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Abstract

To address the problem of renewable energy curtailment and the need for operational
economic optimization in integrated energy systems with high penetration of wind and
solar power, a coordinated optimization method integrating thermoelectric decoupling,
ammonia-blended combustion technology, and energy storage capacity leasing is pro-
posed. First, a chaotic-improved Latin Hypercube Sampling (C-LHS) method, combined
with an improved K-means clustering algorithm, is employed to generate representative
wind-solar-load scenarios. This approach improves the efficiency of uncertainty scenario
generation while reducing computational burden and maintaining solution accuracy. Sec-
ondly, by coordinating the operation of thermal energy storage and electric boilers, the
“heat-led power generation” constraint is relaxed, and, in combination with ammonia-
blended combustion in combined heat and power (CHP) units, the system’s flexibility and
renewable energy accommodation capability are enhanced. Finally, with the objective of
minimizing total operating cost, a day-ahead scheduling model incorporating electrical
energy storage (EES) leasing optimization is established. For EES, under a shared energy
storage market mechanism, the golden section search (GSS) algorithm is employed to opti-
mize the day-ahead leasing capacity. The simulation results demonstrate that the proposed
method improves renewable energy accommodation while maintaining economic perfor-
mance, and effectively reduces the overall operating cost of the system. These findings
confirm the effectiveness of the proposed strategy in enhancing both system flexibility and
economic performance.

Keywords: integrated energy system; ammonia co-firing; thermoelectric decoupling;
uncertainty analysis; shared energy storage

1. Introduction

An integrated energy system with high wind-solar penetration is a key pathway
toward achieving global low-carbon transition and deep decarbonization objectives. How-
ever, the inherent uncertainty of renewable energy sources leads to significant wind and
solar curtailment issues [1]. Conventional CHP units are constrained by the heat-led power
generation mechanism, resulting in limited operational flexibility and further hindering
renewable energy accommodation [2]. Existing studies have improved renewable energy
accommodation and system flexibility through thermoelectric decoupling or hydrogen
energy storage technologies [3,4]. Nevertheless, relying on a single approach makes it
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challenging to simultaneously ensure economic performance and system reliability. With
the increasing degree of energy coupling and the growing complexity of interconnected en-
ergy infrastructures, how to achieve coordinated multi-energy operation, refined dispatch,
and optimal capacity allocation to ensure economic performance, operational security, and
long-term system stability has become a critical issue that requires urgent attention [5].

As renewable penetration increases, the variability and uncertainty of renewable gener-
ation impose substantial challenges on system planning and operation, making uncertainty
management a central research issue. In [6], uncertainties in renewable generation, load,
and energy prices are represented as interval parameters and addressed via a two-stage
decomposition framework. While this approach avoids the need for exact probability
distributions, it typically results in conservative decisions biased toward worst-case realiza-
tions. In [7], representative wind-solar generation and load scenarios are constructed and
incorporated into a multi-objective optimization framework with probabilistic weights to
capture uncertainty characteristics. However, this approach is data-intensive and compu-
tationally demanding. In [8], a distributionally robust optimization framework based on
the Wasserstein ambiguity set is developed to address uncertainty in renewable generation
and system operation. While this method mitigates distributional ambiguity without re-
lying on exact probability distributions, the use of a fixed-radius ambiguity set may limit
adaptability to time-varying forecast error characteristics and increase computational com-
plexity. In [9], demand response uncertainty is represented by triangular fuzzy numbers
and converted into a deterministic optimization model using fuzzy chance-constrained
programming. Nevertheless, the expert-dependent specification of membership functions
introduces subjectivity and may underestimate extreme-event risks. In general, existing
uncertainty optimization frameworks remain computationally demanding and require
further enhancement to support power systems with high renewable penetration.

With increasing renewable penetration, inadequate system flexibility has emerged
as a critical challenge. Developing integrated multi-energy systems that leverage diverse
flexibility resources is therefore essential to enhance renewable energy accommodation and
support the global low-carbon energy transition. Current research mainly concentrates on
thermoelectric decoupling, ammonia co-firing, and energy storage planning to improve
operational flexibility and economic performance.

In terms of thermoelectric decoupling, research primarily focuses on relaxing the rigid
heat-led power generation constraint of CHP units. In [10], wind power accommodation is
enhanced through thermal energy storage and demand-side response. however, reliance
on demand-side regulation alone is insufficient to address severe source-side fluctuations.
In [11], a coordinated decoupling strategy involving multiple CHP units and electric
boilers is proposed, reducing operating costs and demonstrating the significant potential
of thermoelectric decoupling in improving economic performance. In addition to these
approaches, some studies employ detailed nonlinear thermodynamic models to more
accurately describe the coupling relationship between heat and power outputs of CHP
units (e.g., [12]). These models can capture complex operational characteristics, such as
nonlinear feasible operating regions and part-load efficiency variations. However, their
application in large-scale integrated energy system optimization is often limited by high
computational complexity. In contrast, linearized CHP models, which approximate the
feasible operating region using linear constraints, have been widely adopted due to their
computational efficiency and tractability. Therefore, this study employs a linearized CHP
model to characterize thermoelectric coupling, enabling efficient integration into large-
scale stochastic optimization while maintaining a reasonable balance between modeling
accuracy and computational performance. Nevertheless, existing studies on thermoelectric
decoupling mainly emphasize short-term operational flexibility and lack integration with
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low-carbon fuel technologies, thereby limiting the potential for deep decarbonization of
system operation.

In the context of ammonia co-firing, hydrogen/ammonia production and ammonia
co-firing technologies are employed to enable multi-energy complementarity and enhance
system operational flexibility. In [13], a hydrogen fuel cell CHP model is developed to
mitigate photovoltaic fluctuations by adjusting the electric-to-thermal output ratio. How-
ever, it is not integrated with thermoelectric decoupling technologies, thereby limiting the
full exploitation of its flexibility potential. In [14], an electricity-heat-hydrogen integrated
energy system is developed based on hydrogen-fueled gas turbines, enhancing renewable
energy accommodation and peak-shaving capability through hydrogen energy storage.
However, the high cost and technological immaturity remain key challenges. In [15], a
coordinated framework integrating hydrogen energy storage, ammonia synthesis, and
carbon capture is proposed to validate ammonia as a hydrogen carrier. Nevertheless, the
fixed energy storage capacity constrains long-term economic performance.

In terms of optimal energy storage planning, existing studies primarily focus on long-
term capacity expansion, resulting in a temporal mismatch with short-term operational
scheduling. In [16,17], a system-level capacity optimization model incorporating wind
power, electrolyzers, hydrogen storage tanks, and hydrogen-fueled gas turbines is de-
veloped to minimize total investment cost and determine optimal equipment capacities.
However, the annual planning horizon limits its applicability to day-ahead dispatch deci-
sions. In [18], an optimal configuration method based on hybrid energy storage is proposed,
where an improved ant colony-based dynamic programming algorithm is employed for
system parameter optimization. However, the planning horizon remains annual. In [19], a
capacity optimization model for a hydrogen-integrated hybrid microgrid is developed and
efficiently solved using an improved cat swarm algorithm. nevertheless, it also focuses on
long-term planning. In recent years, the emergence of shared energy storage and energy
storage leasing markets has provided a promising pathway to alleviate the temporal mis-
match between planning and operation. In [20], it is proposed that, under the spot market
mechanism, energy storage can participate in both day-ahead and intraday markets by
submitting bids and being cleared in a manner similar to conventional generation units.
In [21], capacity leasing is identified as one of the primary revenue streams for independent
energy storage at the current stage. The leasing fee is correlated with the contracted capac-
ity and lease duration, functioning as a periodic payment mechanism. Through capacity
leasing, an integrated energy system can obtain flexible regulation capability without addi-
tional investment in energy storage, thereby better accommodating short-term operational
optimization requirements. It should be noted that, at present, mature market-oriented
leasing mechanisms mainly exist for EES. In contrast, thermal energy storage is typically
operated in conjunction with district heating systems, and its capacity is closely coupled
with heat demand and heating equipment, which limits the formation of an independent
capacity leasing market. Hydrogen and ammonia energy storage systems, on the other
hand, are primarily used for energy conversion and long-duration storage. These facilities
are generally configured as internal system assets, and mature capacity sharing or leas-
ing mechanisms have not yet been established. Therefore, introducing a capacity leasing
mechanism for EES is currently more practical and feasible.

