determined through a bid-stack rule; aggregate electricity
demand determines which part of the bid stack is activated, so the market-clearing price
is represented by a demand-dependent quantile of the population marginal-cost distri-
bution. Third, a generator’s payoff then depends on its position relative to this clearing
price and on the cost of investment. In the mean field limit, the interaction between in-
dividual optimization and the evolving distribution of marginal costs leads to a coupled
Hamilton–Jacobi–Fokker–Planck system.

The main findings of our paper are: first, the energy transition changes the marginal-
cost structure of electricity producers and thereby affects price formation through an
endogenous feedback mechanism. In the model, renewable-oriented investment is rep-
resented as a cost-reduction control, so investment decisions directly change generators’
marginal cost. The population distribution of marginal costs then determines the market-
clearing price through the demand-dependent bid-stack quantile. This clearing price affects
the revenue of different generators, and the resulting revenue differences shape their
incentives to continue investing in cost reduction.

The second finding is that market-based incentives for cost reduction are heteroge-
neous across generators. The numerical results show that generators with relatively low
marginal costs, or those close to the clearing margin, receive stronger incentives to reduce
costs further. These generators are more likely to be dispatched or to benefit from a larger
spread between the clearing price and their own marginal cost. By contrast, generators with
high marginal costs that remain far above the clearing region receive much weaker private
incentives to undertake costly low-carbon upgrading. This implies that the electricity-
market mechanism can reward renewable-oriented investment among already competitive
or near-competitive producers, but it may not provide sufficient incentives for high-cost
producers that are far from market dispatch.

The third finding is that market competition alone may be insufficient for system-wide
low-carbon transition. If the policy objective is not only to improve the competitiveness
of already efficient generators, but also to promote a broader transformation of the whole
generation system, complementary policy instruments may be needed. The model suggests
that electricity-market reform and low-carbon policy design should be considered together:
market clearing determines private investment incentives, while policy instruments can
help correct incentive gaps that remain under purely market-based competition.

A first strand of research studies how renewable energy changes the cost structure
and market value of electricity generation. Earlier studies [1–3] indicate that fossil-fuel gen-
eration is associated with fuel-price exposure and carbon-emission costs, while renewable
technologies usually require higher upfront investment but have relatively low marginal
operating costs once installed. Recent studies [4,5] further show that the expansion of
renewable energy can reshape market values and producer revenues. Ref. [6] distinguishes
between the short-run and long-run merit-order effects of renewable energy, emphasizing
that conventional capacity adjusts over time. However, few studies have examined the
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dynamic mechanism by which electricity generators alter their marginal costs through
investment, thereby influencing market prices.

A second strand of research examines electricity-price formation, bid-stack clearing,
and the system-level factors that affect price dynamics. Refs. [7–9] provide foundational
discussions of electricity-market design, marginal pricing, and spot pricing. Structural
electricity-price models [10–12] extend this mechanism by linking prices to demand, ca-
pacity, fuel prices, and other market fundamentals. Recent studies [13,14] point out that
renewable penetration changes price formation. Ref. [15] analyzes the economic and
climate value of flexibility in green energy markets, showing that green transition can
reduce system costs and emissions, but the benefits are unevenly distributed. However,
these papers usually treat the bid stack, capacity structure, or cost distribution as given or
driven by exogenous fundamentals. They are less focused on how decentralized renewable-
investment decisions by heterogeneous generators endogenously reshape the price.

A third strand studies strategic behavior and policy design in energy markets. Carbon
policies can affect firms’ investment incentives and market outcomes [16]. Ref. [17] shows
that renewable support policies influence strategic pricing in electricity markets. Ref. [18]
provides firm-level evidence from the Turkish market and shows that firms respond het-
erogeneously to variable renewable generation. These findings are closely related to the
question of whether market incentives are uniform across generators. Game-theoretic mod-
els are useful for studying such strategic interactions. Mean field game theory, introduced
by [19–22], provides a tractable framework for markets with many agents whose individual
impact is negligible but whose collective distribution affects payoffs. In energy applica-
tions such as water-heating load control [23], electricity carbon-emission [24], and solar
renewable energy certificate pricing [25], these studies show the relevance of mean field
methods for energy markets.

This paper contributes to the literature by developing a mean field game frame-
work that links renewable-oriented investment, marginal-cost dynamics, and bid-stack
electricity-market clearing. Different from studies that treat the cost structure or bid stack
as exogenously given, this paper allows generators’ investment decisions to endogenously
change their marginal costs and, through the population cost distribution, affect the market-
clearing price. The model also captures the feedback from market prices to firms’ future
investment incentives, making it possible to study whether the electricity-market mecha-
nism provides uniform or heterogeneous incentives for low-carbon transition.

