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Abstract

With the rapid development of artificial intelligence technologies and the increasing energy
demand of data centers, energy systems need to be operated with increasing reliability and
flexibility. To address operational risks caused by renewable energy fluctuations and random
equipment failures, this study takes a distributed integrated energy system for a data center
as the research object and proposes an optimal scheduling strategy that coordinates dynamic
reliability and flexibility. First, a dynamic reliability assessment model is established using
a sequential Monte Carlo simulation based on a two-state Markov model, and the system’s
reliability is quantitatively evaluated using the loss of load probability (LOLP) and expected
energy not supplied (EENS). Second, equipment-level and system-level flexibility margin
models are developed, and a dynamic reliability baseline constraint is introduced to integrate
reliability requirements and regulation capability into a unified optimal scheduling framework.
Finally, a simulation case based on the characteristics of a data center in Lingang, Shanghai,
is used to evaluate the proposed method under typical seasonal operating conditions. The
results show that the proposed strategy can effectively improve energy supply reliability and
operational flexibility. Under typical summer conditions, the EENS of the cooling system is
reduced by 82.3% compared with the conventional strategy, while the total system operating
cost is reduced by 10.93–15.16% under different seasonal conditions. The proposed framework
provides an effective approach for the reliability–flexibility-coordinated operation of data
center integrated energy systems.

Keywords: distributed integrated energy system; dynamic reliability; flexibility margin;
data center; optimal scheduling

1. Introduction
The ongoing low-carbon energy transition and rapid advances in artificial intelligence

have driven a marked increase in both the scale and energy consumption of data centers,
which serve as critical infrastructure for the digital economy. The sustained high-intensity
operation of server clusters and cooling equipment imposes stringent requirements on
the continuity and reliability of the energy supply. Traditional data centers, however,
rely predominantly on external power grids and centralized supply modes, resulting in
low energy efficiency and limited regulation flexibility. To address these deficiencies, the
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integration of distributed energy resources; energy storage; and combined cooling, heating,
and power (CCHP) systems into a data center integrated energy system (IES) has become
a promising direction. By coordinating electricity, natural gas, and thermal energy, the
IES can fully exploit multi-energy complementarity, thereby improving both operational
flexibility and economic performance [1–5].

With the increasing penetration of renewable energy, the operation of data center inte-
grated energy systems faces growing uncertainty from renewable generation fluctuations,
load variations, and stochastic equipment failures. These uncertainties not only affect the
economic operation of the system but also challenge the continuous and reliable energy
supply required by data centers. Compared with conventional energy systems, a data
center IES involves strong coupling among multiple energy flows and complex interactions
among energy conversion equipment, storage devices, and flexible loads. Consequently, en-
suring reliable operation while maintaining sufficient regulation capability under uncertain
conditions has become a key challenge for sustainable data center energy management.

In recent years, data center operators have gradually adopted low-carbon strategies
such as renewable electricity procurement and green electricity certificates (green energy
certificates) to reduce the carbon footprint associated with electricity consumption. These
approaches mainly reduce emissions from the energy supply side by improving the carbon
characteristics of the consumed electricity. However, operational scheduling strategies de-
termine how available energy resources are dynamically utilized under different operating
conditions and directly influence the coordination between renewable generation, energy
storage, and multi-energy conversion devices. Therefore, flexibility-oriented scheduling
provides an important operational pathway for supporting sustainable energy utilization.
Nevertheless, due to the lack of mature dynamic carbon emission factor models that can
accurately describe real-time variations in electricity carbon intensity, the quantitative con-
tribution of operational flexibility to carbon reduction remains difficult to evaluate. Thus,
sustainable data center operation requires not only low-carbon energy supply structures
but also reliable and flexible operational management strategies.

1.1. Reliability Quantification and Characterization of Integrated Energy Systems

Compared with that on traditional power systems, reliability research on integrated
energy systems (IESs) remains nascent. Existing reliability theories are primarily tailored
to single-energy networks, whereas an IES is characterized by multi-energy coupling and
heterogeneous coordination. Hence, establishing a unified evaluation framework that
accommodates both overall system reliability and the distinct characteristics of electricity,
heat, and natural gas remains a considerable challenge.