In summary, although significant progress has been achieved in uncertainty modeling,
thermoelectric decoupling, ammonia co-firing, and energy storage planning, several critical
gaps remain. (1) Existing scenario generation approaches exhibit limitations in computa-
tional efficiency and adaptability, making it challenging to simultaneously ensure solution
accuracy and tractability. (2) Thermoelectric decoupling has not been deeply integrated
with low-carbon fuel technologies such as ammonia co-firing, thereby failing to fully ex-
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ploit the synergy between short-term operational flexibility and long-term decarbonization.
(3) Most studies on storage optimization focus on long-term capacity expansion, leading
to a temporal mismatch with short-term dispatch. To address the aforementioned issues,
this paper proposes a day-ahead leasing optimization method for EES that integrates
thermoelectric decoupling and ammonia co-firing technologies. First, a C-LHS method
combined with an improved K-means clustering algorithm is employed to generate rep-
resentative wind-solar-load scenarios, thereby improving scenario generation efficiency
while reducing computational complexity without compromising accuracy. Second, by
coordinating thermal storage and electric boiler operations, the heat-led power generation
constraint of CHP units is relaxed. Integrated with ammonia co-firing technology, the
proposed approach enhances system regulation capability and renewable energy accommo-
dation. Finally, with the objective of minimizing total operating cost, a day-ahead leasing
optimization dispatch model for EES is developed. Under a shared energy storage market
mechanism, the GSS algorithm is employed to optimize day-ahead leasing capacity and
system operating strategies. The results demonstrate the effectiveness of the proposed
strategy in improving system flexibility and economic performance.

2. Integrated Energy System Modeling Framework

The overall configuration of the integrated energy system is illustrated in Figure 1
Electricity is supplied by wind power, photovoltaic (PV) power, CHP units, and hydrogen
fuel cells, while heat is provided by CHP units and hydrogen fuel cells. The hydrogen
subsystem consists of water electrolyzers, hydrogen storage tanks, and hydrogen fuel cells.
The ammonia synthesis subsystem comprises an ammonia synthesis reactor, a pressure
swing adsorption (PSA) unit for nitrogen production, water electrolyzers, and an ammonia
storage tank.
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Figure 1. Integrated energy system structure diagram.

2.1. Ammonia Synthesis Subsystem
2.1.1. Water Electrolyzer

As a key technology for green hydrogen production, water electrolysis decomposes
water molecules via electrochemical reactions, producing high-purity hydrogen and oxygen
simultaneously. Proton exchange membrane (PEM) electrolysis has emerged as a leading
technology due to its compact structure, fast dynamic response, and high energy conversion
efficiency. The system operates the PEM electrolyzer during periods of surplus electricity
to produce hydrogen. The relationship between the hydrogen production rate and power
consumption is expressed as follows:

my = "2 PFY /by, M
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where mflz denotes the hydrogen production in period t, PEL represents the power con-
sumption of water electrolysis in period t, %2 is the is the electrolyzer efficiency, and hpy,
denotes the unit energy consumption for hydrogen production.

2.1.2. PSA Unit

The PSA unit separates nitrogen from air. The relationship between nitrogen output
and power input is given by:
my® = PPy, @

where mi\jz denotes the nitrogen production in period ¢, P74 represents the power con-
sumption of the PSA unit in period t, and Ky, denotes the specific energy consumption for
nitrogen production.

2.1.3. Ammonia Synthesis Reactor

Hydrogen produced by water electrolysis and nitrogen generated by the PSA unit are
fed into the ammonia synthesis reactor for the Haber-Bosch reaction, producing ammonia
and releasing heat. The chemical reaction is expressed as follows:

N, +3H, =2NHj3 3)

where the stoichiometric molar ratio of Ny, Hp, and NHj is 1:3:2, and the corresponding
molar mass ratio is 28:6:34.

The heat released during ammonia synthesis is incorporated into the district heating
network. The relationship between ammonia production and power consumption is
expressed as follows:

my " = PN /gy, (4)

NH3 i _  NH,_. NH
Pt = N g, (6)

where ml{\IH3 denotes the ammonia production in period f, PtN Hs

represents the power
consumption of the ammonia synthesis unit in period ¢, iy, denotes the specific energy
consumption for ammonia production, PtN Hlt is the heating power supplied by the power-
to-ammonia system in period ¢, N3 represents the heat recovery allocation coefficient,

and o denotes the heat released per unit of ammonia produced.

2.2. Thermoelectric Decoupling Modeling of CHP Units with Thermal Storage and Electric Boiler

CHP units are generally classified into two types: back-pressure units and extraction-
condensing units. In this study, the extraction—condensing CHP unit is selected as the
research object. The feasible operating region of the extraction-condensing unit is illustrated
by the area ABCD in Figure 2a. For computational efficiency, the feasible operating region
is approximated using linear constraints.

During periods of low electricity demand in the heating season, the unit is compelled
to maintain a relatively high power output to satisfy heat demand, resulting in limited
peak-shaving capability, reduced wind and PV power accommodation, and consequently
increased renewable curtailment. The thermoelectric output relationship is expressed
as follows:

Lag = —cyP}! + Pomax
Lgc = cu PP + P
Lcp = —c P 4 Pomin
P > max{Lpc,Lcp}
P{ < Lag
0 S p{i S Ph,max
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pe.max

Pe,miu

PeO

where Pf and P/ denote the electrical and thermal outputs of the unit at time period ¢,
respectively, P“"%, pemin and Phmax denote the maximum electrical output, minimum
electrical output, and maximum thermal output of the unit, respectively, point P*° repre-
sents the intersection of the extension of line BC with the vertical axis, points L4p, Lpc, and
Lcp denote the boundary operating points of the unit, and ¢, and c¢;; denote the slopes of
lines AB and BC, respectively.

A Electric Boiler
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Figure 2. Feasible operating region before and after flexibility enhancement. (a) Feasible Operating
Region Before Improvement; (b) Feasible Operating Region After Improvement. ABCD denotes
the feasible operating region of the extraction—condensing CHP unit. AIHGFE denotes the feasible
operating region after installing the thermal storage tank, and ABLK]JD denotes the feasible operating
region after installing the electric boiler.

After integrating a thermal storage tank and an electric boiler, the thermoelectric
operating characteristics of the unit are altered, as illustrated in Figure 2b. In Figure 2b,
region AIHGEFE represents the feasible operating region after the installation of the thermal
storage tank, while region ABLK]JD represents the feasible operating region after the
installation of the electric boiler. During periods of low electricity demand in the heating
season, renewable energy accommodation can be enhanced through two approaches.

(1) Surplus electricity is converted into thermal energy via the electric boiler, thereby
reducing the minimum technical output of the CHP unit.

(2) Heat is stored in the thermal storage tank during periods without renewable
curtailment and released during low-demand periods, which further reduces the minimum
technical output of the unit.

The thermoelectric output relationship can be expressed as follows:

PtDP,E — Ptg _ PtEB,E
R R e )
PtEB,h — T]EBPtEB,E

PtD P and PtD PI Qenote the electrical and thermal outputs of the decoupled unit
at time period ¢, respectively, PtEB “ and PtEB " denote the electrical energy consumption

where
and thermal energy output of the electric boiler at time ¢, respectively, 7£2 denotes the

electrothermal conversion efficiency of the electric boiler, and Si’ and Si‘_l denote the
thermal energy stored at time periods t and t—1, respectively.
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2.3. Hydrogen Fuel Cells

Hydrogen fuel cells convert hydrogen directly into electricity and heat through elec-
trochemical reactions. The reaction can be expressed as follows:

FC Hy,FC
PEC = e g g, (®)
FCh Hy, FC
B = O™ g, ©)
where PtP €2 and PtF M denote the electrical and thermal power outputs of the hydrogen fuel

cell at time period ¢, respectively, 75¢ and 17,5 C denote the electrical and thermal efficiencies
of the fuel cell, respectively, and m?z’FC denotes the mass of hydrogen consumed at time .

