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Abstract: In an environment marked by dual carbon goals and substantial fluctuations in coal market
prices, coal power generation enterprises face an urgent imperative to make scientifically informed
decisions regarding production management amidst significant market uncertainties. To tackle this
challenge, this paper proposes a methodology for optimizing electricity generation side market
decisions and assessing risks using quantile data-driven information-gap decision theory (QDD-
IGDT). Initially, a dual-layer decision optimization model for electricity production is formulated,
taking into account coal procurement and blending processes. This model optimizes the selection of
spot coal and long-term contract coal prices and simplifies the dual-layer structure into an equivalent
single-layer model using the McCormick envelope and Karush–Kuhn–Tucker (KKT) conditions.
Subsequently, a quantile dataset is generated utilizing a short-term coal price interval prediction
model based on the quantile regression neural network (QRNN). Interval constraints on expected
costs are introduced to develop an uncertainty decision risk measurement model grounded in
QDD-IGDT, quantifying decision risks arising from coal market uncertainties to bolster decision
robustness. Lastly, case simulations are executed by using real production data from a power
generation enterprise, and the dual-layer decision optimization model is solved by employing
the McCormick–KKT–Gurobi approach. Additionally, decision risks associated with coal market
uncertainties are assessed through a one-dimensional search under interval constraints on expected
cost volatility. The findings demonstrate the effectiveness of the proposed research methodology
in cost optimization within the context of coal market uncertainties, underscoring its validity and
economic efficiency.

Keywords: dual-layer decision optimization model; cost optimization for coal power plants; McCormick
envelopes; uncertainty risk measurement

1. Introduction

Currently, China’s power system is undergoing an accelerated transition toward a
new electricity system. Renewable energy sources such as wind and solar, with their low
marginal costs, are gradually becoming the main contributors to the increase in electricity
generation capacity. Meanwhile, coal-fired power remains the cornerstone of long-term
security for the power system. However, the persistently high prices of bulk energy sources
such as coal and natural gas [1,2] severely impede the transition to coal-fired power. At this
stage, there is an urgent need to adjust the current production management optimization
strategy of coal power enterprises to release the potential that reduces the cost of power
generation and ensures the security of the power system.

As sustainable energy gradually becomes a supportive energy source globally, coal
power units will be phased out [3]. Reducing the cost of coal power units is favorable for the
transformation of power generation enterprises containing thermal power units [4]. Power
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generation entities, including thermal power plants such as power generation companies,
power generation aggregators, and deep peak-shaving power plants, are seeking ways
to reduce the cost of thermal power. In order to increase the profits of renewable energy
generation companies (GENCOs), the authors of [5] suggested increasing the profits of each
power generation company by reducing the cost of thermal power generation and carbon
dioxide emissions and bundling sales between wind, photovoltaic and thermal power
GENCOs. The authors of [6] proposed a unit combination model that combines power
systems and DCS to reduce the operating costs of thermal power units. By minimizing
the cost of deep peak-shaving thermal power units, the authors of [7] established a two-
stage distributed robust optimization (DRO) model of deep peak shaving and renewable
energy uncertainty to reduce the peak-shaving burden of thermal power units under
the uncertainty of renewable energy. The abovementioned studies improve the profits
of GENCOs and wind–fire joint ventures by reducing the cost of coal power units and
reducing the peak load of deep peak-shaving units. However, they do not consider the
main cost of coal power units, which includes coal purchase and coal management costs, to
reduce their cost.

The cost of coal accounts for approximately 70% to 80% of the overall cost of coal power
generation, including coal procurement costs, inventory management costs, etc. Existing
research involving the optimization of production strategies in coal power plants mainly fo-
cuses on the optimization of local economic portfolio levels. The authors of [8] approached
coal procurement strategy optimization from an economic investment optimization perspec-
tive by establishing a mixed-integer linear programming model. Reference [9] established
a mixed coal standard unit price difference model from the perspective of optimizing
blending ratios to reduce coal costs. In [10], economically favorable coal-blending schemes
were derived through various blending experiments, while the authors of [11] considered
safety constraints and analyzed the impact of different blending ratios on boiler economic
efficiency. Although the aforementioned studies have achieved certain results from the
perspectives of coal procurement or blending ratios [12], in the context of significant fluc-
tuations in the coal market, there is an urgent need for power generation enterprises to
conduct coordinated global optimization research between blending production decisions
and coal procurement decisions to reduce production costs.

With the advancement of information technology, the accessibility of information
along the coal industry chain has made the short- to medium-term forecasting of coal
prices feasible. Introducing forecasts of spot coal market prices can aid enterprises in
making scientifically informed production management decisions based on coal market
price fluctuations, thereby reducing production costs [13]. In [14], the gray difference
information was used to establish a cluster of nonlinear gray prediction models of coal
price based on energy price, energy consumption, and economic growth. The authors
of [15] used the state space model to verify the cyclical relationship between coal price and
inventory, and a coal price prediction model based on the BP and HP filtering methods was
also proposed. However, the coal market has a long industrial chain and many influencing
factors, which makes it difficult to ensure the accuracy of its price prediction, and there
is a certain decision-making risk [16]. For this reason, in [17], a market power purchase
strategy optimization model was established with weighted CvaR for cost optimization
risk analysis. The authors of [18] established a two-stage model of coal purchase for power
generation based on CVaR and introduced the coal market price predicted before the month
to assist cost optimization. However, the aforementioned studies lack in-depth research on
the relationship between coal price forecasting and decision-making risks across the entire
production process of coal-fired power enterprises.