Extensive research on IES reliability assessment has been conducted in recent years.
Reference [6] combines analytical and simulation methods to evaluate the reliability of
wind power systems with energy storage. Reference [7] develops a data-driven reliability
assessment model based on machine learning. Reference [8] improves the computational
efficiency of reliability evaluation via an enhanced state-enumeration approach. Refer-
ences [9,10] establish reliability analysis models for electricity–gas coupled networks and
for IESs under uncertainty scenarios, respectively. References [11,12] further integrate
intelligent-agent algorithms with Markov multi-state simulation to achieve reliability mea-
surement and assessment for IESs.

Regarding reliability-constrained optimal scheduling, Reference [13] combines dy-
namic optimal energy flow with Monte Carlo simulation to realize emergency dispatch
under fault scenarios. Reference [14] constructs a multi-objective optimization model that
balances economic performance, low-carbon performance, and flexibility. Reference [15]
adopts hybrid game-theoretic optimal scheduling and employs a state-similarity method
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to ensure reliable and economic IES operation. Reference [16] develops a thermal-storage-
based rolling-horizon scheduling framework for regional integrated energy systems and
incorporates Markov simulation to evaluate reliability and resilience.

In summary, existing studies have made significant progress in IES reliability assess-
ment and reliability-constrained scheduling. However, most of them emphasize either
reliability evaluation or economic optimization, with insufficient in-depth characterization
of the synergy between dynamic reliability and system flexibility. Moreover, the impacts of
equipment ramping constraints, fault evolution processes, and multi-energy-flow dynamic
regulation capabilities on operational reliability have not been fully considered. There-
fore, it is necessary to develop an optimal scheduling approach that jointly accommodates
dynamic reliability and flexibility requirements, to enhance the security and economic
performance of IESs under complex operating conditions.

1.2. Quantification and Characterization of Flexibility Margins for IES in Demand Response

Flexibility is generally defined as the ability of a system to cope with supply–demand
fluctuations and uncertain disturbances while maintaining dynamic equilibrium operation.
The International Energy Agency (IEA) defines flexibility as the capability of an energy sys-
tem to adjust supply and demand in response to variability and uncertainty [17]. Flexibility
therefore represents the ability of the system to coordinate available resources and maintain
reliable operation under changing operating conditions. Although a unified definition
has not yet been established, the essence of flexibility consistently reflects the system’s
capacity to absorb disturbances and adapt to changes across different timescales [18]. For
integrated energy systems (IESs), flexibility derives not only from the inherent regulation
potential of multiple energy resources—including electricity, heat, cooling, and natural
gas—but also from the synergistic complementarity among different energy subsystems
under multi-energy coupling conditions [19–22].

The flexibility margin is a critical indicator for characterizing system regulation ca-
pability and adjustable capacity, and serves as the foundation for system planning and
optimal scheduling. However, the evaluation framework and quantification methods for
IES flexibility are still in the developmental stage [23]. In recent years, extensive research
has been conducted on flexibility modeling and assessment. Reference [24] constructs a flex-
ibility evaluation framework for an electricity–heat–water coupled system. Reference [25]
exploits the regulation potential of heat loads to achieve peak load shaving in distribution
networks. Reference [26] analyzes the economic value of flexible resources participating in
electricity markets. Reference [27] establishes a multi-dimensional flexibility evaluation
index system. Reference [28] investigates the impact of flexibility pricing mechanisms on
IES operational benefits. Reference [29] further proposes a flexibility quantification method
that accounts for spatiotemporal coupling characteristics.

In summary, existing studies predominantly focus on single power systems or specific
flexibility resources, with insufficient characterization of comprehensive flexibility under
the coupling of multiple energy carriers such as electricity, heat, and cooling. Moreover, the
coupling relationship between system flexibility and operational reliability has not been
thoroughly investigated, making it difficult to reflect the multi-energy synergistic regulation
capability under complex operating environments. Therefore, it is necessary to develop a
flexibility evaluation and optimal scheduling approach for IES that jointly accommodates
dynamic reliability and flexibility requirements, thereby supporting secure and economic
operation under the context of high-penetration renewable energy integration [30,31].
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1.3. Research Content and Contributions

To address the aforementioned issues, this study takes a distributed integrated energy
system of a data center as the research object and proposes an optimal scheduling strategy
that coordinates dynamic reliability and flexibility. First, the equipment operation models
and the dynamic reliability assessment model are established, with the sequential Monte
Carlo simulation based on a two-state Markov model method employed to characterize
the dynamic state transition processes of the equipment. Second, the concept of a dynamic
reliability baseline is introduced to quantify the required reserve capacity under high-
confidence fault scenarios based on a predefined reliability confidence level. On this basis, a
flexibility margin model is further developed above the baseline, and the dynamic reliability,
flexibility, and system economic operation objectives are uniformly incorporated into the
optimization framework, thereby achieving the coordinated optimization of energy supply
reliability and operational economy.