The rest of the paper is organized as follows. Section 2 formulates the market model,
derives the finite-agent game, and presents the limiting mean field game system. Section 3
reports the demand calibration and numerical bid-stack simulations. Section 4 concludes
with sustainability implications and possible extensions.

2. Model Formulation
This section gives the formal model. We first introduce market variables that enter the

bid-stack pricing rule, and then derive the corresponding finite-agent game and limiting
mean field game system.

2.1. Modeling of Financial Elements

Let the total number of electricity generators be N. For the i-th electricity generator,
we use the triple (pi

t, qi
t, ci

t) to represent its bid price, supplied quantity, and marginal cost
at time t, respectively. For quantity qi

t, we make the following assumption:

Assumption 1. For the N electricity generators, each generator supplies the same quantity, and
qi

t =
1
N .

https://doi.org/10.3390/su18136467

https://doi.org/10.3390/su18136467


Sustainability 2026, 18, 6467 4 of 17

We model the bid price pi
t through the following three-part decomposition:

pi
t = cfixed + ci

t + ηt (1)

This decomposition separates the bid into three different economic terms in the
sustainability-transition mechanism studied in this paper.

The first term, cfixed > 0, is a stable component that is treated as time-invariant and
common to generators over the modeling horizon. In the reduced-form price decomposi-
tion, this term collects fixed-cost and non-marginal bid components that are not directly
changed by the short-run marginal-cost control. These include the fixed capital costs associ-
ated with both renewable and non-renewable generation investment, such as construction,
non-fuel variable operating costs, transaction and balancing costs, and other persistent bid
premia. Since this component is common across generators, it shifts the level of individual
bids, but it does not change the ordering of generators in the bid stack.

The second term, ci
t, is the generator-specific marginal generation cost after fixed-cost

components have been separated into cfixed. For fossil-fuel-based generation, this marginal
cost mainly consists of fuel input costs, operation costs, and carbon-emission costs. By
contrast, for renewable generation, the marginal cost after the capacity has been installed
mainly consists of operation and maintenance costs, while fuel costs and direct carbon-
emission costs are close to zero. Therefore, although renewable technologies may require
higher upfront capital expenditure, their operating marginal cost is generally lower than
that of fossil-fuel-based generation [1–3].

The third term, ηt, is a market-wide short-run disturbance and can be represented
by a Gaussian white noise. It captures temporary deviations caused by market pressure,
unexpected outages, or other shocks that affect observed electricity prices but are not
controlled by an individual generator.

2.1.1. Marginal Cost ct

Typically, most electricity producers generate electricity in two main ways: using
non-renewable fuels like oil, coal and natural gas, and building renewable energy facilities
like wind, solar farms and hydroelectric power stations. As described above, compared
with traditional fossil fuels, the new renewable technologies have higher start-up costs but
lower marginal cost, which means electricity producers can choose to invest in renewable
facilities to lower their marginal cost price and earn more profit in the electricity market
with increasing demands.

In our model, we use αt ∈ A to denote the control term for each producer, where A is
the set of admissible controls. Economically, αt is a reduced-form control that only reflects
the impact of generators’ renewable-oriented investment decisions on marginal generation
cost. It does not model the full investment process, including fixed capital expenditure,
capacity constraints, or technology-specific uncertainty.

• αt > 0 represents a reduction in renewable-oriented investment, or continued in-
vestment in non-renewable generation, which leads to an upward drift in marginal
generation cost of per MWh electricity at time t.

• αt < 0 represents the producer’s decision to invest in renewable facilities at time t,
which leads to a downward drift in marginal generation cost of per MWh of electricity.

The investment control αt describes how a generator’s technology choice changes its
marginal cost over time. A negative control represents renewable-oriented investment,
technological upgrading, or efficiency improvement that reduces marginal generation cost.
A positive control represents an upward cost drift associated with continued fossil-fuel de-
pendence, exposure to fuel and carbon costs, or insufficient low-carbon upgrading. Under
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the simplifying assumption that each generator supplies the same quantity, investment
affects the market mainly through the marginal-cost process ct rather than through output
capacity. The marginal cost is therefore modeled as a controlled stochastic process, where
the control determines the deterministic drift and the volatility term captures market, fuel-
price, and technology-related uncertainty. We give the dynamic for marginal cost process
ct in the following stochastic differential equations:dct = αt dt +

√
2σ dWt

c0 ∼ ξ
(2)

where αt is the control, σ is a constant representing the volatility in the market, and Wt is a
standard d-dimensional Wiener process. The initial term ξ is the random variable from the
distribution of initial configuration for cost, and is independent of Wt.