The traditional information-gap decision theory (IGDT) is a decision theory suitable
for measuring uncertainty in nonstatistical variables [19]. Reference [20] considered the
uncertainty of distributed PV power generation among producers and consumers based
on the IGDT approach. In [21], the IGDT method was used to describe risk-seeking and
risk-aversion behavior to obtain different generation scheduling schemes. The above litera-
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ture describes the different fluctuation amplitudes of uncertain parameters by developing
symmetric intervals of uncertain parameters through IGDT, which is more subjective in
portraying uncertain variables. The authors of [22] established a probabilistic chance
constraint-based IGDT model for distribution network energy storage allocation optimiza-
tion; the authors of [23] used confidence intervals to describe the range of variation in
uncertain parameters. The above studies have achieved improvement by utilizing the
probability distribution of uncertain variables to describe their fluctuation intervals, but
coal price is affected by many factors such as production and supply constraints, energy
market fluctuations, and policy documents, which makes it difficult to be described by
probability distribution.

To address the aforementioned issues, this paper proposes a method for optimizing
electricity generation side market decisions and measuring risks based on quantile data-
driven information-gap decision theory (QDD-IGDT). First of all, for the existing research,
it is difficult to perceive the fluctuation of the spot coal market; most of them only consider
coal procurement or mixed coal blending as one-sided local static optimization difficulties.
This paper considers an upper-level optimization model formed through the coordinated
procurement and inventory management of spot coal and long-term contract coal. It
also considers a lower-level optimization model formed by blending and co-combustion
schemes during the production process. By simultaneously integrating the upper- and
lower-level models, it constructs a dual-layer dynamic interlinked decision optimization
model. The dual-layer model is solved by transforming it into an equivalent single-layer
model using Karush–Kuhn–Tucker (KKT) conditions and the McCormick envelope. Second,
in order to eliminate the subjectivity in the construction process of uncertain variable
intervals in the traditional IGDT method, the coal price quantile interval prediction results
are used to construct the coal price quantile dataset. In order to improve the interpretability
of the IGDT, a quantile data-driven information-gap theory method is further proposed to
measure the decision risk generated by the coal price prediction. Additionally, it utilizes a
one-dimensional search to solve the decision risks associated with coal market uncertainties
under expected cost volatility within a predetermined range. Finally, multiple cases are
designed with actual production data from a power generation enterprise to verify the
effectiveness and economy of the proposed method.

2. A Framework for Measuring Decision Risks on the Electricity Generation Side
Considering Market Uncertainty

When the coal market price fluctuates significantly, power generation enterprises
make production decisions based on the price of spot coal and long-term contract coal
(contracted coal) combined with the coal inventory.

As shown in Figure 1, during the procurement cycle, taking into account the inventory
constraints, coal-fired power plants make synergistic decisions on coal purchase and
inventory management through the price trends of spot coal and long-term contract coal.
If the future price of spot coal is lower than the price of contracted coal, the market price
should be considered to reduce the cost of coal purchase; if the market price of spot coal
is higher, the decomposition of long-term contract coal is the main factor. On this basis,
through the optimization of coal purchasing and the blending ratio of dynamic synergistic
decision making to achieve the “low level of inventory, high level of transfer to power
generation”, the production cost will be further reduced.

The research framework for optimization of the power generation side market decision
making and risk metrics based on quantile data-driven IGDT proposed in this paper is
shown in Figure 2.
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Figure 1. Sequential decision process of the generation side within a fluctuating market.
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Figure 2. The proposed research framework of the study.

Stage 1: The upper layer involves the optimization of coal purchasing time sequence
decisions with optimal prices of spot coal and contracted coal, and the bottom layer
involves the optimization of coal-blending ratio decisions for the production process. The
coal-blending ratio is the decision variable in the bottom layer. Through the prediction
of short- and medium-term spot coal prices, the unit blending cost affected by the coal
price is calculated, and the coal consumption per cycle is passed to the upper-layer model.
The upper-layer model transmits the coal purchasing plan to the bottom model, and the
dual-layer model makes decisions on the production plan together, realizing the dynamic
synergistic optimization of coal purchasing and coal blending.
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Stage 2: To address the uncertainty of decision-making risk caused by the introduction of
coal price prediction, the decision-making risk is measured by quantile data-driven IGDT.

The above QDD-IGDT-based market coal price uncertainty metric is divided into two
stages. Stage 1 utilizes a dual-layer dynamic collaborative decision optimization model
for power generation and production to solve the baseline cost without considering the
decision risk, and Stage 2 utilizes the quantile data-driven IGDT to measure the uncertainty
of market coal prices to assist decision making with different risk preference levels.

3. Dual-Layer Decision Optimization Model for Coal Procurement and Blending on the
Electricity Generation Side
3.1. Coal Procurement Timing Decision Optimization Layer
3.1.1. Description of Coal Procurement Timing Decisions

Coal procurement timing decision making is based on the short- and medium-term
spot coal market information obtained from forecasting models. This includes making
decisions on the timing and volume of spot coal purchases, as well as the rational scheduling
of spot coal and contracted coal prices.

To facilitate description, the coal procurement indicator for the jth suppliers in the mth
period is defined as the coal purchase flag bit Wg

m,j:{
i f p1

m,j < p2
m,j, W1

m,j = 1, W2
m,j = 0

i f p1
m,j ≥ p2

m,j, W1
m,j = 0, W2

m,j = 1
(1)

where W1
m,j and W2

m,j are priority indicators for purchasing spot coal and contracted coal,

respectively. W1
m,j = 1 indicates a priority for purchasing spot coal in period m, while

W1
m,j = 0 indicates a priority for fulfilling long-term contract coal; p1

m,j and p2
m,j represent the

predicted prices of spot coal and long-term contract coal, respectively, for the jth suppliers
in period m.