The main contributions of this study are as follows:

(1) A dynamic reliability model for the integrated energy system is established that ac-
counts for the dynamic state transition processes of equipment, enabling the dynamic
quantification of system operational risk. Furthermore, a dynamic reliability baseline
model is proposed to characterize the reliability reserve boundary of the system under
high-confidence fault scenarios based on scenario-based quantile estimation.

(2) A flexibility margin model based on reliability constraints is constructed, achieving the
coordinated optimization of reliability and operational economy for the high-efficiency
data center chiller plant system.

2. Methodology
To address the challenge of coordinating reliability and flexibility in data center inte-

grated energy systems under the influence of renewable energy fluctuations and stochastic
equipment failures, this study constructs an optimal scheduling model that incorporates
dynamic reliability. First, the key equipment models and the energy balance model of the
system are established. Then, the system dynamic reliability is evaluated based on the
sequential Monte Carlo simulation based on a two-state Markov model method, and a
dynamic reliability baseline is constructed. On this basis, a flexibility margin model above
the baseline is developed to achieve a unified characterization of both the reliability require-
ments and regulation capability demands of the system. Finally, an optimal scheduling
model is formulated with the objective of minimizing the total operating cost, thereby
achieving the coordinated optimization of system reliability, flexibility, and economy. The
overall solution procedure of the proposed reliability–flexibility coordinated scheduling
framework is illustrated in Figure 1.

2.1. Energy Supply Equipment Modeling

Against the backdrop of growing renewable energy integration and the typical energy
consumption characteristics of distributed systems, this study selects a data center as the
research platform and constructs an IES physical architecture, as shown in Figure 2. On the
electrical supply side of this architecture, the data center is supplied by the public power
grid, with a gas engine (GE) undertaking the base power generation task, supplemented by
a photovoltaic (PV) array deployed outside the equipment room. The electricity from these
sources is consolidated into an uninterruptible power supply (UPS), which then delivers
stable power to the entire campus. On the cooling–heating interaction side, an electric
chiller (EC) and an absorption chiller (AC) constitute the primary sources of the cooling
load. Meanwhile, the waste heat generated during the cooling process is directed to a
heat pump (HP) for cascaded utilization, partially filling the cooling and heating gaps. In
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addition, the waste heat exhausted by the GE is captured by a waste heat boiler (WHB),
which is primarily used to drive the AC units for cooling, with the remaining heat directly
utilized for heating. To optimize operating costs and reduce the peak supply pressure, the
platform also integrates a storage battery (SB) and a cold storage device (CS), enabling
an economic regulation strategy of “charging at off-peak periods and discharging at peak
periods”, while also serving as an emergency backup power source under system outage
conditions.

Figure 1. Flowchart of the solution process for the optimal scheduling model of the integrated energy
system considering dynamic reliability.

Figure 2. Topology of the integrated energy system for the data center.

2.2. System Energy Balance Constraints

As shown in Figure 2, the supply–demand balance constraints for the electricity, heat,
and cooling of the integrated energy system are formulated as follows:

(1) Electric power balance:

Pgrid(t) + ∑
i

EGE,i(t) + ESB,dis(t) + EPV(t) = Pload(t) + ∑
j

EEC,j(t) + EHP1(t) + EHP2(t) + ESB,ch(t) + Psell(t) (1)

where Pgrid is the purchased electricity power; EGE is the power generated by the gas
engine; ESB,ch and ESB,dis are the charging and discharging powers of the storage battery,
respectively; EPV is the photovoltaic power; EEC is the input electric power of the electric
chiller; EHP1 and EHP2 are the electric powers for heating and cooling of the heat pump,
respectively; Pload is the electrical load; and Psell is the power sold to the grid.

The electrical output of the gas engine is related to its natural gas consumption through[︁
PGE,t = ηGEHgFg,t

]︁
(2)
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where Fg,t is the natural gas consumption rate, Hg is the calorific value of natural gas, and
ηGE is the electrical efficiency of the gas engine.