2.4. Energy Storage System

To enhance the multi-energy complementary regulation capability of the integrated
energy system, four types of energy storage are considered in this study: EES, thermal
energy storage, hydrogen storage, and ammonia storage. Among them, the capacity of EES
is obtained through a shared energy storage leasing mechanism and is treated as a decision
variable in the optimization model. In contrast, the capacities of thermal storage, hydrogen
storage, and ammonia storage correspond to existing on-site facilities and are therefore
treated as known parameters in the model.

The detailed operational constraints of each energy storage system are provided in
Section 3 (Constraints).

2.5. Coordinated Scheduling Mechanism

Under high penetration of wind and PV power, insufficient system flexibility and
carbon emission constraints coexist in integrated energy systems. To enhance renewable
energy accommodation and improve operational economic performance, this study es-
tablishes a coordinated scheduling mechanism that integrates thermoelectric decoupling,
ammonia co-firing, and EES capacity leasing within a unified optimization framework.

At the structural level, the CHP unit is retrofitted with an electric boiler and a thermal
energy storage device to reconstruct the thermoelectric output relationship. During periods
of surplus electricity, the electric boiler performs power-to-heat conversion, while the
thermal storage device enables inter-temporal heat shifting. Through coordinated operation,
the minimum forced electrical output of the CHP unit is effectively reduced, thereby
releasing additional regulation capacity on the power side and improving wind and solar
energy utilization.

At the fuel substitution level, ammonia co-firing is introduced to partially replace
coal consumption in the CHP unit. During periods of high renewable generation, surplus
electricity is utilized for water electrolysis and ammonia synthesis, enabling electricity—
hydrogen—ammonia energy conversion. During peak load periods or renewable power
shortages, ammonia co-firing reduces coal consumption and carbon emissions. Meanwhile,
the residual heat released during the ammonia synthesis process is recovered and supplied
to the heating network, providing thermal-side compensation and further strengthening
thermoelectric coordination capability.

At the regulation level, an EES capacity leasing mechanism is incorporated, and
the leased capacity is optimized in the day-ahead stage. The EES undertakes short-term
power balancing and forms a dual-buffer structure together with the thermal storage
device, providing coordinated electrical and thermal flexibility. Through optimal capacity
decision-making, the system achieves a balance between flexibility enhancement and
leasing cost control.

https:/ /doi.org/10.3390/en19071774
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In summary, thermoelectric decoupling provides structural flexibility by reconstruct-
ing the heat—-power coupling relationship of CHP units; ammonia co-firing enables low-
carbon fuel substitution while contributing additional thermal compensation; and energy
storage capacity leasing enhances short-term dynamic balancing capability. Under a unified
optimization framework, the coordinated operation of these three mechanisms improves
renewable energy accommodation and strengthens overall system stability.

3. Optimal Scheduling Model of Integrated Energy Systems

For the integrated energy systems with high shares of wind and solar power, a 24 h
day-ahead stochastic optimal scheduling model is formulated, considering the stochastic
nature of renewable generation and the variability of electrical and thermal loads. The
objective of the model is to minimize the total daily operating cost of the system. Through
the coordinated optimization of the operational strategies of multi-energy coupling units,
the charging and discharging schedules of multi-energy storage systems, and the system
supply—-demand balance mechanism, the economic operation of the integrated energy
system is ensured.

3.1. Uncertainty Model Based on Stochastic Scenarios
3.1.1. Stochastic Scenario Generation Based on C-LHS

Wind power, solar power, and load exhibit significant stochastic fluctuations that must
be accurately represented in scenario-based optimization. It has been shown in [22] that
the uncertainty characteristics of multi-energy system operation are highly complex. In
practical systems, wind power, PV power, and load profiles usually exhibit both temporal
and cross-correlations. To simplify the computational burden in practical engineering
applications, the prediction errors of wind power, PV power, electrical load, and thermal
load are assumed to be independent and follow normal distributions. Based on this
assumption, a scenario generation approach is developed using LHS. It should be noted
that the temporal patterns of the original forecast data are preserved, and the generated
scenarios are constructed based on these baseline profiles. Therefore, part of the inherent
temporal correlation is implicitly retained.

Explicit modeling of spatiotemporal correlations (e.g., using Copula-based methods
or multivariate stochastic processes) would significantly increase model complexity and
computational burden, and is therefore left for future work.

Although conventional LHS ensures stratified sampling across each marginal distribu-
tion, it may suffer from clustering effects and insufficient global uniformity, particularly in
high-dimensional problems. To overcome these limitations, a chaotic sequence is embedded
into the LHS framework. Owing to its ergodicity and deterministic randomness, the chaotic
mapping enhances sample dispersion and improves coverage of the uncertainty space. The
logistic chaotic map is adopted as follows:

X1 = Pxk(1 — Xpq1) (10)

where y is the chaotic parameter.

The generated chaotic sequence replaces the conventional pseudo-random number
generator within the LHS stratification process, thereby constructing a C-LHS sampling
scheme. The C-LHS method is then employed to simulate the prediction errors of wind
power, PV power, electrical load, and thermal load. The actual values of wind power, PV
power, electrical load, and thermal load can therefore be expressed as:

PT = BT 4 T 1)
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PPV = PV eV (12)
L

i (13)

pht — plie L (14)

where PtW T’pre, Ptp Vi re, PtL “P and PtL Hipre denote the predicted values of wind power,

solar power, electrical load, and thermal load, respectively, s‘tNT, ef v sf'e, and £f’h denote

the corresponding prediction errors.

The implementation steps of the C-LHS method are described as follows:

(1) Chaotic Sequence Generation

Suppose that N independent random variables X, following a given probability
distribution have cumulative distribution functions (CDFs) denoted as

Y, =F(Xy),n=12,---,N (15)

Assume that the sampling size is M. The chaotic sequence is generated as

(n) (n) (n) n=12,---,N
Y1 = P (1_xk+1)’{k:1 2... M (16)
where x,(ci)l denotes the chaotic value of the n-th dimension at the k-th iteration, and y is

the chaotic parameter.
(2) Stratified Sampling and Normalization
For each dimensional chaotic sequence, sorting is performed to generate the rank-

ing index:
) = [0, 2] 17)
1 — argsort(x(")),xgn) < x;:) <0 < xxz) (18)

where x(") represents the sequence of the n-th dimension, and (") denotes the correspond-
ing sorting index.
The sorted indices are then uniformly allocated into M subintervals:

I =1

(m) _
U, = M

m=1,...,M (19)
where ll,(n") is the sampling value of the n-th dimension in the m-th interval, and 7 is a
small perturbation term.

(3) Inverse Transform Sampling

The uniformly distributed variable U,(n") is mapped to the target distribution F;:

X3 = B (Ul (20)
Finally, an N x M sample matrix X is obtained.

3.1.2. Scenario Reduction Based on an Improved K-Means Clustering Algorithm

To enhance computational efficiency, the initially generated large-scale scenario set
must be appropriately reduced. Directly incorporating a large number of scenarios would
significantly increase the computational burden of the optimization model. Therefore,
a scenario reduction technique is employed to select a small number of representative
scenarios from the original scenario set and assign them corresponding discrete probability
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weights. In this way, computational complexity is substantially reduced while maintaining
solution accuracy.

The traditional K-means algorithm requires the number of clusters k to be specified in
advance, and its performance is sensitive to the initialization of cluster centers. Inappro-
priate selection of k or poor initialization may lead to suboptimal clustering results that
deviate from the underlying data distribution.

To address these limitations, an improved K-means algorithm is proposed in this study
with two main enhancements:

(1) An adaptive determination of the optimal number of clusters using the Davies—
Bouldin Index (DBI).

(2) An improved initialization strategy based on the maximum-minimum distance
principle to enhance clustering stability.

Specifically, the DBI is introduced to evaluate clustering quality under different values
of k within a predefined range, and the value of k that minimizes the DBI is selected as the
optimal number of clusters.

The DBI is defined as

k s Sj
DBI = Zm -

21
) mex(=5) @)

where S’ and S/ denote the intra-cluster dispersion of the i-th and j-th clusters, respectively,
and M;; represents the distance between the centers of clusters i and j. A smaller DBI value
indicates better clustering performance.

The procedure of the improved K-means algorithm is summarized as follows:

(1) Determine the candidate range of cluster numbers as [2, N].