3.1.2. Objective Function

In order to control the total cost of power generation in coal power plants, we adopted
the cost of coal purchase decisions and inventory cost to characterize the total cost of power
generation in coal power generation enterprises, assuming the existence of M coal supply
vendors and N types of coal (according to the calorific value of the M suppliers, which
are divided into N types) and then the total cost of power generation in the coal power
generation enterprises. The total cost can be expressed as follows:

minCost =
T

∑
m=1

2

∑
g=1

M

∑
j=1

(pg
m,j + φ)xg

m,jW
g
m,j + p f oreign,mx f oreign,m +

N

∑
i=1

Sm,iθ (2)

where x1
m,j (decision variable) represents the quantity of spot coal purchased from jth-type

suppliers in cycle m; x2
m,j (decision variable) represents the quantity of contracted coal

decomposed in jth-type suppliers in cycle m; xforeign,m denotes the quantity of spot coal
purchased from foreign suppliers; p1

m,j is the price of the jth type of spot coal suppliers

in cycle m; p2
m,j is the price of the jth type of contracted coal suppliers in cycle m; pforeign,m

denotes the price of spot coal purchased from foreign suppliers; φ represents the average
warehouse overhead; Sm,i is the inventory of coal type i in cycle m; and θ is the unit
inventory cost.

3.1.3. Constraints

Coal power plants need to make coal purchase decisions based on actual supplier sup-
ply capacity, generation inventory capacity limits, and actual coal consumption during the
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cycle, i.e., they need to consider the following constraints: upper and lower limits on sup-
plier supply, inventory limits on categorized coals, and capacity limits on total inventories.

(1) Suppliers’ supply constraints

The amount of coal purchased by a power generation company should not exceed the
upper limit of the coal supplier’s supply, and in order to ensure the contract performance
rate, the amount of coal purchased should not be lower than the minimum supply of the
coal suppliers:

xg
min,j ≤ xg

m,j ≤ xg
max,j (3)

where for the jth type of coal supplier, xg
min,j is the minimum supply of coal suppliers, and

xg
max,j is the upper limit of suppliers’ supply.

Some countries may have requirements for the proportion of coal purchased domesti-
cally and abroad: the amount of coal purchased from domestic and foreign sources needs
to be in the proportion required by the industry.

T
∑

m=1

2
∑

g=1

M
∑

j=1
xg

m,j

T
∑

m=1
x f oreign,m

= rm (4)

where rm denotes the ratio required by the industry standards in cycle m.

(2) Categorized coal stockpile constraints

Coal purchased from various coal suppliers needs to be categorized according to its
characteristics (calorific value, sulfur, etc.), and the amount of each type of coal needs to
be categorized and stockpiled according to the subsequent blending situation to meet the
needs of continuous production:

Xm,i =
2

∑
g=1

∑
j∈Ii

xg
m,jW

g
m,j (5)

Sm,i = Sm−1,i + Xm,i − Cmεm,i (6)

Smin,i ≤ Sm,i ≤ Smax,i (7)

where for the ith type of coal in period m, Ii is the set of suppliers providing the ith type of
coal, Sm−1,i is the stockpile of class i coal in the previous purchasing cycle, and Xm,i is the
purchasing quantity of class i coal. Sm,i is the total stockpile quantity; Cm is the consumption
of coal in the mth cycle, and εm,i is the blending ratio of coal of class i coal in the mth cycle,
which is imported from the bottom layer model; Smin,i and Smax,i are the upper and lower
limits of the stockpile of coal of class i, respectively.

(3) Total inventory constraints

Subject to site constraints, the total inventory of all coals is required to satisfy the
inventory constraint in Equation (8):

Smin ≤
N

∑
i=1

Sm,i ≤ Smax (8)

where Smin and Smax represent the lower and upper limits of the total inventory of the
power plant, respectively.

3.1.4. Optimizing Decision Variables

Considering the coal supply quantity of each coal supplier, the optimal spot coal price
and contracted price, and the optimization objective of minimizing the total cost of coal
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purchase and inventory, the following decision variables are solved and substituted into
the optimization model of blending ratio: x1

m,j, the quantity of spot coal purchased from

the jth supplier; x2
m,j, the quantity of contracted coal purchased from the jth supplier in

period m.

3.2. The Blending Ratio Decision Optimization Layer

The total electricity generation of power enterprises is typically determined through
bidding or directives from the dispatch department. To focus on the dynamic coupling
relationship between market coal price uncertainty and enterprise electricity production
decisions, this study does not consider the participation of electricity generation in market
competition. Instead, it only considers a scenario where the electricity generation quantity
is given by the dispatch department for research purposes.

3.2.1. Objective Function

Considering the impact of the blending ratio on the coal purchase and inventory cost
of coal power plants, assuming εm,i is the blending ratio of coal type i in cycle m, the unit
blending cost in cycle m is punit

m , which determines the fuel blending unit price of power
generation enterprises [24]. The optimization model of the coal-blending ratio takes the
lowest unit blending price punit

m in each cycle as the objective function:

minpunit
m =

1
Fm

N

∑
i=1

εm,iXm,i(pm,i + φ + θ)
Q∗

net
Qnet,i

(9)

where Fm denotes the electricity generation quantity in period m, N is the number of coal
types, i denotes the coal type, εm,i is the blending ratio of coal type i in the mth cycle, Xm,i
is the purchasing quantity of coal type i in the mth cycle, pm,i represents the average unit
price of coal purchased in type i, φ represents the average stockpile management cost, θ is
the unit stockpile cost, Q∗

net is the calorific value of the standard coal (7000 kcal), and Qnet,i
is the calorific value of the common coal.

In this paper, it is assumed that the power generation of a coal power company
comes from the dispatch organization, which forecasts the load as well as the output
from sustainable energy sources, such as wind and solar, in order to determine the power
generation of a thermal power plant. Weibull theory and photovoltaic (PV) output curves
have been widely used to model the typical output of a new energy source.