In Equation (2), the gas engine output is calculated based on fuel consumption and
electrical conversion efficiency. Therefore, the parameter represents the fuel-based electrical
efficiency rather than a heat-to-electricity ratio.

The dynamic energy state of the battery is described as

[Eb,t+1 = (1 − λb)Eb,t + ηch
b Pch,t∆t −

Pdis,t

ηdis
b

∆t] (3)

where Eb,t is the stored electrical energy, λb is the self-discharge rate, and ηch
b and ηdis

b are
the charging and discharging efficiencies, respectively.

The allowable battery energy range is constrained by

[SOCmin
b Emax

b ≤ Eb,t ≤ SOCmax
b Emax

b ] (4)

To avoid simultaneous charging and discharging of the battery, binary operation
variables are introduced. The charging and discharging states of the battery are constrained
as follows:

uch,t + udis,t ≤ 1
0 ≤ Pch,t ≤ uch,tPmax

ch
0 ≤ Pdis,t ≤ udis,tPmax

dis

(5)

where uch,t and udis,t are binary variables representing the charging and discharging states of
the battery, respectively. These constraints ensure that the battery cannot perform charging
and discharging operations simultaneously.

0 ≤ Pch,t ≤ uch,tPmax
ch

0 ≤ Pdis,t ≤ udis,tPmax
dis

(6)

where uch,t and udis,t are binary variables indicating the charging and discharging states of
the battery, respectively. The initial and terminal energy states of the battery are defined as

SOC0 = SOCinit

SOCT = SOC0

SOCT = SOC0

(7)

where SOCinit represents the initial state of charge. The terminal SOC constraint is intro-
duced to maintain daily operation continuity.

(2) Thermal balance:

∑
i

QH,WHB,i(t) + Qh,HP(t) = ∑
k

QH,AC,k(t) + Qh,load(t) (8)

where QH,WHB is the heat output power of the waste heat boiler, Qh,HP is the heating power
of the heat pump, QH,AC is the input heat power of the absorption chiller, and Qh,load is the
heating load.

The waste heat recovered from the gas engine is expressed as

[Qrec
GE,t = VNG,tHNGηwh

GE] (9)

where VNG,t is the natural gas consumption rate of the gas engine (m3/h), HNG is the lower
heating value of natural gas (kWh/m3), and ηwh

GE is the waste heat recovery coefficient of
the gas engine. Accordingly, the recovered waste heat is determined by the fuel energy

https://doi.org/10.3390/su182111353

https://doi.org/10.3390/su182111353


Sustainability 2026, 18, 11353 7 of 34

input rather than by directly multiplying the electrical output by the waste heat recovery
coefficient.

The heat output of the waste heat boiler is[︁
QWHB,t = ηWHBQrec

GE,t
]︁

(10)

where Qrec
GE,t is the recoverable waste heat from the gas engine calculated using Equation (9),

and ηWHB is the heat recovery efficiency of the waste heat boiler.
The cooling output of the absorption chiller is related to its thermal input by

[Qc
AC,t = COPACQin

AC,t] (11)

where COPAC is the coefficient of the performance of the absorption chiller.

(3) Cooling balance:

∑
j

QC,EC,j(t) + ∑
k

QC,AC,k(t) + Qc,HP(t) + QCS,out(t) = Qc,load(t) + QCS,in(t) (12)

where QC,EC is the cooling power of the electric chiller; QC,AC is the cooling power of the
absorption chiller; Qc,HP is the cooling power of the heat pump; QCS,out and QCS,in are
the discharging and charging cooling powers of the cold storage device, respectively; and
Qc,load is the cooling load.

For the electric chiller: [︁
Qc

EC,t = COPECPEC,t
]︁

(13)

where COPEC is the coefficient of the performance of the electric chiller.
For the heat pump in cooling mode:[︁

Qc
HP,t = COPc

HPPc
HP,t
]︁

(14)

where COPc
HP is the cooling coefficient of the performance.

The dynamic state of the cold storage unit is expressed as

[Ec,t+1 = (1 − λc)Ec,t + ηch
c Qc

ch,t∆t −
Qc

dis,t

ηdis
c

∆t] (15)

where Ec,t is the stored cooling energy, λc is the cooling loss rate, and ηch
c and ηdis

c are the
charging and discharging efficiencies of the cold storage unit, respectively.