(2) For each k within the specified range:

Initialize the cluster centers according to the maximum-minimum distance criterion.

Apply the K-means algorithm to iteratively update the cluster centers until the objec-
tive function converges.

Compute the DBI value corresponding to the current clustering result.

(3) Compare the DBI values for different k and select the value of k that minimizes the
DBI as the optimal number of clusters.

(4) Output the optimal cluster number and its corresponding clustering result.

Using the above method, the reduced wind power, solar power, electrical load, and
thermal load scenarios can be obtained. These scenarios are then randomly combined to
generate merged scenarios. Subsequently, a synchronous backward scenario reduction
technique is applied to eliminate scenarios with relatively low probabilities, resulting in
the final scenario set.

3.2. Objective Function

The objective function of the model proposed in this study is to minimize the total
system operating cost, C, and is defined as follows:

c=Y (c;"f + CP? 4 b cCHP 4 602 1 cwh P + CSS) Ps (22)
S

where s denotes the number of scenarios, p° is the probability of scenario s, C¥ is the
operating cost of wind power, C!” is the operating cost of PV power, C?? is the penalty cost
for wind and solar curtailment, C$H is the operating cost of cogeneration units, C$©? is the
penalty cost for carbon emissions, C" is the operation and maintenance cost of equipment,
C¢’ is the environmental cost, and C & is the energy storage cost. The detailed expressions
for each component are provided below.
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3.2.1. Penalty Costs for Wind, Solar, and Curtailment

T
wt _ ~wt wt
C¥=c tzl Pt,s

T
Cl?=croy PIY (23)
t=1

T
Cib =y pib
t=1

wt

where ¢!, ¢P?, and ¢?* denote the unit cost coefficients of wind power, PV power, and

wind-solar curtailment, respectively, P, P/, and Pt“é’ represent the outputs of wind power,

ts’ts/
PV power, and the curtailed wind—-solar power at time ¢ in scenario s, respectively.

3.2.2. Operational Costs of CHP Units

The coal consumption of a conventional thermal power unit can be expressed by the
following equation:
m{% = a(PS,)* + bPG + ¢ (24)

where 4, b, and c are the coal consumption coefficients of the unit, and PtG denotes the unit’s
power output.
For an extraction-type CHP unit, under purely condensing operation, the generated
power output PE’; is given by
PisC = Pfs + coPll (25)

where P/ and Pt}fs denote the unit’s power generation and heat output, respectively, and c,
represents the unit parameters.
From the above two equations, the coal consumption of the CHP unit is calculated as:

m{% = a(Pf)? + 2ac, Pf Pl + acy® (Pl )? + bPEg + beo Pl + ¢ (26)

In a CHP system with ammonia co-firing, replacing part of the coal in the boiler with
ammonia according to a predetermined calorific ratio effectively reduces the unit’s actual
coal consumption. The coal consumption is then calculated as:

mCoelNHy a(Pf,s)2 + 2acUPf/sPZfs + acyz(P,ffs)2 + bPf, + bch[fs +c— mi\’]sH3 QnH;/ Qeoal (27)

t,s

where the lower calorific values of ammonia and coal are denoted by Qnp, and Qq1, and
coal, NH3

the coal and ammonia inputs during period t under scenario s are denoted by m,

and mi\/]sH3, respectively.
Additionally, the ammonia co-firing ratio ;¢ of the CHP unit during period t under
scenario s is defined as:

Vs = MmN BQnp, / (mps O NBQ ) (28)

The operational cost of the CHP unit is calculated as:

T
CsCHP _ Ccoalz mf/‘;”l’NH3 (29)
t=1

coal

where ¢“°* represents the unit price of coal.
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3.2.3. Carbon Emission Costs

By implementing ammonia co-firing technology, the CO, emissions of the CHP system
can be reduced. The extent of emission reduction depends on the calorific substitution rate
of ammonia for coal. The carbon emission cost is then calculated as:

T T
Es = ¢C zl Pe, +etl zl Pt’fs
= =

m;ﬁ;z _ qcozmi,osﬂl,NHs (30)
T
Loz Ce(ES _ 2 mftfgz)

where the carbon emission quotas for the power supply unit and the heat supply unit are
denoted by e® and e', respectively, Es represents the total carbon emission quota, mfso 2

CO2 denotes the

denotes the actual carbon emissions during period t under scenario s, g
CO; emissions per unit of coal burned, and ¢ denotes the penalty coefficient for exceeding

the quota.

3.2.4. Equipment Operation and Maintenance Costs

T R
C¥lt =Y Y o'l (31)
t=1r=1
where a” is the unit power operation and maintenance cost coefficient for equipment r (in-
cluding electrolysis cells, hydrogen fuel cells, ammonia production equipment, and electric
boilers), and P/ a is the power generation or energy consumption power of equipment r in
period t and scenario s.

3.2.5. Environmental Costs

During operation, the unit emits atmospheric pollutants such as SO, and NOx. Previ-
ous studies have indicated that ammonia co-firing may alter the NOx formation pathways
and introduce certain emission uncertainties. However, NOx formation can be effectively
mitigated to some extent through combustion optimization strategies, such as staged
combustion and improved combustion organization [23]. In addition, selective catalytic
reduction (SCR), as one of the most widely applied and technologically mature denitri-
fication methods, has been extensively implemented in coal-fired power plants and can
further reduce NOx emissions [24]. Therefore, in practical engineering applications, NOx
emissions are generally considered to be controllable, although additional operational
costs may be incurred. Meanwhile, ammonia co-firing reduces CO, emissions but may
also lead to variations in NOx emissions, resulting in a potential environmental trade-off.
Considering model tractability, the comparability of environmental costs across different
operating scenarios, and the primary focus of this study on carbon emission reduction,
the variation of NOx emissions is not explicitly modeled. Instead, the same NOx and SO,
emission factors and calculation methods as those under conventional coal-fired conditions
are uniformly adopted for all scenarios. The formula is given by

e L J i i. coal, NH:
G =3 ) Wmlmi (32)
t=1j=1

where ] is the number of pollutant types, 3/ is the unit emission cost of pollutant j, and m/
is the emission quantity per unit of pollutant j.
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3.2.6. Energy Storage Costs

Since the EES participates in the integrated energy system through a capacity leas-
ing mechanism, its cost is not modeled as a one-time investment expense. Instead, it is
incorporated into the system operating cost in the form of leasing fees. The leasing fee is
generally associated with the rented capacity scale and the leasing period, reflecting the
economic cost required for the system to obtain storage flexibility services. In this study, the
leasing period is set to one day. For simplicity, the leasing price is assumed to be constant
over the scheduling horizon, which ensures model tractability and comparability across
different operating scenarios. The incorporation of time-varying or demand-dependent
pricing mechanisms is left for future research. Therefore, the daily leasing cost of EES can
be expressed as:

Cgent _ Cgentsgesnt (33)

where ¢/ is the unit daily leasing cost per unit capacity, and S}%" denotes the day-ahead
leased EES capacity under scenario s.

The total storage-related cost under scenario s is then given by
Ce =M + syt (34)

where C¢7*" represents the operation and maintenance costs of the existing storage systems,
including thermal storage, hydrogen storage, and ammonia storage.

3.3. Constraints
3.3.1. Electrical and Thermal Power Balance Constraint

P&+ Py + P+ PfC* + PR = Pl + PEL + P}ngS +PPA+ PP+ P (35)

Pl P4 RIS PO 4 PO = P P (36)

.S
where PES’E and Ptg’g represent the charging and discharging power of the EES, and Pgs’h

and Pt,Ds’h represent the charging and discharging power of the heat storage tank.