2.1.2. Demand Process Dt

According to empirical studies of real world data [26], the electricity demand, like
other commodities, displays mean-reverting behavior. Inspired by [10,11], we build a
model based on the Ornstein–Uhlenbeck process, and couple the related coefficients with
seasonal processes. Thus, the dynamic of electricity demand process Dt is determined by a
mean-reverting OU process:dDt = µd(st − Dt) dt + σd dWD

t

D0 ∼ κ
(3)

where µd and σd are positive constants, and WD
t is a standard d-dimensional Wiener process.

The initial term κ is the random variable from the distribution of initial configuration for
demand, and is independent of WD

t . Seasonal coefficient st is then determined by

s(t) = s0 + s1 cos(2πt − s2)−
2πs1

µd
sin(2πt − s2) (4)

where s0, s1, s2 > 0 are constants estimated from historical demand data. In the numerical
implementation, these parameters are not chosen exogenously; we follow the maximum-
likelihood calibration strategy used for the seasonal OU demand model in [11] to estimate
these parameters.

In the simulation part, to match the assumption for quantity qi that qi = 1
N , if there

are N generators in the market, we will normalize the simulated demand data to (0, 1).
After normalization, the total number of generators activated is determined by rounding
up D · N, N∗ = ⌈D · N⌉, and the market marginal cost is the highest cost offered in these
N∗ generators.

2.2. Modeling of MFG

In this part, we present the derivation of our price model. We first show the finite-N-
agent stochastic game model. For the N-agent game, we assume each agent can control their
investment in renewable and non-renewable facilities, and aims to maximize the payoff
function during given time interval [0, T]. Then, under certain conditions and assumptions,
we derive the MFG model by using stochastic control theory when N → ∞.
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2.2.1. N-Agents Model

We first formulate the finite-agent stochastic game. For electricity generator i from
i = 1, 2, 3, . . . , N, the marginal cost of generator i at time t is denoted by ci

t ∈ R, and its
investment control is denoted by αi

t ∈ R. The marginal-cost dynamics are

dci
t = αi

t dt +
√

2σ dWi
t (5)

where σ ∈ R is the volatility parameter and {Wi
t}N

i=1 is the independent standard Wiener
process; the admissible controls are assumed to be Lipschitz continuous and Ft-measurable.

Under the equal-supply assumption, each generator supplies 1
N units of electricity,

so the normalized demand Dt ∈ (0, 1) represents the fraction of the bid stack that must
be activated.

At each time t, the empirical distribution µN
t of marginal costs for N generators in the

finite market is

µN
t =

1
N

N

∑
j=1

δ
cj

t
(6)

where δ
cj

t
is the Dirac measure at cj

t. Thus, the corresponding empirical cumulative distri-

bution function MN
t is

MN
t (c) = µN

t ((−∞, c]) =
1
N

N

∑
j=1

1{cj
t≤c} (7)

This empirical CDF describes the fraction of generators whose marginal costs are
lower than c. The finite-market clearing marginal cost qN(t) is therefore

qN(t) = inf{c ∈ R : MN
t (c) ≥ Dt} (8)

Thus, qN(t) is the demand-dependent empirical quantile of the marginal-cost distribu-
tion in the finite bid stack. The quantile function will give out the infimum of the marginal
cost bids from all generators that match the market demand; we use Figure 1 to show a
simple simulated bid stack.

0 100 200 300 400 500
Generators

0

25

50

75

100

125

pr
ice

 (G
BP

/M
W

h)

Simulated bid-stack (N=500)

Figure 1. Simulation of a bid stack when N = 500. Blue bars indicate accepted generators’ bids,
gray bars indicate unaccepted bids, and the red vertical line marks the marginal generator and its
corresponding market marginal price.
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Figure 1 shows a simulated bid stack when N = 500. By using the quantile function,
we can find the market marginal price and corresponding generator, highlighted as a red
line in the figure. The blue bars represent accepted and activated generators’ bids; the gray
bars represent unaccepted bids.

We introduce an indicator function 1{ci
t≤qN(t)} to represent that we want to find genera-

tors that offer a lower marginal price than the market marginal price at time t, because only
in this way can the generator earn a positive operating margin. Hence, the market-clearing
payoff component can be defined as

Fi
N(c

i
t, µN

t ) =
(
qN(t)− ci

t
)
1{ci

t≤qN(t)} (9)

This term is non-local because it depends not only on the individual state ci
t, but also on

the empirical distribution µN
t through the clearing quantile qN(t).