The energy state of the cold storage unit is constrained by

[SOCmin
c Emax

c ≤ Ec,t ≤ SOCmax
c Emax

c ] (16)

and simultaneous charging and discharging are prevented by

0 ≤ Qc
ch,t ≤ uch

c,tQ
max
c

0 ≤ Qc
dis,t ≤ udis

c,t Qmax
c

[uch
c,t + udis

c,t ≤ 1]
(17)

The initial and terminal energy states of the cold storage unit are defined as

Ecs,0 = Ecs,init

Ecs,T = Ecs,0
(18)
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where Ecs,init represents the initial stored cooling energy. The terminal condition is applied
to maintain energy balance consistency over the scheduling horizon.

In addition, the cold storage loss coefficient is defined based on the 15 min dispatch
interval.

2.3. Dynamic Reliability Assessment

Under the influence of uncertain factors such as renewable energy fluctuations, stochas-
tic load variations, and equipment failures, satisfying energy balance conditions alone is
insufficient to guarantee adequate energy supply reliability and dynamic regulation capa-
bility. Therefore, based on the established energy balance models for the power system and
cooling system, a sequential Monte Carlo simulation method based on a two-state Markov
model is adopted to dynamically characterize equipment operating states. The system
reliability is quantified using the loss of load probability (LOLP) and expected energy not
supplied (EENS).

A sequential Monte Carlo simulation based on two-state Markov models is employed
to generate stochastic equipment operating states. A 15 min time step is adopted to maintain
consistency with the dispatch resolution. The simulation covers a two-year chronological
horizon, corresponding to 70,080 time intervals. All components are initialized in the nor-
mal operating state, and their subsequent transitions are determined by the specified failure
and repair probabilities. A fixed random seed of 2026 is used to ensure reproducibility.

For the scenario-based dispatch calculations, 10,000 equipment-state configurations
are selected from the generated chronological sequence. These configurations are evaluated
against the load conditions of each of the 96 dispatch intervals of a representative day. Thus,
the sample size of 10,000 refers to equipment-state configurations rather than independent
two-year trajectories. The selected sample size represents a computational compromise
between scenario coverage and optimization burden.

During fault scenarios, the available capacity of failed equipment is modified according
to its operating state. For equipment i, the output constraint is adjusted as

0 ≤ Pi,t ≤ zi,tPmax
i (19)

where zi,t represents the equipment operating state obtained from the sequential Monte
Carlo simulation. When zi,t = 0, the corresponding equipment output is unavailable. In
this case, both the lower and upper output bounds of the failed equipment are set to
zero, forcing its output to zero. For storage devices, failure states are assumed to result
in unavailable charging/discharging capability, while stored energy is maintained until
recovery.

To further quantify the sampling uncertainty of the Monte Carlo reliability estimates,
a nonparametric bootstrap procedure is adopted based on the 10,000 sampled equipment-
state configurations. In each bootstrap replication, 10,000 configurations are randomly
drawn with replacement from the original sample, and the reliability indices, including
LOLP and EENS, are recalculated using the same assessment procedure. The 95% confi-
dence intervals are determined by the 2.5th and 97.5th percentiles of the bootstrap estimates.
The resampling unit is the equipment-state configuration rather than the individual 15 min
dispatch interval. This procedure quantifies the sampling variability across the selected
configurations. The random seed is fixed to ensure reproducibility.

The following assumptions are adopted in the reliability simulation:

(1) The failure and repair processes of individual components are modeled using inde-
pendent two-state Markov models.

(2) Common-cause failures among multiple components are not explicitly considered.
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(3) The external power grid is assumed to have a high availability level and is not modeled
as a stochastic failure component in this study.

(4) The UPS system is considered as a backup protection device and is not explicitly
included in the stochastic failure model.

2.3.1. Dynamic Reliability Model of Energy Conversion Equipment

The key equipment in the integrated energy system is subject to stochastic failures
and repairs during operation, and its operating states evolve dynamically over time. To
accurately characterize the equipment state transition process, this study adopts a dynamic
reliability model based on Markov chains to model the equipment operating states. The
equipment is represented by a two-state model, namely the normal operating state (State 0)
and the faulty state (State 1), with the transition between the two states governed by the
failure rate λ and the repair rate µ, respectively.