The wind speed satisfies the Weibull distribution, which is modeled as follows:

f (v) =
(

k
c

)(v
c

)k−1
exp

[
−
(v

c

)k
]

(10)

where c and k refer to the scale parameter and shape parameter of the Weibull distribution
function, respectively; v is the wind speed in the actual environment, which is forecasted
by the meteorological department before the month. The output power PWT of the wind
turbine can be expressed as follows:

PWT =


0, v < vci or v ≥ vco
PN

WT
v−vin

vN−vci
, vci ≤ v < vN

PN
WT , vN ≤ v < vco

(11)

where v (m/s) is the actual wind speed; vci, vco, and vN are the cut-in wind speed, cut-out
wind speed, and rated wind speed, respectively; PWT is the rated power of the wind turbine.

PPV = Pstc
GAC
Gstc

[1 + k(Tc − Tr)] (12)

where Gstc and GAC (kW/m2) represent the solar radiation intensity in the standard condi-
tion and the actual condition, respectively; PPV and Pstc (kW) represent the actual output
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power of PV and the maximum output power of PV under the standard test environment
(G = 1000 W/m2, Tr = 250 ◦C), respectively; k is the temperature coefficient of the PV’s
power, which is taken as −0.44%; Tc and Tr (◦C) are the PV cell temperature and reference
temperature, respectively.

The dispatch department forecasts the month-ahead PV generation, wind generation,
and total load from meteorological data and also calculates the month-ahead generation
schedule Fm allocated to the coal power companies.

Fm = loadm − FWT − FPV (13)

where loadm denotes the total load for period m, FWT represents the wind power generation,
and FPV is the photovoltaic power generation.

3.2.2. Constraints

(1) Heating constraints

Blending is carried out in accordance with a certain ratio of coal consumption, and
the total heat generated needs to meet the requirements of the production and power
generation plan:

Cs
m =

Fmgm

1 − ηg
(14)

Cs
mQ∗

net ≤
N

∑
i=1

Cmεm,iQnet,iβ (15)

where Cs
m is the standard coal consumption in the mth cycle, Cm is the coal consumption in

the mth cycle, gm is the standard coal consumption per unit of power generation in the mth
cycle, ηg is the self-consumption rate of power generation, and β is the coal efficiency of
the boiler.

(2) Inventory consumption constraints

The consumption of each type of coal needs to be adjusted according to the stockpile
and must not exceed the upper limit of the classified coal stockpile.

0 ≤ Cmεm,i ≤ Sm−1,i + Xm.i (16)

(3) Production target constraints

In order to ensure production safety and reduce environmental maintenance costs,
coal-blending production needs to meet the boiler blending safety production conditions:

Lmin ≤
N

∑
i=1

εm,iLi ≤ Lmax (17)

Vmin ≤
N

∑
i=1

εm,iVi ≤ Vmax (18)

Tmin ≤
N

∑
i=1

εm,iTi ≤ Tmax (19)

where Lmin and Lmax are the upper and lower limits of average sulfur content of blended
coal blending, and Li is the sulfur content of coal type i; Vmin and Vmax are the upper
and lower limits of dry ashless volatile matter of blended coal blending, and Vi is the dry
ashless volatile matter of coal type i; Tmin and Tmax are the upper and lower limits of the
melting point of blended coal blending, and Ti is the melting point of blended coal blending
of coal type i. The average sulfur content of blended coal blending is the lower limit of the
average sulfur content of blended coal blending.
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3.2.3. Optimizing Decision Variables

Considering the optimization objective of minimizing the cost of blending, the lowest
incoming unit of the cycle, the decision variables, and related variables of this section are
solved and passed to the upper-layer model: the decision variable is the percentage of coal
blending of type i in the mth cycle εm,I, and the pass-through variable is the amount of coal
of type i used in the mth cycle Cm,i.

3.3. The Solution Strategy of the Dual-Layer Model

In the above model, the upper-layer coal purchase timing decision model is a linear
model whose classification inventory constraints are governed by the optimization results
of the bottom-layer blending ratio optimization model. The objective function of the bottom-
layer model contains bilinear terms, which are indirectly determined by the solution result
of the upper-layer model. The upper- and bottom-layer models interact with each other, so
the established model belongs to the double-layer nonlinear optimization model; this type
of dual-layer model has been proven to be a nondeterministic polynomial (NP) problem [25],
and common solvers are difficult to solve it directly.

However, there are more mature solution methods available for the study of two-layer
nonlinear optimization models, and these methods can be generally classified into two
categories [26]:

(1) Dual-layer planning is transformed into a single-layer model using the variational
inequality method or the K-T (Karush–Kuhn–Tucker, KKT) method and then linearly
transformed.

(2) Iterative methods based on numerical or non-numerical optimization continuously
reduce the gap between the locally better solution and the globally optimal solution
through hierarchical solving and multiple global iterations.

The model proposed in this paper is a double-layer nonlinear optimization model.
In order to ensure the solution accuracy using category (1), and to respond to the change
in the total cost of the coal power plant, the upper-layer model is selected as the main
model. First, the bilinear term of the lower-layer objective function is relaxed based on
the McCormick envelope. Secondly, the lower-layer model is converted to the nonlinear
constraints of the upper-layer model using the KKT method and linearized based on the
large M method. Finally, the solution is found using the Gurobi solver.