Then, we can define the running payoff of generator i:

Li
N(c

i
t, αi

t, µN
t , t) = − (αi

t)
2

2
+ Fi

N(c
i
t, µN

t ) (10)

In the above running payoff function, we use − (αi
t)

2

2 as a penalty term to denote
that investment in generator facilities will decrease the profit. To avoid actions like over-
investment and malicious competition that may finally break the equilibrium between
generators, we give the control term a second order, which means that the penalty on
revenue will grow at a square rate if investment in either renewable power or non-renewable
power increases too fast and deviates from normal speed.

Finally, the finite-agent objective payoff functional can be defined as follows:

Ji
N(α

1, . . . , αN) = E
[∫ T

0
Li

N(c
i
s, αi

s, µN
s , s) ds + Gi(ci

T , µN
T )

]
(11)

where Gi is the terminal payoff.
Next is the definition for Nash equilibrium in the finite-agent game. We repre-

sent the definition in the N-agent situation, and we assume the equilibrium also holds
when N → ∞.

Definition 1. The point (α̂1, α̂2, . . . , α̂N) is a Nash equilibrium point of the finite-agent game; for
every generator i and every admissible alternative control αi, we have

Ji
N(α̂

1, α̂2, . . . , α̂N) ≥ Ji
N(α̂

1, α̂2, . . . , α̂i−1, αi, α̂i+1, . . . , α̂N)

This shows that if all controls from agents reach Nash equilibrium, no individual
generator can improve its expected payoff by changing its investment strategy, while all
other generators keep their equilibrium strategies. In addition, we assume every agent has
infinitesimal influence on others.

Another assumption we need is the symmetry property between generators. From the
model, we can see that no agent’s cost depends on their own properties or position rank.
This means that in any permutation, the value for the cost function should be the same. The
symmetry assumption is assumed to hold as N → ∞. This symmetry is important for the
mean-field approximation: as N becomes large, the influence of any single generator on the
empirical distribution µN

t becomes negligible, while the aggregate distribution continues to
determine the clearing quantile and hence the market price.
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Assumption 2. For all permutations σ on {1, 2, . . . , N}, if we consider a cost function with the
form Fi

N(c
1, c2, . . . , cN), the symmetry property means that

Fσ(i)
N (cσ(1), cσ(2), . . . , cσ(N)) = Fi

N(c
1, c2, . . . , cN)

2.2.2. MFG Model

Next, we will derive the mean field game model when N → ∞. The rigorous proof for
many cases where N → ∞ is still an open area of research, and only few can be solved. In
our case, for convenience in studying the pricing problem, we assume that properties and
assumptions under N-agents can transit smoothly to the N → ∞ situation. And addressing
this question rigorously would be a question for future research.

We now pass from the finite-agent bid-stack game to its mean-field formulation. The
key object in the finite market is the empirical distribution of marginal costs (6). In the mean-
field limit, as N → ∞, the effect of any individual generator on the aggregate distribution
becomes negligible. We may get the limiting population distribution for µN

t :

µN
t ⇒ µt as N → ∞ (12)

and we introduce m(c, t) as a density: µt(dc) = m(c, t) dc.
More precisely, under the symmetry and regularity assumptions stated above, and as-

suming that the initial marginal costs are independently drawn from a common distribution
m0, the empirical distribution µN

t is approximated by the population distribution mt when
N is large. Recalling (7), we assume that the cumulative distribution function of mt is

Mt(c) =
∫ c

−∞
m(y, t) dy (13)

and MN
t (c) → Mt(c). Moreover, for each realized demand level Dt, assume that the

limiting quantile is uniquely determined:

q(t) = QDt(mt) = inf{c ∈ R : Mt(c) ≥ Dt} (14)

if Mt is continuous and strictly increasing in a neighborhood of q(t), then the empirical
quantile (8) converges to the limiting clearing quantile qN(t) → q(t).

This gives a transparent link between the finite-agent game and the mean-field model:
the individual generator responds to the market-clearing price, while the clearing price
is determined by the population distribution of marginal costs. Next, we will derive the
mean field game system.