Because the failure outage of an independent equipment is a stochastic process {X(t),
t ∈ T}} that evolves over time, according to Markov chain theory, within an infinitesimal
time step ∆t, the state transition probability of the i-th equipment can be approximated as
follows: ⎧⎪⎪⎪⎨⎪⎪⎪⎩

Pi[X(t + ∆t) = 1 | X(t) = 0] = pi
01(∆t) ≈ λ∆t

Pi[X(t + ∆t) = 0 | X(t) = 1] = pi
10(∆t) ≈ µ∆t

Pi[X(t + ∆t) = 0 | X(t) = 0] = pi
00(∆t) ≈ 1 − λ∆t

Pi[X(t + ∆t) = 1 | X(t) = 1] = pi
11(∆t) ≈ 1 − µ∆t

(20)

where pi
01 is the probability that the i-th equipment transits from State 0 to State 1,

pi
10 is the probability that the i-th equipment transits from State 1 to State 0, pi

00 is the
probability that the i-th equipment remains in State 0, and pi

11 is the probability that the i
equipment remains in State 1.

In this model, the state transition process is assumed to involve no secondary tran-
sitions. At the probability measure level, this simplification allows the transition matrix
elements to become numerically approximately equivalent to the inherent failure probabili-
ties of the equipment.

Define pi
j(t) = Pi{X(t) = j}, j ∈ E, as the probability that the i-th equipment is in state

j. Then it can be derived that

pi
j(t + ∆t) =

n

∑
k=0

pi
k(t)pi

kj(∆t) = pi
j(t)pi

jj(∆t) + ∑
k ̸=j

pi
k pi

kj(∆t) + o(∆t) (21)

By substituting different state parameters j into the above equation, the probability
distributions of the component under steady-state operation and forced outage conditions
can be derived, respectively:

pi
0(t + ∆t) = pi

0(t)(1 − λ∆t) + p,i
1(t)µ∆t (22)

pi
1(t + ∆t) = pi

1(t)(1 − µ∆t) + pi
0(t)λ∆t (23)

Through derivation and solving, the dynamic probability distribution of equipment i
at time t can be explicitly expressed as follows:

pi
0(t) =

µ

µ + λ
+

λ

µ + λ
e−(µ+λ)t (24)

pi
1(t) =

λ

µ + λ
− λ

µ + λ
e−(µ+λ)t (25)
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2.3.2. Reliability Assessment Indices

Considering the similarity in energy supply mechanisms among the electricity, heat,
and cooling multi-energy networks within the integrated energy system, this study adopts
loss of load probability (LOLP) and expected energy not supplied (EENS) as system relia-
bility evaluation indices and extends them to multi-energy scenarios to quantify the system
energy supply reliability level.

(1) Loss of Load Probability

For conventional power systems, the loss of load probability (LOLP) represents the
probability that the available energy supply capacity is insufficient to satisfy the load
demand. In the Monte Carlo simulation framework, LOLP is calculated based on the
occurrence frequency of insufficient supply states among all sampled operating scenarios.

N = Ns ∗ 96

LOLP = 1
N

N
∑

i=1
FLOLP(Xi)

(26)

where N is the total number of random sampling iterations, Ns is the number of Monte
Carlo sampled trajectories and T = 96 is the number of 15 min dispatch intervals in each
representative day. FLOLP(XI) is the interval-level test function that equals 1 when the avail-
able supply is insufficient to meet the load demand and 0 otherwise. Thus, Equation (11)
averages the shortage indicators over all 96 intervals of each sampled trajectory and across
all Ns trajectories.

Accordingly, LOLP represents the probability of insufficient energy supply at a ran-
domly selected 15 min dispatch interval, rather than the probability of experiencing at least
one shortage during a representative day.

The test function FLOLP(Xi) can be expressed as

FLOLP(Xi) =

{︄
1, Pavailable < Pload

0, Pavailable ≥ Pload
(27)

Given the similarity in operational mechanisms among multi-energy networks, this
study extends the aforementioned single-domain loss of load probability across domains to
the heating and cooling networks of the integrated energy system, collectively termed the
“loss of energy probability”. Accordingly, the quantification models for the loss of energy
probability of the individual electricity, heating, and cooling networks can be respectively
formulated as

LOLPE =
1
N

N

∑
i=1

FLOLP.e(Xi) (28)

LOLPH =
1
N

N

∑
i=1

FLOLP.h(Xi) (29)

LOLPC =
1
N

N

∑
i=1

FLOLP.c(Xi) (30)