3.3.1. McCormick Envelope-Based Bilinear Term Relaxation

The lower-layer model’s objective function is a bilinear nonconvex model, which does
not satisfy the KKT transformation requirement. The relaxation of the bilinear terms is
considered, which is classically carried out using the McCormick envelope [27]. For any
bilinear term in the objective function of the lower-layer doping ratio optimization model,
the variable wm,i is used to replace it, and the corresponding relaxation constraints are
added at the same time. The converted objective function and constraints are as follows:

min punit
m = 1

Fm

N
∑

i=1
wm,i(pm,i + φ + θ)

Q∗
net

Qnet,i

s.t.



wm,i ≥
(

εmin
m,i Xm,i + εm,iXmin

m,i − εmin
m,i Xmin

m,i

)
wm,i ≥

(
εmax

m,i Xm,i + εm,iXmax
m,i − εmax

m,i Xmax
m,i

)
wm,i ≤

(
εmax

m,i Xm,i + εm,iXmin
m,i − εmax

m,i Xmin
m,i

)
wm,i ≤

(
εmin

m,i Xm,i + εm,iXmax
m,i − εmin

m,i Xmax
m,i

)
Equations (9)–(14)

(20)

At this point, the lower-layer doping ratio optimization model is reconstructed as
a convex model after linear relaxation with the McCormick envelope [28], so the model
transformation condition based on the K-T method is sufficient, i.e., the doping ratio
optimization model under this method can achieve its minimum value. Additionally, the
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error introduced by the McCormick envelope can be adjusted to the newly introduced
relaxation constraints based on the subsequent optimization results.

3.3.2. Model Equivalence Based on Karush–Kuhn–Tucker

The bottom-layer model’s objective function and its constraints are convex after linear
relaxation by the McCormick envelope and satisfy Slater’s condition, which meets the
condition of single-layer model transformation for the two-layer model using the KKT
optimality condition. The Lagrangian function of the lower-layer model is constructed as
shown in Equation (21).

L(wm,i, εm,i, Xm,i,
→
λ ,

→
µ ) =

n
∑

k=1
µkg(wm,i, εm,i, Xm,i)

+punit
m +

l
∑

k=1
λkh(wm,i, εm,i, Xm,i)

(21)

where λ and µ are the Lagrange multiplier vector and the KKT multiplier vector, re-
spectively; punit

m is the lower-layer model’s objective function; h(wm,i, εm,i) is the equality
constraint; and g(wm,i, εm,i) is the inequality constraint.

When the objective function of the lower-layer model obtains the minimum value,
the lower-layer model satisfies the KKT optimization condition, and the Lagrangian func-
tion has a partial derivation of 0 with respect to the included variables, as shown in
Equation (22).

∂L
∂(wm,i, εm,i, Xm,i)

= 0 (22)

where the inequality constraints have a complementary dyadic relationship with each
multiplier; the complementary relaxation condition is shown in Equation (23).

0 ≤ µk⊥g(wm,i, εm,i, Xm,i) ≤ 0, k = 1, 2, . . . , n (23)

where n is the number of inequality constraints.
Obviously, the product term of the Lagrange multiplier of the inequality and inequality

constraint is nonlinear, and the nonlinear term continues to be eliminated with the large M
method. The specific steps are shown in Equation (24).

0 ≤ µk⊥g(wm,i, εm,i, Xm,i) ≤ 0, k = 1, 2, . . . , n
µk ≤ zk M
−gk(wm,i, εm,i, Xm,i) ≤ (1 − zk)M

(24)

where k is the inequality constraint labeling, zk is a 0–1 variable, and M is a sufficiently
large number.

So far, based on the joint Equations (2)–(7) and Equations (22)–(24), the dual-layer
dynamic collaborative decision optimization model constructed in this paper is equivalent
to a single-layer integer linear programming model, which is solved based on MATLAB
(2022b) by invoking the Gurobi solver (10.0).

4. Decision Risk Measurement Method Based on QDD-IGDT
4.1. Construction of a Coal Price Quantile Dataset Based on QRNN

In this paper, we construct a coal price quantile dataset based on a quantile regression
neural network (QRNN) model to predict the coal price range. The structural principle is
shown in Figure 3. ct and qOt (τi|Ct) are the input features at time series t and the output
of the network when the quantile is τi, respectively.

The prediction interval Iα with confidence level α can be expressed as follows:

Iα = [qτd , qτu ] (25)
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where τd and τu are the lower and upper quartiles, respectively, and qτ is the QRNN output
when the loss function is defined as L(τ), and L(τ) is defined as follows:

L(τ) =
1

NL

N

∑
t=1

ρτ(qτ(t)− q(t)) + λ
m

∑
t=1

W2
b (26)

where NL is the number of input variables, ρτ is the pinball loss function, qτ is the model
output value, q is the actual value when the model is trained, λ is the hyperparameter, and
Wb is the target training parameter matrix.
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Figure 3. The structure and construction method of QRNN.

In order to meet the needs of the coal cost optimization module, we selected the data
regarding coal production, imported coal quantity, and port cargo volume as input features
based on Pearson’s coefficient and Granger’s calibration method, set different confidence
levels α, and realized the short- and medium-term interval prediction of spot coal price
based on the QRNN model with day as granularity and month as cycle.

In Figure 4, the black and gray lines represent the traditional use of point prediction
and active panning to construct the coal price uncertainty domain over any time period
of the information gap. This approach fails to capture the characteristic of increasing
uncertainty in coal prices with the increasing forecast time scale. In contrast, for the
coal price quantile dataset, as the confidence level and forecast time scale increase, the
information gap between upper and lower intervals widens at any given time period.
This provides additional information for decision makers during the process of decision
risk measurement.
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4.2. Traditional Information-Gap Theory

The classical model of traditional IGDT is as follows:

α f (d, rc) ≜ max{α : rc ≤ min
u∈U(α,ũ)

R(d, u)} (27)

where αf is the robustness function with the value of the uncertainty factor α between [0, 1],
which is determined by the coal purchase and blending decision scheme d(W, x, ε) and the
cost threshold rc. R is the reward function, which is set to be the inverse of the cost of the
coal power plant 1/Cost, and the reward function is affected by the uncertainty quantity u.
U in Equation (27) is defined as the set of all the uncertainty quantities u.

The measurement of the uncertainty factor u is typically conducted using a fractional
error model to create an extended interval, as shown in Equation (28).