In the mean-field model, a representative generator has marginal cost dynamics:

dct = αt dt +
√

2σ dWt (15)

where αt is the generator’s investment control and Wt is standard Brownian motion. The
representative generator takes the population distribution mt as given when solving its
individual control problem. The objective functional is

J(α) = E
[∫ T

0
L(cs, αs, ms, s) ds + G(cT , mT)

]
(16)

where the running payoff is

L(ct, αt, mt, t) = −α2
t

2
+ F(ct, mt) (17)
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The market-clearing payoff component is

F(ct, mt) =
(
q(t)− ct

)
1{ct≤q(t)} (18)

Let u(c, t) denote the value function of the representative generator:

u(c, t) = sup
α∈A

Ec,t

[∫ T

t

(
−α2

s
2

+ F(cs, ms)

)
ds + G(cT , mT)

]
(19)

where Ec,t denotes the conditional expectation given ct = c, and the population flow ms is
taken as given by the representative generator. Next, we will use the dynamic programming
principle to derive the HJB equation.

Theorem 1 (Dynamic programming principle). Consider a finite-horizon stochastic control
problem on [0, T] with a controlled state process:

dXs = b(s, Xs, αs) ds + σ(s, Xs, αs) dWs, Xt = x (20)

where α ∈ At,T is an admissible control. Let the value function be

u(x, t) = sup
α∈At,T

Ex,t

[∫ T

t
f (s, Xs, αs) ds + g(XT)

]
(21)

Assume that the controlled state equation is well posed and that f and g satisfy the standard
regularity and growth conditions under which the value function is finite. Then, for any deterministic
time r ∈ [t, T],

u(x, t) = sup
α∈At,r

Ex,t

[∫ r

t
f (s, Xs, αs) ds + u(Xr, r)

]
(22)

In particular, for any h > 0 such that t + h ≤ T,

u(x, t) = sup
α∈At,t+h

Ex,t

[∫ t+h

t
f (s, Xs, αs) ds + u(Xt+h, t + h)

]
(23)

We now apply the dynamic programming principle to the representative generator’s
control problem. The value function is

u(c, t) = sup
α∈At,T

Ec,t

[∫ T

t

(
−α2

s
2

+ F(cs, ms)

)
ds + G(cT , mT)

]
(24)

By the dynamic programming principle, for any small h > 0,

u(c, t) = sup
α∈At,t+h

Ec,t

[∫ t+h

t

(
−α2

s
2

+ F(cs, ms)

)
ds + u(ct+h, t + h)

]
(25)

Assume that u is sufficiently smooth. Applying Itô’s formula to u(cs, s) gives

du(cs, s) =
(

ut(cs, s) + αsDcu + σ2Dccu
)

ds +
√

2σDcu dWs (26)

Integrating from t to t + h and taking the conditional expectation yields

Ec,t[u(ct+h, t + h)− u(c, t)] = Ec,t

[∫ t+h

t

(
us + αsDcu + σ2Dccu

)
ds
]

(27)
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Substituting this into the DPP gives

0 = sup
α∈At,t+h

Ec,t

[∫ t+h

t

(
us + αsDcu + σ2Dccu − α2

s
2

+ F(cs, ms)

)
ds
]

(28)

Dividing by h and letting h → 0, we obtain

0 = sup
α∈A

{
ut + αDcu + σ2Dccu − α2

2
+ F(c, mt)

}
(29)

Equivalently,

−ut − σ2Dccu − sup
α∈A

{
αDcu − α2

2

}
= F(c, mt) (30)

Define the Hamiltonian by

H(p) = sup
α∈A

{
αp − α2

2

}
(31)

If A = R, then we have

H(p) =
1
2
|p|2, α∗(c, t) = Dp H(Dcu(c, t)) = Dcu(c, t) (32)

Substituting the optimal control (32) into (30) yields the Hamilton–Jacobi equation−ut − σ2Dccu − 1
2
|Dcu|2 = F(c, mt)

u(c, T) = G(c, mT)
(33)

Given the optimal feedback control α∗(c, t), the population density of marginal costs
evolves according to the Fokker–Planck equation:mt − σ2Dccm + Dc

(
m α∗(c, t)

)
= 0

m(c, 0) = m0(c)
(34)

Using (32), the coupled mean-field game system becomes
−ut − σ2Dccu − 1

2
|Dcu|2 = F(c, mt)

mt − σ2Dccm + Dc
(
mDcu

)
= 0

m(c, 0) = m0(c), u(c, T) = G(c, mT)

(35)

3. Simulation
This section presents the numerical simulation component of the one-dimensional

MFG electricity-pricing model. The purpose is to show how the theoretical bid-stack
mechanism behaves when demand is calibrated from observed electricity-market data.