3.3.2. Equipment Operation Constraints

(1) Cogeneration Unit Operation Constraints
—APM < PPy — Pf o < AP (37)

—APJ"™ < Pl — Py, < AP (38)

where AP""* and AP;"* represent the maximum electric and thermal ramp rates of the
cogeneration unit.
(2) Hydrogen Fuel Cell Operation Constraints

j FC,e
Ppel, < P < Pp¢ (39)
max FC,e FC,e max
_APFC,E < Pt,s - Ptfl,s < APFC,@ (40)
max FC,h FC,h max
—APpcy, < Py — P < APpcy, (41)

where PP and PI4% represent the minimum and maximum electric output of the hydrogen

fuel cell, P}”C"”h and PITC’DP(: represent the minimum and maximum thermal output, and AP747
and APp#; represent the maximum electric and thermal ramp rates of the hydrogen

/!

fuel cell.

https:/ /doi.org/10.3390/en19071774


https://doi.org/10.3390/en19071774

Energies 2026, 19, 1774 14 of 29

(3) Electrolyzer Operation Constraints
A e (42)
AP < PEE— PES | < APYE™ 3)

where P,’_:”Li” and Pg{* represent the minimum and maximum output of the electrolyzer, and
APE™ represents the maximum ramp rate.

(4) Ammonia Production Equipment Operation Constraints

In practical applications, ammonia synthesis units typically operate in a relatively
stable and continuous manner. Therefore, the unit is assumed to operate under quasi-
steady-state conditions within the day-ahead scheduling horizon.

The startup and shutdown processes are not explicitly modeled. Instead, the opera-
tional flexibility is approximated by minimum/maximum output constraints and ramping
constraints, as given in Equations (44) and (45).

P < P < PRI (44)
AP, < Py — P < AP ()

where Pﬁ}% and Py represent the minimum and maximum output of the ammonia
1 ] max 3
production equipment, and APNH3 represents the maximum ramp rate.
(5) Electric Boiler Operation Constraints

min EB,h max
Pegy, < Pg"" < Pepy, (46)
max EB,h EB,h max
—APppy < P — P2y < APpp, (47)

where P}gg”h and Pp7 represent the minimum and maximum output of the electric boiler,
and APy represents the maximum ramp rate.

3.3.3. Ammonia Blending Constraint

—0 < s < 4" (48)

where ™"

represents the maximum ammonia blending ratio of the cogeneration unit.
In Japan, a trial of co-firing 20% ammonia in a 1000 MW coal-fired unit at the Hekinan
Thermal Power Plant is planned, aiming to achieve this target in the mid-2030s [23]. In this
study, the same technical route is adopted, and the maximum ammonia blending ratio is

set to 20%.

3.3.4. EES Capacity Leasing Constraints

The EES participates in system operation through a capacity leasing mechanism. Its
state-of-charge SOC dynamics are expressed as

c 1T ,p,
ts=Si_1s+ Uc'ept,s’e ~ yDe Ptl?se (49)

where S{; denotes the stored electrical energy at time t under scenario s, Pt(,:s'e and Pt]?s'e
represent charging and discharging power, respectively, and #%¢ and 5 are charging and
discharging efficiencies.

The charging and discharging power are limited by

0 S PES,E S PC,emax (50)
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0 < Pt,Ds,e S PD,emax (51)

where PC™a¥ and PP#ma¥ denote the maximum charging and discharging power of the
EES, respectively.
Since the EES capacity is obtained via leasing, the stored energy is constrained by the
leased capacity:
0< S < S (52)

where S}%'" denotes the day-ahead leased capacity of EES.
To avoid end-of-horizon bias, the initial and terminal states are constrained as

Sos = ST (53)
where T denotes the final time period of the scheduling horizon.

3.3.5. Other Energy Storage Constraints

(1) Thermal Energy Storage Constraints

Thermal energy storage is used to shift heat across time periods. Its energy balance is
given by

ho_ ch ChpCh_ L pDh
Sts = St1s 1P — 77Di,hpt,s (54)

where S’f, ; denotes stored thermal energy, Pt(fs’h and Pt,DS'h denote heat charging and discharg-
ing power; 7" and P represent charging and discharging efficiencies.

The operational limits are

0< Pt(,fs,h < PC,hmax (55)
0 S Pt,DS,h S PD,hmax (56)
0 < Sfg < ghmax (57)

where PCax and PP/max denote the maximum heat charging and discharging power of
the thermal energy storage, respectively, and S~ represents the upper limit of thermal
storage capacity.
The terminal constraint is
Sg,s = S}%,s (58)

(2) Hydrogen Storage Constraints

Hydrogen storage is used to store the hydrogen produced during the electrolysis
process, enabling inter-temporal conversion from electrical energy to chemical energy. Its
operation is constrained by hydrogen storage capacity and injection/withdrawal rate limits.

The hydrogen storage balance is expressed as

Hy _ cH>
St,s - Stfl,s

+ Hft — HYY! (59)
where Sfig denotes the stored hydrogen at time ¢ under scenario s, H;’g and Hf/g” represent
hydrogen inflow and outflow, respectively.

The operational constraints are given by

0 < Hfli < H™mex (60)
0 S Hgi;t S Hout,max (61)
0< S{,{sz < SHz,max (62)
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where HM4* and H°“™4 denote the maximum hydrogen injection and withdrawal rates,
and SH27% is the hydrogen storage capacity limit.
The terminal condition is
H H
Sos = St (63)

(3) Ammonia Storage Constraints

Ammonia not only serves as an energy carrier participating in system dispatch, but
also exhibits energy storage characteristics. Its storage and consumption processes must
satisfy material balance and capacity constraints.

The ammonia storage balance is expressed as

Spe s = SR 4 AL — AP (64)

out

H i
where Sg\js ? denotes the stored ammonia, A}, and A%

represent ammonia inflow and
outflow, respectively.

The limits are defined as

0 < AfL < AMmax (65)
0 S A(gj;t S Aout,max (66)
0< Sl{iHS < SNH3,max (67)

where A?"¥ and A°#4MA% denote maximum ammonia injection and withdrawal rates, and
SNHzmax js the ammonia storage capacity limit.
The boundary condition is
NH; _ oNH;
Sos > =Sty (68)

3.4. Model Solution

The integrated energy system optimization model proposed in this study adopts a
two-layer structure. The lower layer is a multi-period mixed-integer optimization model
that considers ammonia co-firing constraints, electricity—heat coupling, and energy storage
operation constraints. The upper layer optimizes the leasing capacity of EES. Since only a
single capacity decision variable is involved in the leasing mode, the upper-layer problem
can be formulated as a one-dimensional continuous optimization problem.

3.4.1. Analysis of the Problem Structure

Let c¢; denote the leasing capacity of EES, with a range of [c; min o, max] - Given ¢y,
the lower-level scheduling model yields the system’s optimal operation cost C,,(c1) over
the planning horizon. Moreover, the leasing cost is a linear function of ¢1, expressed as
Crent(c1). Thus, the upper-level optimization problem can be formulated as:

Wéll‘np(cl) = Cop(Cl) + Crent(c1) (69)

Analysis of the system’s operational behavior shows that when the capacity is too
small, the system’s flexibility is insufficient, curtailment of wind and solar power increases,
and the carbon emission cost increases. Conversely, when the capacity is excessively large,
the leasing cost increases, whereas the reduction in operating cost is marginal. Therefore, the
total cost function F(c;) exhibits a unimodal trend within the feasible range. Accordingly,
the capacity optimization problem can be formulated as a one-dimensional unimodal
continuous optimization problem.
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3.4.2. GSS Algorithm

For the one-dimensional minimization of a unimodal function, the GSS algorithm
is employed to optimize the capacity. The method requires no gradient information and
iteratively approaches the optimal solution by interval reduction. The procedure is stable
and computationally efficient.

Let the initial search interval be [c1"", ¢;"%*] , and the golden section ratio be A:

V5—1

A= 70
Two internal test points, x; and x;, are constructed within the interval:
X1 = Clmax o A(clmax . Clmin)xz _ Clmin =+ /\(Clmux o Clmin) (71)

The objective function values F(x1) and F(x;) are evaluated at these points. If F(x;) <
F(x;), the optimal solution lies in the interval [c1™", x,], otherwise, it lies in [x7, ¢;™*].
The interval is iteratively reduced until the desired accuracy is achieved, yielding the
optimal capacity.

It should be noted that the applicability of the GSS algorithm relies on the unimodal
property of the objective function. In this study, the leasing price of energy storage is
assumed to be constant. Under this assumption, the total cost function remains smooth and
unimodal, which ensures the effectiveness of the GSS method. However, if more complex
pricing schemes are considered, such as non-linear or time-varying leasing prices (e.g., time-
of-use or demand-dependent pricing), the total cost function may become non-unimodal
with multiple local optima. In such cases, the GSS algorithm may fail to identify the global
optimum. To address such scenarios, more advanced optimization methods, such as global
optimization techniques or heuristic algorithms, may be required. This will be explored in
future work.