U(α, ũ) =
{

u :
∣∣∣∣u − ũ

ũ

∣∣∣∣ ≤ re × α

}
(28)

where re is a vector of folding coefficients and is further expanded as follows:

(1 − re × α)ũ ≤ u ≤ (1 + re × α)ũ (29)

4.3. Risk Metrics Based on Quantile Data-Driven Information-Gap Theory

The traditional IGDT portrays the fluctuation intervals of uncertain parameters by
assigning weights re, which is highly subjective, and the uncertainty measure results are
only interpreted as the fluctuation amplitude of uncertain parameters, which is poorly
interpretable and less informative and cannot comprehensively guide the coal power plant
in the optimization task of cost decision making.

In this paper, we determine the IGDT using a binned dataset by defining the uncer-
tainty domain U(α); α is the confidence level, U(α) is the coal price uncertainty domain, and
Iα is defined as the prediction interval created when the confidence level is α. Qpre is the
QRNN output when the loss function is defined as L(τ).

0 ≤ α ≤ 1
U(α) = Iα = {u : q(τd) ≤ u ≤ q(τu)}
q(τ) = Qpre : L(τ) = +λ

m
∑

t=1
W2

b

+ 1
N

N
∑

t=1
ρτ(qτ(t)− q(t))

(30)

In order to reasonably measure the fluctuation of coal power cost affected by the
uncertainty of market coal price and to improve the interpretability of the uncertainty
measurement results, we define the optimization objective α as the QRNN confidence level
and add the constraint of the envelope interval of the expected cost to obtain the confidence
level under each expected cost interval, so as to establish the quantile data-driven IGDT
decision-making risk measurement model (QDD-IGDT), which can be described as follows:

max
d

1 − α

s.t.



0 ≤ α ≤ 1
U(α) = Iα = {u : q(τd) ≤ u ≤ q(τu)}
q(τ) = Qpre : L(τ)
minCost(U(α), d) ≤ Cost0(1 − ε)
maxCost(U(α), d) ≥ Cost0(1 + ε)
s.t.Cost

(31)

where α is the confidence level; 1 − α is the risk level; and minCost(U(α),d) and maxCost(U(α),d)
are the minimum and maximum costs of the dual-layer cost optimization model, respectively.
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Setting Cost0 as the baseline cost represents the optimization result of the cost optimization
model when the input spot coal price represents the cost volatility, which is determined by the
decision maker.

The above risk metrics are determined by incorporating the QRNN model into the
coal price quantile dataset in order to eliminate the subjectivity of the traditional IGDT
method in constructing the coal price uncertainty domain. Second, the decision risk metric
model of quantile data-driven IGDT is established by optimizing the maximum risk level
of the cost interval constraint. Finally, the decision risk is optimized to reach the expected
cost interval to explore the risk in the decision maker’s decision to obtain a certain cost
fluctuation interval in the context of coal market uncertainty and to realize the uncertainty
risk metric of the coal power cost production decision.

5. Results and Discussion

A coal-fired power plant with an installed capacity of 2 × 660 MW was used as a
research object to co-optimize coal purchase and production decisions. The standard coal
consumption characteristic curve of each unit is shown in Figure 5. The generation schedule
of thermal power, PV power, wind power, and total power are shown in Figure 6. The
details of the inbound tender list provided by optionally contracted coal suppliers are
shown in Figure 7. The results of the prediction of the short- and medium-term price ranges
of CCI5500 spot coal are shown in Figure 7. The average warehouse management cost
was set at 4 CNY/ton, and the average unit inventory cost is 20 CNY/ton; the detailed
information of the suppliers for each coal type is shown in Table 1.

Table 1. Characteristic information of each type of coal.

Coal Class Number Calorific Value (kcal) Sulfur (%) Gray Melting Point

A-001 5500 0.6 1500
A-002 5500 0.6 1500
A-003 5500 0.6 1500
A-004 5500 0.6 1500
A-005 5500 0.6 1200
A-006 5000 0.6 1200
A-007 5000 0.6 1200
A-008 5000 0.6 1200
A-009 5000 0.6 1500
A-010 5000 0.6 1500
A-011 5250 1.5 1200

spot coal 5000 0.6 1200Energies 2024, 17, x FOR PEER REVIEW 14 of 22 
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5.1. Utility Analysis of the Dual-Layer Optimization Model for Electricity Generation Side
Market Decisions

Firstly, considering only the long-term contract coal (W1
m,j = 0), two cases were de-

signed to analyze the effectiveness of the proposed dual-layer model and the solution
method. Case 1 involved solving the upper-layer coal procurement optimization model
based on the Gurobi solver without considering the blending optimization layer; Case 2 con-
sidered the blending optimization layer and solving the dual-layer dynamic collaborative
decision-making optimization model of power generation based on the KKT–McCormick–
Gurobi method. The blending ratios of the four contracted coals in Case 1 were set to
0.3:0.3:0.2:0.2 [29]. The Case 2 model was transformed into a linear mixed-integer program-
ming model after the McCormick envelope and KKT conditions, and the MATLAB-based
Gurobi solver was called for solving.

Figure 8 shows the optimization results of the blending ratios and the comparison
of coal purchasing decisions in Case 1 and Case 2. Coal types 1–4 represent coals with
calorific values of 5500 kcal, 5000 kcal, 5250 kcal, and 3800 kcal, respectively. In Case 1,
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with a fixed blending ratio, coal purchases are mainly focused on type 2 and type 4 coals;
in Case 2, coal purchases are mainly focused on lower-priced type 1 and type 4 coals. In
Case 1, due to the lack of perception of the unit blending cost and the inability to adjust the
blending ratio, a large number of lower-priced type 1 coals are purchased in the early stage
to meet the safety stock requirements, as shown in Figure 8, and in the middle stage, after
the type 2 coals bottom out, a large number of high-priced type 2 coals are decomposed
to meet the demand for high consumption, resulting in a sharp increase in the cost of
purchased coals due to the blending ratio remaining unchanged. In Case 2, a dynamic
variation is generated in the blending ratio by sensing the unit blending cost, reducing the
consumption of type 2 coal in the first and middle stages, and increasing the amount of
lower-priced type 1 coal decomposed to meet the inventory and consumption requirements
to bring about a reduction in cost.
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Figure 8. Comparison of decomposition decisions of long−term contract coal under the two cases.