3.1. Data Process

The demand data are the National Energy System Operator (NESO) Historic Demand
Data from 1 January 2023 to 31 December 2025 [27–29]. The NESO files report national
demand for each half-hour settlement period with demand measured in MW. We exclude
all non-finite, non-positive or missing observations. And for the calibration, the half-
hourly MW observations are aggregated into daily electricity demand by summing the
48 settlement-period values and multiplying by 0.5, so that the resulting unit is MWh/day.
Days with daylight-saving-time adjustment contain 46 or 50 settlement periods; these
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days are retained and aggregated using their actual number of settlement periods. We get
1096 daily observations in the demand series in MWh/day after aggregation, and we use
the min–max standardized method to normalize data.

The standardized NESO demand is shown in Figure 2. The process exhibits a clear
seasonal pattern over 2023–2025. Demand is higher during winter months and lower
during late spring and summer, indicating a stable annual cycle in electricity consumption.
Around this time-varying seasonal level, short-run fluctuations tend to dissipate rather
than drift permanently, as local peaks and troughs are followed by movements back toward
the seasonal band. This combination of seasonality and mean-reverting behavior supports
the use of a seasonal mean-reverting demand process in the simulation.
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Figure 2. Standardized demand data.

The price data are taken from the Office for National Statistics System Price of electric-
ity series, which is used as an empirical proxy for the observed spot-price level [30]. We
use the daily average system-price observations from 1 January 2023 to 31 December 2025,
matching the demand sample period. We drop all missing or non-finite observations, and
convert the unit of the price from p/KWh to GBP/MWh. Because electricity prices may
contain short-lived scarcity spikes and extreme observations, we apply a 5% winsorization
before it is used for parameter estimation. The processed price series is shown in Figure 3.
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Figure 3. Daily average electricity price.

3.2. Numerical Simulation

The demand process follows the seasonal mean-reverting specification introduced
in Section 2.1. Following the calibration strategy in [11], the parameters (s0, s1, s2, µd, σd)

are estimated from the three-year daily demand series by the exact Gaussian maximum
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likelihood. The baseline demand parameters used in the solver are reported in Appendix A.
The simulated demand quantile is clipped to the interval [0.05, 0.95] in order to avoid
numerical instability at the two extreme tails of the cost distribution. Figure 4 reports this
construction in unit time. The left panel gives the standardized seasonal OU demand path
before clipping, together with its deterministic seasonal trend. The right panel gives the
clipped demand series used as the demand quantile Dt. Thus, Dt is interpreted as the
fraction of the bid stack that must be activated; for example, Dt = 0.6 means that roughly
the lowest-cost 60% of bids are activated.
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Figure 4. Simulated demand path used as the demand quantile Dt in the bid-stack clearing rule.

The processed price series is used to calibrate the initial mean and variance of the
marginal-cost distribution c0 in the simulation. After winsorizing the observed system-price
series, we estimate its empirical mean and variance using the normal maximum-likelihood
estimator; the calibrated values can be found in Appendix A. In the baseline calibration,
we set cfixed = 5 GBP/MWh. The sensitivity of the simulation results to this fixed bid-price
component is reported separately in Appendix B.

The numerical scheme solves the equations by Picard fixed-point iteration. At the two
cost boundaries, we impose homogeneous Neumann conditions for the value function. For
the density equation, we impose a no-flux condition at both boundaries so that probability
mass is conserved over the truncated computational domain. After each forward step,
the density is renormalized to integrate to one. The parameter setting can be found in
Appendix A. At each iteration, the demand-dependent clearing quantile q(t) = QDt(mt)

is computed from the current marginal-cost distribution. Inspired by [31], we estimate
the indicator function in the bid-stack payoff (18) through a smoothed logistic function to
improve the stability:

πε(c, q) =
1

1 + exp((c − q)/ε)
(36)

The parameter ε > 0 controls the width of the transition region around the clearing margin.
In the baseline simulation we set ε = 1.5 to prevent small changes in the clearing quantile
from generating discrete jumps in the payoff; the sensitivity check is shown in Appendix B.

Figure 5 shows the resulting equilibrium marginal-cost distribution in unit time.
Several features are worth noting. First, over the simulation horizon, the mean of the
distribution moves to the left. This downward movement reflects the aggregate effect of
cost-reduction incentives, which are interpreted as renewable-oriented investment. This
is the key endogenous channel in the model: when generators reduce marginal costs, the
distribution mt changes, and because the clearing price depends on the demand quantile
QDt(mt), the price-formation mechanism changes with the equilibrium cost distribution
rather than being imposed as an exogenous price path.
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Second, the peak of the density becomes lower and dispersed over time, indicating
that the transition effect is heterogeneous across generators. Some producers move toward
lower marginal costs, while others remain in relatively high-cost regions. This dispersion is
important because it shows that the market does not induce a uniform cost reduction for
all firms.
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Figure 5. Evolution of the equilibrium marginal-cost distribution at selected time points.