3.4.3. Model Solution Procedure

The solution procedure of the model is illustrated in Figure 3.

Generate Initial Scenarios of Wind. PV, Electrical and
Thermal Loads Using Improved Chaotic Latin Hypercube
Sampling

v

| Scenario Reduction via Improved K-means Clustering ‘
Energy Storage Leasing Capacity H Typical Scenarios with Corresponding Probabilities ‘

v

Set Search Interval of Energy Storage Capacity
[e™*,c/™*and Termination Tolerance

Compute Two Interior Points x1 and x2 via Golden Section
Method

Evaluate Total Cost F(x;) and F(x;) Using Dispatch Model ‘

v

| Compare F(x;) and F(x2) ‘

Check Termination Criterion

A\

Output Optimal Energy Storage Leasing Capacity

Figure 3. Flowchart of the energy storage capacity optimization framework.
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First, stochastic scenarios of wind power, PV power, and electrical and thermal loads
are generated using the C-LHS method. These scenarios are then reduced through an
improved K-means clustering algorithm to obtain representative scenarios and their asso-
ciated probability distributions. Subsequently, a coupled model of capacity optimization
and operational scheduling is established. The feasible interval and termination accuracy
for the EES leasing capacity are set, and two test points are generated within the interval
according to the golden section ratio. The lower-level scheduling model is invoked to
evaluate the system’s operational cost at each point. Based on the total costs at the two
points, the capacity search interval is updated, and the optimization is performed by itera-
tively narrowing the interval. The iteration terminates when the interval width satisfies the
accuracy requirement, yielding the optimal EES leasing capacity and the corresponding
system scheduling plan.

4. Case Analysis
4.1. System Composition and Parameters

The system considered in this study comprises one wind power plant, one PV power
plant, one CHP unit, one water electrolysis unit, one power-to-ammonia unit, one hydrogen
fuel cell system, one electric boiler, and four types of energy storage devices. The initial
number of scenarios is set to 1000, and 10 typical scenarios are obtained. The typical
source-load scenarios considering prediction errors are shown in Figure 4. The probabilities
of the typical scenarios are presented in Table 1, and the main parameters of each unit are
listed in Table 2 [25].

Table 1. Probability of typical scenarios.

Scenario ID Probability Scenario ID Probability
1 0.0671 6 0.0553
2 0.0448 7 0.1097
3 0.2187 8 0.0512
4 0.1273 9 0.0942
5 0.1484 10 0.0834

Table 2. The main parameters of each unit.

Parameter Value Parameter Value
hp, /(MW-h/t) 37.87 nke 0.4
hn, /(MW-h/t) 0.8 nkc 0.35
hnp,/(MW-h/t) 11.49 n° 0.95

nH2 0.85 n* 0.95

yNHs 0.85 Ceont/ (CNY /1) 1000

o/(MW-h/t) 1.6044 ¢t /(CNY/kW-h) 0.03

EB 0.8 cP? /(CNY/kW-h) 0.04

c®/(CNY/t) 100 ¢’ /(CNY/kW-h) 0.15
ax107/(tMW=2h™1) 7.58799 b x 107%/(tMW~—2.h~1) 2.716019

c/(th™1) 18.82248 cv 0.23
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Figure 4. Typical scenario of source load considering prediction error; (a) Wind Power Scenarios Con-
sidering Errors; (b) PV Power Scenarios Considering Errors; (c) Electric Load Scenarios Considering
Errors; (d) Heat Load Scenarios Considering Errors.

4.2. Effectiveness Analysis of Stochastic Scenario Generation

This study employs a stochastic sampling method to perform optimization analysis
on wind and PV scenarios. To improve computational accuracy, a large number of random
scenario samples must be generated. To evaluate the computational performance of the C-
LHS method, a comparative analysis is conducted against the conventional LHS approach.

Figure 5 shows the variation of computing time for the two sampling methods under
different sample sizes. As shown in the figure, when the number of samples reaches 1000,
the computing time of the conventional LHS method increases sharply, whereas that of
the C-LHS grows at a much slower rate. For a comprehensive performance comparison,
a representative sample size is selected. As shown in Figure 6, when the number of
samples reaches approximately 800, the similarity of the scenario sets generated by the two
methods to the actual distribution stabilizes at a high level, indicating that further increasing
the number of samples provides little additional benefit for scenario representativeness.
Therefore, selecting a sample size of 1000 is of representative significance: this size ensures
sufficient accuracy of the scenario set while clearly demonstrating the computational
efficiency advantages of the improved algorithm. Figure 7 further presents the comparison
of the two methods on four key indicators at a sample size of 1000.
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Figure 7. Comparison of the four key indicators under different sampling algorithms.

As shown in Figure 7, when the sample size is set to 1000, the C-LHS method achieves
performance comparable to that of the conventional LHS in key metrics, including maxi-
mum and minimum distance, scenario similarity, and entropy, while requiring less compu-
tational time. This result is consistent with the trends shown in Figures 5 and 6, further
confirming the computational efficiency advantage of the C-LHS method while maintaining
sampling quality.

4.3. Construction of Comparative Cases and Scheduling Analysis

To verify the effectiveness of this study, the system is divided into five cases for
analysis:
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Case 1: without heat storage, electric boiler, or ammonia co-firing.

Case 2: with ammonia co-firing only.

Case 3: with heat storage and electric boiler only.

Case 4: with heat storage, electric boiler, and ammonia co-firing.

Case 5: with heat storage, electric boiler, and ammonia co-firing, and with optimization
of the day-ahead lease capacity of EES.

The optimization results for the five cases are obtained under the typical scenarios
and summarized in Table 3.

Table 3. Comparison of costs and carbon emissions of different schemes.

Wind & Wind &

CHP Carbon . Energy
. . Solar Solar . Equipment Carbon
Case Total Cost Operating Emission Curtailment Operation Environmental O&M Cost Storage Emissions
(10* CNY) Cost (10* Cost (10* " 4 Cost (10* CNY) "y Cost (10* 3
CNY) CNY) Cost (10 Cost (10 (10* CNY) CNY) (10° t COy)
CNY) CNY)
1 157.73 49.27 9.06 49.26 15.58 0.62 29.84 4.10 1.27
2 127.34 45.26 8.03 26.43 16.79 0.57 26.16 412 1.16
3 117.54 49.27 9.06 11.93 17.53 0.62 24.83 4.30 1.27
4 103.45 45.14 8.00 0 18.14 0.57 27.29 4.32 1.16
5 101.22 45.50 8.08 0 18.14 0.57 27.27 1.69 1.17

From Table 3, the comparison of the five cases under typical scenarios shows the
following. Compared with Case 1, Case 2 achieves reductions of 8.13% in the operating
cost of the cogeneration unit, 11.37% in carbon emission cost, 46.35% in wind and solar
curtailment cost, and 19.27% in total cost, indicating that introducing ammonia co-firing en-
hances wind and solar power utilization and reduces system coal consumption. Compared
with Case 1, Case 3 reduces wind and solar curtailment cost by 75.78% and total cost by
25.48%, showing that the addition of thermal storage and electric boiler devices can further
improve wind and solar power utilization and operational economy. Compared with Case
3, Case 4 reduces the operating cost of the cogeneration unit by 8.38%, carbon emission cost
by 11.7%, wind and solar curtailment cost by 100%, and total cost by 11.99%, outperforming
the linear sum of Cases 2 and 3. This demonstrates that introducing ammonia co-firing in a
system equipped with heat storage and electric boiler devices can further enhance wind
and solar power utilization and reduce system coal consumption. Compared with Case 4,
Case 5 shows reductions of 60.87% in energy storage cost and 2.1% in total cost, indicating
that optimizing the day-ahead lease capacity of EES can lower both energy storage costs
and the overall operating cost of the system.

4.4. Impact Analysis of Ammonia Co-Firing Technology in the CHP Unit

The coal consumption cost and carbon emission cost of a CHP unit are important
indicators of the system’s clean energy use. Lower coal consumption and carbon emissions
indicate higher energy utilization efficiency of the unit, which not only improves the
system’s cleanliness but also reduces greenhouse gas emissions and other environmental
pollutants, thereby contributing positively to environmental quality.