Figure 9 shows the comparison of the unit blending cost and the total cost between
Case 1 and Case 2, and Table 2 shows the comparison of the total cost and the inventory
cost under each case. Firstly, as shown in Figure 9 and Table 2, the unit blending cost
of Case 2 is lower than that of Case 1 most of the time, and its average value decreases
from CNY 0.4986 to CNY 0.4761. The purchasing cost as well as the total cost are lower
than those of Case 1 at all times. The coal purchase cost and the total cost are lower than
Case 1 all the time, and from the above analysis, it can be seen that the coal purchase
decision optimization ability of the power generation and production dual-layer dynamic
collaborative decision optimization model is stronger. Secondly, the total cost of Case 2 is
reduced from CNY 77.78 million to CNY 74.39 million compared with Case 1; the cost of
coal purchase is CNY 63.20 million, which is CNY 0.34 million lower than that of Case 1.
The other detailed indicators are shown in Table 2.

Table 2. Comparison of production cost indicators between case 1 and case2.

Norm Cost of Inventory Cost of Coals Total Cost Unit Cost

Unit Million (CNY) Million (CNY) Million (CNY) CNY
Case 1 11.20 66.58 77.78 0.4986
Case 2 11.20 63.20 74.39 0.4761
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5.2. Quantitative Analysis of Dual-Layer Decision Optimization Model with Spot Coal and
Long-Term Contract Coal Price Optimization

In order to investigate the cost optimization utility of the dual-layer dynamic decision-
making optimization model of power generation and production with the optimization
of the prices of spot coal and contracted coal, Case 2 in the previous section, namely
the dual-layer decision-making optimization model of power generation and production
without price optimization (only considering the decomposition of contracted coal), is used
as the control group. Case 3, i.e., the dual-layer dynamic collaborative decision-making
optimization model of power generation and production with the optimization of the prices
of spot coal and contracted coal, is designed as the experimental group.

Figure 10 shows the optimization results of the coal purchase decisions for Case 2 and
Case 3, and Table 3 shows the comparison of various types of indicators. The results show
that the proposed model is able to further reduce the total cost of the power plant by CNY
0.745 million, or 1.0001%, compared with Case 2. Among them, the cost of coal purchase is
reduced from CNY 63.19 million to CNY 62.33 million, and the inventory cost is increased
from CNY 11.20 million to CNY 11.32 million. This is due to the fact that the proposed
model is able to perceive the change in spot coal price and give up a certain inventory cost
optimization space in order to allow for purchasing a large amount of spot coal when the
spot coal price is low. As shown in Figure 10, on the 8th and 10th days, the forecast price of
spot coal is lower than the price of contracted coal and at a low level, so the decision maker
buys a large amount of spot coal to pull up the inventory and consumes a large amount of
spot coal from the 11th to 14th days when the price of spot coal is relatively high, so as to
realize “pulling up the inventory at a low price level, shifting to power generation at a high
price level”, and optimizing the whole situation dynamically.

Table 3. Comparison of production cost indicators between case 2 and case3.

Norm Cost of Inventory Cost of Coals Total Cost Unit Cost

Unit Million (CNY) Million (CNY) Million (CNY) CNY
Case 2 11.20 63.19 74.39 0.4761
Case 3 11.32 62.33 73.65 0.4704
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Figure 10. Coal purchasing decision results of Cases 4 and 5.

When the spot coal price is low, the decision maker purchases lower-priced spot coal
to reduce power generation costs and increase profit margins. When the spot coal price is
high, the decision maker mainly consumes the spot coal in the inventory and increases the
breakdown of contracted coal to support the production demand of power plants. In the
early stage of the coal purchase cycle, when the spot coal price is lower than the contracted
coal price, the decision maker reduces the purchase cost by replacing part of the contracted
coal with spot coal. Later, the spot coal price gradually increases, and coal consumption is
mainly based on the remaining spot coal stockpile accumulated in the earlier stage and the
existing contracted coal break-up volume.

From Table 3, it can be seen that the total cost of Case 3 decreases from CNY 74.39 million
to CNY 73.65 million, which reduces the generation cost of the power plant, while the unit
cost (the average value of the unit blending cost) becomes smaller than that of Case 2 due to a
small increase in the cost of inventories and a significant decrease in the cost of purchased coal.

5.3. Market Decision-Making Risk Measurement Based on QDD-IGDT

Decision makers who make decisions based on forecasted coal prices alone will be at
risk, and coal power plants usually need to further measure spot coal prices based on their
forecasts in order to know the impact of the uncertainty brought about by the introduction
of forecasted coal prices on the optimization of decision making as well as on cost changes.

The cost optimization results of Case 3 are used as the baseline Cost0, and different
expected cost volatilities ε are set to obtain the risk measures of decision uncertainty for
coal power plants under different risk attitudes. Table 4 shows the minimum confidence
level and the maximum decision risk needed to satisfy different expected cost volatilities.
Table 4 shows that as the width of the decision maker’s expected cost range increases, the
minimum confidence level that needs to be achieved increases, indicating that the decision
maker needs to bear the maximum risk to make the decision more robust. Taking the cost
range of CNY [70.17, 71.16] million as an example, the fluctuation range of spot coal prices
needs to meet the 70% confidence level. At this time, the decision maker needs to bear
30% of the decision-making risk in order to achieve the expected cost range. When the
expected cost volatility rises to 1.215%, the confidence level reaches 95%, which indicates
that the introduction of coal price forecasting to assist the decision-making process results
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in a very low level of decision-making risk, and the cost changes basically do not overflow
the expected cost range.