Figure 6 shows that the optimal control differs across cost and price regions. Negative
values of α∗(c, t) represent marginal-cost reduction in the model, which is interpreted as
renewable-oriented investment, technical upgrading, or other cost-reduction efforts. The
heatmap indicates that these incentives are not uniform. The strongest negative controls
occur for generators that are already competitive or close to the clearing region, while
high-cost generators receive much weaker private incentives to reduce costs.
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Figure 6. Optimal cost-drift control α∗(c, t) over time and marginal-cost states. Negative values
represent marginal-cost reduction incentives.

Figure 7 further supports this conclusion by plotting the density-weighted average
optimal control against the distance from the clearing margin, c − QDt(mt). A positive
distance means that the generator’s cost is above the clearing margin, while a negative
distance means that the generator is inside the active bid-stack region. The cost-reduction
incentive becomes weak when c − QDt(mt) > 0, and it is stronger when the generator is

https://doi.org/10.3390/su18136467

https://doi.org/10.3390/su18136467


Sustainability 2026, 18, 6467 14 of 17

already below or near the clearing margin. This pattern is important for sustainability
policy: market competition rewards generators that are already competitive or close to
becoming competitive, but high-cost generators far above the clearing margin may have
limited self-driven incentives to undertake costly low-carbon transition.
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Cost-reduction incentive by distance from clearing margin

Clearing margin

Figure 7. Density-weighted average optimal control by distance from the clearing margin c − QDt(mt).
The blue line plots the density-weighted average optimal control. The horizontal black dotted line marks
zero control, and the vertical black dotted line marks the clearing margin.

Overall, the numerical simulation illustrates the mechanism between renewable-
oriented cost reduction, bid-stack clearing, and heterogeneous investment incentives. As
shown by the evolution of the marginal-cost density, cost-reduction investment lowers the
average marginal cost of the generators, but the widening of the distribution also indicates
that this transition effect is not uniform across firms. Some generators move more strongly
toward lower-cost regions, whereas others remain in relatively high-cost states.

The optimal-control results further show why this heterogeneity arises. Generators
that are already below or close to the clearing margin have stronger incentives to reduce
costs, because additional cost reduction increases their probability of being dispatched and
improves their margin relative to the market-clearing price. By contrast, generators far
above the clearing margin face weaker private incentives, since moderate cost reductions
may still be insufficient in bringing them into the active bid-stack region. Therefore, within
the model, market competition can promote renewable-oriented cost reduction among
competitive or near-competitive producers, but it may not be sufficient in inducing a system-
wide low-carbon transition. This provides an economic rationale for complementary policy
instruments, such as transition subsidies, tax incentives, or green finance, targeted especially
at high-cost generators with weak market-based transition incentives.

4. Conclusions
This study develops an electricity pricing model based on a second-order mean field

game with a non-local bid-stack payoff. The model links generators’ renewable-oriented
investment decisions to the controlled drift of marginal generation costs and embeds the
resulting cost distribution into a bid-stack clearing mechanism. In this setting, the market-
clearing price is determined by a demand-dependent quantile of the population marginal-
cost distribution. The analysis therefore connects individual cost-reduction incentives,
the evolution of the generator population, and market-level price formation within a
unified framework.
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The simulations show that renewable-oriented cost reduction can shift the equilibrium
cost distribution toward lower-cost regions. However, the transition effect is heterogeneous
across firms. The optimal-control results further show that generators already below or
close to the clearing margin have stronger incentives to reduce costs, because additional cost
reduction increases their probability of dispatch and improves their margin. By contrast,
generators far above the clearing margin face weaker private incentives, since moderate cost
reductions may still be insufficient in bringing them into the active bid-stack region. These
findings have implications for sustainable electricity-market design. Market competition
can support renewable-oriented cost reduction among competitive generators, but it may
not provide sufficient incentives for high-cost generators that remain far from dispatch.
Therefore, complementary policy instruments may be needed to help correct the gap faced
by high-cost generators.