From Table 3, it can be seen that compared with Case 1, the operating cost of the CHP
unit in Case 2 has decreased by 8.13%, and the carbon emission cost has decreased by
11.37%, indicating that introducing ammonia co-firing can effectively reduce coal consump-
tion and carbon emissions. The electricity output and coal consumption of the CHP units
in Cases 1 and 2 are shown in Figure 8.

https:/ /doi.org/10.3390/en19071774


https://doi.org/10.3390/en19071774

Energies 2026, 19, 1774 22 of 29

—6— case 1 CHP Power [ case 1 Coal Consumption
——&— case 2 CHP Power [0 case 2 Coal Consumption

9]
S

o

o

o
5

o
S

Electrical Power (MW)
Coal Consumption (t}

Time (h)

Figure 8. Electrical power and coal consumption for CHP output.

As shown in Figure 8, after introducing ammonia co-firing in Case 2, the electricity out-
put of the CHP unit is similar to that of Case 1 in most periods, while the coal consumption
is reduced. During the off-peak electricity period from 0:00 to 8:00, the coal consumption
in Case 2 is significantly lower than in Case 1. The thermal scheduling results of the CHP
units in Cases 1 and 2 are shown in Figure 9.

—o—Thermal Load o 8 —o—Thermal Load

Time(h) Time(h)

(a) (b)

Figure 9. Thermal dispatch results. (a) Case 1; (b) Case 2.

As can be seen from the comparison in Figure 9, the heat released during the ammonia
synthesis process can effectively supplement the system’s thermal load demand, thereby
reducing heating energy consumption and enhancing system operational flexibility.

4.5. Impact of Thermal—Electric Decoupling of the CHP Unit with Thermal Enerqy Storage and
Electric Boiler on Wind and PV Power Accommodation

To analyze the impact of enhanced thermoelectric decoupling capability on wind
and PV energy accommodation after the installation of thermal storage tanks and electric
boilers, Case 1 and Case 3 are selected for comparative analysis. The corresponding wind
and PV accommodation results are illustrated in Figure 10a,b.
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Figure 10. Forecasted Wind and PV Power and Corresponding Wind and PV Accommodation under
Different Schemes. (a) Wind Accommodation: Case 1 vs. Case 3; (b) PV Accommodation: Case 1 vs.
Case 3; (c) Wind Accommodation: Case 3 vs. Case 4; (d) PV Accommodation: Case 3 vs. Case 4.

As shown in Figure 10a, in Case 1 without thermal storage and electric boiler in-
stallations, the CHP unit is constrained by heat supply requirements and must maintain
a relatively high minimum forced electrical output during off-peak electricity demand
periods. This operational constraint limits system flexibility. Consequently, significant
wind power curtailment occurs during the low-demand period from 2:00 to 7:00. Mean-
while, during the PV ramp-up period between 4:00 and 7:00, photovoltaic accommodation
is restricted due to the minimum output limitation of the CHP unit, leading to notable
PV curtailment.

In contrast, after introducing thermal storage tanks and electric boilers in Case 3, the
coupling relationship between heat supply and power generation is effectively alleviated.
The thermal storage device absorbs surplus heat during periods of excess electricity, while
the electric boiler utilizes off-peak electricity to supplement heat demand. As a result, the
minimum forced electrical output of the CHP unit is significantly reduced. Figure 10a,b
show that, under identical wind and solar generation conditions, wind curtailment during
2:00-7:00 is substantially mitigated in Case 3, and PV curtailment during 4:00-7:00 is
markedly reduced.

From an overall performance perspective, the combined wind and solar curtailment
rate decreases from 14.79% in the original configuration to 3.58% after the installation of
thermal storage and electric boiler systems. These results demonstrate that thermoelectric
decoupling achieved through thermal storage and electric boiler integration effectively
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enhances renewable energy accommodation capability, thereby providing strong support
for high renewable penetration operation.

4.6. Impact of Introducing Ammonia Co-Firing in the System with Thermal Energy Storage and
Electric Boiler on Wind and PV Power Accommodation

Building upon the previous analysis of the effects of thermal storage and electric boiler
installations on wind and PV power accommodation, this section further investigates the
impact of introducing ammonia co-firing technology on renewable energy utilization. To
this end, Case 3 and Case 4 are selected for comparative analysis. The corresponding wind
and PV output profiles are illustrated in Figure 10c,d, respectively.

As shown in Figure 10c, although both schemes are equipped with thermal storage
and electric boiler systems, Case 3 still experiences wind curtailment during certain periods.
This phenomenon is particularly evident when electrical demand is relatively low while
renewable generation remains high, indicating that system flexibility is still constrained
despite partial thermoelectric decoupling.

In contrast, after the introduction of ammonia co-firing in Case 4, the operational
flexibility of the CHP unit is further enhanced. The restriction on wind power output is
alleviated, and the wind curtailment level exhibits a noticeable reduction compared with
Case 3.

A similar trend can be observed for photovoltaic generation. As illustrated in Fig-
ure 10d, Case 4 demonstrates improved PV accommodation capability during periods
of rapid output increase and peak generation. With ammonia co-firing incorporated,
the system maintains heat supply requirements while further relaxing constraints on
power-side output, thereby enabling more effective absorption of PV energy and reducing
curtailment.

Overall, the results indicate that, beyond the initial thermoelectric decoupling achieved
through thermal storage and electric boiler deployment, the integration of ammonia co-
firing technology further enhances system flexibility and renewable adaptability. Conse-
quently, wind and photovoltaic accommodation levels are continuously improved. These
findings suggest that ammonia co-firing not only contributes to carbon emission reduction
but also plays a positive role in improving overall system operational performance under
high renewable penetration.

4.7. Comparative Analysis Under Uncertain Scenarios

In actual operation, wind and PV power outputs exhibit significant forecasting errors,
and scheduling optimization based solely on deterministic forecasts may fail to reflect the
system’s performance under real operating conditions. To evaluate the adaptability of
the proposed scheduling strategy under uncertainty, stochastic operational scenarios are
constructed based on wind and solar forecast errors, and multi-scenario re-simulations are
performed using the C-LHS method.

Specifically, +10% random perturbations are introduced to the wind and PV forecast
curves to generate 50 stochastic operational scenarios. For each scenario, re-scheduling
calculations are performed for Case 1 and Case 5. The operational cost, carbon emissions,
and renewable power utilization are then collected for all scenarios to evaluate the stability
and economic performance of different scheduling strategies under stochastic fluctuations.
Table 4 presents the statistical results of the two cases across the 50 stochastic scenarios.
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Table 4. Comparison of Indicators Between Two Plans.

Case 1 Case 5

Average Cost (10* CNY) 155.6 101.05
Cost Std. Dev. (10* CNY) 247 0.78

Worst Cost (10* CNY) 160.61 103.44

Optimal Cost (10* CNY) 149.88 100.12
Carbon Emission Cost (10* CNY) 9.06 8.05
Wind Power Utilization (%) 82.28 99.91
PV Utilization (%) 93.46 99.62

Cost Variation Coefficient 0.0159 0.0078

From an economic perspective, the average operational cost of Case 5 under the
stochastic scenarios is 101.05 x 10* CNY, representing a reduction of approximately 35.05%
compared with 155.6 x 10* CNY for Case 1. This indicates that the proposed strategy still
exhibits a significant cost advantage under uncertain conditions. Meanwhile, the standard
deviation of the operational cost in Case 5 is 0. 78 x 10* CNY, a decrease of approximately
68.26% compared with 2.47 x 10* CNY for Case 1, demonstrating a substantially reduced
sensitivity to wind and solar power fluctuations.

Furthermore, the system operational stability is evaluated using the coefficient of varia-
tion (defined as the ratio of the standard deviation to the mean). The coefficient of variation
for Case 5 is 0.0078, compared with 0.0159 for Case 1, representing a reduction of approxi-
mately 50.9%. This indicates that the proposed scheduling strategy provides higher stability
and stronger robustness against disturbances under stochastic operational scenarios.