Table 4. Measures of uncertainty and its total cost under different cost intervals.

Cost Fluctuations ε% Cost Range (CNY million) min α% max 1 − α%

0.1 [70.60, 70.74] 53 47
0.3 [70.46, 70.88] 58 42
0.5 [70.32, 71.02] 64 36
0.7 [70.17, 71.16] 70 30
0.9 [70.03, 71.30] 75 25
1.1 [69.89, 71.45] 85 15

1.215 [69.79, 71.55] 95 5

Figure 11a shows a collection of spot coal price prediction curves generated by taking
different quartiles, and the lower half of the part surrounded by the quartile coal price
curves and the contracted coal price curves is the spot decision domain. As the quantile
increases, the depth of the spot decision domain deepens, and the minimum cost optimiza-
tion results keep increasing, corresponding to Figure 11a. The color depth of the region
between the curves becomes deeper as the cost Cost(q(τi), d) increases. This is due to the
fact that the decision domain of spot coal shrinks as the quantile rises, the spot coal decision
space that can be provided to the decision maker decreases, and the cost optimization space
gradually decreases.
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Figure 11. (a) The relationship between cost and quantile. (b) The relationship between cost change
and spot decision domain.

Figure 11b shows the cost optimization result Cost(q(τ), d) change after inputting the
dual-layer decision optimization model by taking the quartile 1% to the quartile 99% to
get different spot coal price forecast results. As can be seen from Figure 11b, with the
gradual increase in the quantile, the optimized minimum cost rises, the color of the curve
deepens, and the first half of the curve is close to linear, while the second half tends to be
smooth. This is due to the fact that in the second half of the curve, the quantile is larger,
most of the coal price prediction curve is higher than the contracted coal price, the decision
domain of spot coal purchase is sharply narrowed, and the space for cost optimization is
basically reduced.

5.4. Comparison of the Results among IGDT, IGWO-IGDT, and QDD-IGDT

For the QDD-IGDT method proposed in this paper, we compare the QDD-IGDT
method with the original IGDT and the IGWO-IGDT (improved gray wolf optimization
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IGDT, IGWO-IGDT). The above algorithms are compared with the method proposed in
this paper to demonstrate the effectiveness and advancement of the proposed method.

As shown in Figure 12, the main fluctuation bands of the expected cost curve of the
traditional IGDT method are concentrated in the middle part of the curve, while they are
smoother on the left and right sides of the expected cost curve, which leads to the difficulty
of the expected cost curve to reflect the decision-making risk under the large fluctuation of
the cost. This is because when seeking risks and avoiding risks, the fluctuation intervals of
uncertain variables constructed with the traditional IGDT method are simple and cannot
measure the decision-making risk of decision makers in complex scenarios. The IGWO-
IGDT-based method has the ability to escape from local optimums due to the use of swarm
algorithms for model solving, which is also limited by the IGDT method, and it is difficult
to provide a good decision horizon on the right side of the curve.
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Figure 12. The comparison between IGDT, IGWO-IGDT, and QDD-IGDT.

Compared with the traditional IGDT method and the IGWO-IGDT method, the
method proposed in this paper can provide a good decision horizon for the decision
maker because the fluctuation intervals of the uncertainty variables are constructed accu-
rately, the cost changes and decision risks caused by the fluctuations in the coal market
are calculated accurately, and the cost changes are more obvious in the whole fluctuation
range of the uncertainty variables. In conclusion, the fluctuation interval of uncertain
variables constructed with the method proposed in this paper is more accurate, and it is
more efficient and robust than the traditional IGDT method and IGWO-IGDT method,
which provides a broader decision-making horizon for coal power enterprises.

6. Conclusions

The aim of this study was to investigate the production decision optimization method
of power generation enterprises in the context of the low willingness of coal power en-
terprises to generate electricity and uncertainty in the coal market. Therefore, this paper
focused on the entire process of thermal power generation and introduced the quantile
data-driven information-gap decision theory to describe the risk of uncertainty. Through
the arithmetic simulation of the actual production data of a power generation enterprise,
the following conclusions are drawn:

(1) We conducted cost optimization through the establishment of a dynamic coordinated
decision optimization model for electricity production with the optimization of spot
coal and long-term contract coal prices. We compared its cost optimization capa-
bility with a single-tier coal procurement optimization model that did not consider
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blending optimization and with a two-tier decision optimization model that did not
consider coal market prices. The proposed model can effectively improve the long-
term decision-making cost optimization ability of power generation enterprises, and
the production cost can be significantly reduced, realizing the “pulling up inventory
at low a price level, shifting to power generation at a high price level”.

(2) By introducing the quantile data-driven information-gap decision theory and address-
ing the limitations of the traditional IGDT method, we introduced the quantile range
constraints and proposed the QDD-IGDT method to measure the risk of uncertainty in
the decision-making process in the coal market, in order to explore the impact of mar-
ket coal price uncertainty on the cost optimization of coal power plants. The expected
cost fluctuation coefficient was set to obtain the minimum confidence level and the
maximum risk assumption under different demands, which provides a less subjective,
more robust, and broader decision-making risk metric for the cost optimization of
coal power plants.

(3) Our research results show that the proposed methodology can reduce the cost of
power generators that include coal-fired units in the context of the continued develop-
ment of renewable energy while coal units are being phased out. The two-tier cost
optimization methodology proposed in this paper is applicable to power generation
aggregators that include sustainable energy sources and thermal units by reducing
the marginal cost of the generation of coal units in order to gain more profit in the
electricity market and increasing the investment in renewable energy sources in order
to increase the welfare of the society.
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