Author Contributions: Conceptualization, X.H. and X.X.; Methodology, X.H. and X.X.; Formal
analysis, X.X.; Investigation, X.H. and X.X.; Writing—original draft, X.X.; Writing—review & editing,
X.H. and X.X.; Visualization, X.X.; Supervision, X.H. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data analyzed in this study were obtained from publicly accessible
repository, namely the National Energy System Operator (NESO) Historic Demand Data dataset and
the Office for National Statistics (ONS) System Price of electricity dataset. These sources have already
been cited in the References as Refs. [27–30]. Electricity demand data were obtained from the National
Energy System Operator (NESO) Historic Demand Data datasets for 2023, 2024, and 2025, available
at https://www.neso.energy/data-portal/historic-demand-data/historic_demand_data_2023, https:
//www.neso.energy/data-portal/historic-demand-data/historic_demand_data_2024, and https:
//www.neso.energy/data-portal/historic-demand-data/historic_demand_data_2025. Electricity
price data were obtained from the Office for National Statistics (ONS), System Price of electricity,
available at https://www.ons.gov.uk/economy/economicoutputandproductivity/output/datasets/
systempriceofelectricity/2026, all accessed on 31 May 2026.

Conflicts of Interest: The author declares no conflicts of interest.

Appendix A. Simulation Parameters

Table A1. Parameters used in the baseline simulation.

D̂0 µ̂d σ̂d ŝ0 ŝ1 ŝ2 µ̂p σ̂p ĉfixed ε

0.3584 146.4152 1.8909 0.4509 0.2316 0.1056 81.5145 25.7968 5 1.5

The MFG system is solved in the marginal-cost domain [0, 150], with space grid points
Nc = 541. The normalized simulation horizon is [0, 1] and Nt = 600. The control is in
[−30, 30], max iterations max_iter = 1000, and tolerance Tol = 10−6.

Appendix B. Robustness Check
The baseline simulation sets cfixed = 5. Since the observed system-price series identifies

the aggregate bid-price level but does not separately identify the fixed bid-price component
and the marginal-cost component, the robustness exercise varies cfixed and recalibrates the
initial marginal-cost distribution from the price decomposition:
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pt = cfixed + ct + ηt (A1)

where cfixed > 0 is a stable component that is treated as time-invariant and common to
generators over the modeling horizon. ci

t is the generator-specific marginal generation cost
after fixed-cost components have been separated into cfixed. ηt is a market-wide short-run
disturbance and can be represented by a Gaussian white noise.

For each value of cfixed, the empirical price moments are kept fixed, and the calibrated
initial mean of the marginal-cost distribution is set as

µ̂c0 = µ̂p − cfixed − µη (A2)

Table A2 shows that the main equilibrium results are stable under this alternative
decomposition of the observed price level. We also check the sensitivity of the numerical
results to the smoothing parameter ε used in the logistic approximation of the indicator
function in Table A3. In this exercise, the baseline value cfixed = 5, and the calibrated initial
marginal-cost distribution are held fixed. Table A3 shows that the final mean cost, mean
control, and distribution quantiles remain almost unchanged over the tested values of ε, so
the smoothing width has little effect on the qualitative results.

Table A2. Robustness of the fixed bid-price component cfixed.

cfixed

Calibrated
Initial

Mean Cost

Final
Mean
Cost

Mean α
Initial
Cost
Q0.05

Initial
Cost
Q0.95

Final
Cost
Q0.05

Final
Cost
Q0.95

Initial
Cost

Width

Final
Cost

Width

0.0 81.5145 80.4956 −1.0148 54.5746 108.1746 51.4983 109.7222 53.5999 58.2239
2.5 79.0145 77.9962 −1.0148 52.0747 105.6756 48.9984 107.2232 53.6008 58.2247
5.0 76.5145 75.4965 −1.0148 49.5749 103.1760 46.4985 104.7236 53.6012 58.2251
7.5 74.0145 72.9968 −1.0148 47.0751 100.6763 43.9987 102.2238 53.6012 58.2251

10.0 71.5145 70.4972 −1.0148 44.5755 98.17644 41.4991 99.72396 53.6009 58.2249

Table A3. Robustness of the logistic function component ε.

ε
Calibrated

Initial
Mean Cost

Final
Mean
Cost

Mean α
Initial
Cost
Q0.05

Initial
Cost
Q0.95

Final
Cost
Q0.05

Final
Cost
Q0.95

Initial
Cost

Width

Final
Cost

Width

0.5 76.5145 75.4975 −1.0138 49.5749 103.1760 46.4994 104.7224 53.6012 58.2230
1.0 76.5145 75.4971 −1.0142 49.5749 103.1760 46.4991 104.7230 53.6012 58.2239
1.5 76.5145 75.4965 −1.0148 49.5749 103.1760 46.4985 104.7236 53.6012 58.2251
2.0 76.5145 75.4959 −1.0155 49.5749 103.1760 46.4977 104.7243 53.6012 58.2266
3.0 76.5145 75.4948 −1.0165 49.5749 103.1760 46.4950 104.7255 53.6012 58.2305
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