In terms of risk performance under extreme scenarios, the worst-case operational cost
of Case 5 is 103.44 x 10* CNY, representing a reduction of approximately 35% compared
with 160.61 x 10* CNY for Case 1. This demonstrates that under adverse wind and solar
power output conditions, the proposed method can still maintain superior operational
performance, indicating strong risk resilience.

In terms of low-carbon operation, the average carbon emission cost of Case 5 is
8.05 x 10* CNY, representing a reduction of approximately 11.1% compared with 9.06 x 10*
CNY for Case 1. Meanwhile, regarding renewable power utilization, the wind and PV ab-
sorption rates in Case 5 increase to 99.91% and 99.62%, respectively, which are significantly
higher than those in Case 1.

In summary, under stochastic operational scenarios considering the uncertainty of
wind and solar power output, the proposed scheduling strategy not only demonstrates a
clear advantage in terms of average operational cost, but also exhibits superior performance
in operational stability, risk resilience under extreme scenarios, carbon reduction, and
renewable power utilization. These results fully validate its operational stability and
economic efficiency under uncertain conditions.

4.8. Sensitivity Analysis
4.8.1. Sensitivity Analysis of Energy Storage Leasing Price

To investigate the economic impact of EES leasing, a sensitivity analysis on the leasing
price is conducted. The leasing price is varied within a predefined range, and the corre-
sponding optimal leasing capacity and renewable energy curtailment cost are evaluated, as
shown in Figure 11a,b.
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Figure 11. Sensitivity analysis of EES leasing price. (a) Leasing Price vs. Capacity; (b) Leasing Price
vs. Curtailment Cost.

Figure 11a illustrates the relationship between leasing price and optimal leasing
capacity. When the leasing price is low, the system tends to lease a larger storage capacity,
as the marginal benefit of reducing renewable energy curtailment exceeds the leasing cost.
As the leasing price increases, the optimal leasing capacity gradually decreases, indicating a
reduction in the economic attractiveness of storage leasing. When the leasing price exceeds
a critical threshold (approximately 200), the optimal leasing capacity drops to zero. Beyond
this threshold, leasing energy storage becomes economically unfavorable compared to
curtailing excess renewable energy.

Figure 11b shows the variation of renewable energy curtailment cost with respect to
the leasing price. At low leasing prices, the curtailment cost is close to zero, indicating that
sufficient storage capacity can effectively absorb renewable energy. However, as the leasing
price increases and the leasing capacity decreases, the system gradually loses its ability to
fully utilize renewable energy, leading to a sharp increase in curtailment cost. When the
leasing capacity becomes zero, the curtailment cost stabilizes at a high level, suggesting
that the system can only rely on its inherent flexibility.

Overall, the results reveal a clear trade-off between leasing cost and curtailment loss.
A moderate leasing price can effectively reduce renewable energy curtailment and lower
total system cost, while excessively high leasing prices suppress storage participation
and increase curtailment. The identified price threshold provides a useful reference for
determining economically viable leasing prices in practical applications.

4.8.2. Sensitivity Analysis of the Heat Recovery Allocation Coefficient

To further investigate the impact of CHP operational characteristics on the performance
of the integrated energy system, a sensitivity analysis of the heat recovery allocation
coefficient is conducted. In this study, this parameter is represented by the slope of the
feasible operating region of the CHP unit, denoted as c,. It characterizes the coupling
relationship between power output and heat output, and thus reflects the thermoelectric
coupling strength of the unit.

Specifically, a larger c, indicates stronger thermoelectric coupling, meaning that a
higher power output is required to satisfy a given heat demand. This effectively increases
the minimum technical power output of the CHP unit and reduces its operational flexibility.
In contrast, a smaller ¢, corresponds to enhanced decoupling capability, which is beneficial
for system regulation and renewable energy integration.
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According to the literature in [10], a reference value of ¢, = 0.23 is adopted, correspond-
ing to a typical operating condition. However, in practical applications, the value of c; is
not constant and may vary with operating conditions such as load level, heat demand, and
control strategies. Therefore, to comprehensively evaluate its impact, ¢, is varied within
the range of 0.16-0.30 around the reference value, and a sensitivity analysis is performed.

Figure 12a illustrates the variation of the total system cost with respect to c,. It can
be observed that the total cost exhibits a non-monotonic trend: as ¢, increases from 0.16
to approximately 0.23, the total cost decreases significantly; however, when ¢, further
increases to 0.30, the total cost rises slightly. This indicates that an optimal operating region
exists around ¢, ~ 0.23.
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Figure 12. Sensitivity analysis results of the heat recovery allocation coefficient. (a) Impact of Heat
Recovery Coefficient on Cost; (b) Impact of Heat Recovery Coefficient on Emissions.

From a mechanistic perspective, when ¢, is relatively small, the CHP unit has strong
decoupling capability but relatively low heat utilization efficiency, which may lead to
increased operation of auxiliary heating units and higher system costs. At moderate values
of ¢y (around 0.23), a favorable balance is achieved between heat utilization efficiency
and operational flexibility, resulting in the lowest system cost. When ¢, becomes larger,
the strengthened thermoelectric coupling raises the minimum power output of the CHP
unit under heat demand constraints, thereby limiting renewable energy accommodation
and increasing reliance on fossil-fuel-based generation, which in turn leads to higher
system costs.

Figure 12b shows the corresponding carbon emissions. It can be seen that carbon
emissions increase monotonically with c,. This is because stronger thermoelectric coupling
reduces system flexibility and restricts the integration of renewable energy, resulting in
higher output from conventional fossil-fuel units and thus increased emissions.

Overall, the results indicate that the heat recovery allocation coefficient ¢, is a key
parameter affecting the operational flexibility of CHP units and the overall system perfor-
mance. Lower ¢, values improve decoupling capability and facilitate renewable energy
utilization but may reduce heat utilization efficiency, while higher c, values strengthen
coupling and constrain system flexibility. Therefore, in practical applications, ¢, should be
carefully selected according to specific operating conditions to achieve a balance between
economic performance and environmental impact.

It is also noteworthy that the reference value (c, = 0.23) reported in the literature is
close to the optimal region identified in this study, which indirectly validates the rationality
of the selected parameter.
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5. Conclusions

To address the challenges of increased uncertainty and insufficient flexibility in inte-
grated energy systems with high renewable penetration, this paper develops a stochastic
day-ahead scheduling framework integrating uncertainty scenario modeling, thermoelec-
tric decoupling, ammonia co-firing, and EES capacity leasing optimization. Through
coordinated multi-mechanism optimization, the proposed approach simultaneously en-
hances economic performance, low-carbon operation, and system stability. The main
conclusions are summarized as follows:

1.  The proposed C-LHS method combined with an improved K-means clustering algo-
rithm enhances the efficiency of scenario generation and reduction while preserving
scenario representativeness and distribution consistency. The approach provides
reliable technical support for stochastic scheduling of integrated energy systems.

2. By integrating thermal energy storage and electric boilers, the conventional heat-led
constraint of CHP units is effectively relaxed, improving electrical-side flexibility. The in-
troduction of ammonia co-firing further optimizes the fuel structure and reduces carbon
intensity, while heat recovery from ammonia synthesis enhances thermal-side regulation
capability. The coordinated operation of these mechanisms improves renewable energy
accommodation and overall operational efficiency, demonstrating synergistic effects.

3. This study treats EES capacity as a day-ahead leasing decision variable. A unimodal
capacity optimization model is formulated and solved using the Golden Section
Search algorithm, achieving a balance between computational efficiency, cost, and
operational flexibility. The results indicate that the proposed mechanism not only
reduces energy storage costs and overall system operating costs, but also enhances its
stability and resilience under renewable energy output fluctuations.

Although the direct economic benefits observed in this study are relatively limited,
the value of the proposed EES leasing framework should not be evaluated solely based on
short-term cost reduction. The proposed approach enhances system flexibility, improves
renewable energy accommodation, and alleviates operational constraints of conventional
units, which are critical for integrated energy systems with high renewable penetration.
Moreover, the leasing optimization is implemented at the scheduling level and does not
introduce significant additional computational burden. Therefore, its implementation
complexity is considered acceptable in relation to the operational benefits achieved. With
the increasing penetration of renewable energy, the economic value of flexible resources
such as shared energy storage is expected to become more prominent.
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