(2) Expected Energy Not Supplied

In traditional power system reliability assessment, the expected energy not supplied
(EENS) is intended to quantify the absolute amount of energy shortage caused by equip-
ment failures or external disturbances. In this study, the case study is based on repre-
sentative seasonal operating days. Therefore, EENS is evaluated using a daily reliability
estimator instead of an annualized formulation. Each Monte Carlo sample represents one
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chronological equipment state trajectory generated over the simulated operating period.
For each representative operating day, the corresponding equipment states are extracted at
96 sequential dispatch intervals, and the curtailed power is integrated using the 0.25 h time
step to obtain curtailed energy. The daily expected energy not supplied is calculated as

EENS =
1

Ns

Ns

∑
s=1

96

∑
t=1

Ploss(s, t)∆t (31)

where EENS is the daily expected energy not supplied (kWh/day); Ns is the number of
Monte Carlo samples; Ploss(s,t) is the curtailed power at dispatch interval t under sample s
(kW); and ∆t is the dispatch interval (0.25 h).

Because the case study focuses on representative seasonal operating days, reliability
indices are calculated independently for winter, transition season, and summer conditions.
No seasonal weighting factor is introduced in the present study.

For the three heterogeneous energy flows—electricity, heat, and cooling—within the
integrated energy system, the quantification models for the individual expected energy not
supplied for each network can be respectively formulated as

EENSE =
1

Ns

Ns

∑
s=1

96

∑
t=1

Ploss,E(s, t)∆t (32)

EENSH =
1

Ns

Ns

∑
s=1

96

∑
t=1

Ploss,H(s, t)∆t (33)

EENSC =
1

Ns

Ns

∑
s=1

96

∑
t=1

Ploss,C(s, t)∆t (34)

(3) Energy supply reliability index

In addition to LOLP and EENS, an energy supply reliability index (RI) is introduced
to quantify the proportion of energy demand that is supplied on an expected-energy basis
under fault scenarios:

RI(j)
k,e = (1 −

EENS(j)
k,e

Eref,k,e
) ∗ 100% (35)

where Eref,k,e is the original daily energy demand for season k and energy carrier e, cal-
culated from the original load profile before demand response and energy conversion.
The same reference demand is used for Strategy 1 and Strategy 2 under the same seasonal
condition. The numerical reference daily demands used in the RI calculations are 153,165.01,
153,076.91, and 153,082.44 kWh/day for electricity in winter, the transition season, and
summer, respectively; 128,861.25, 162,127.16, and 180,674.23 kWh/day for cooling; and
11,248.44, 6975.60, and 5279.30 kWh/day for heating. For heating, no energy shortfall is
observed under either strategy; therefore, EENS is zero and RI is 100% in all three seasons.

RI reflects the energy supply adequacy from an energy quantity perspective. There-
fore, RI is not equivalent to 1-LOLP. LOLP represents the probability of insufficient energy
supply events, whereas RI evaluates the proportion of energy demand that can be satis-
fied. Therefore, LOLP and RI describe different reliability characteristics and should be
interpreted separately.

2.4. Dynamic Reliability Baseline

Considering stochastic equipment failures and state transitions, sequential Monte
Carlo simulation is employed to generate chronological fault scenarios. Instead of assuming
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that finite samples can represent all possible fault conditions, this study constructs the
dynamic reliability baseline based on a predefined reliability confidence level.

In this study, the reliability confidence level is set as α = 0.95. Therefore, the equipment-
level upward reliability baseline is determined by the 95th percentile of the required
output among sampled fault scenarios, while the corresponding 5th percentile is used to
characterize the downward regulation boundary when required. For each sampled fault
scenario, a scenario-based dispatch calculation is first performed subject to the original
energy balance constraints, equipment operating limits, storage constraints, conversion
constraints, and ramping constraints. The required output of each available device is
obtained from this feasible dispatch solution. These scenario-specific outputs are then
collected to construct the quantile-based reliability baseline.

For each sampled fault scenario and dispatch interval, the scenario-based dispatch
aims to minimize the weighted sum of electrical, heating, and cooling load shedding, with
weights of 1, 0.1, and 0.2, respectively. The load-shedding variables are nonnegative and
bounded by their corresponding demands. When available resources cannot fully satisfy
the demand, positive load shedding is allowed, and the resulting equipment dispatch
outputs are retained for constructing the quantile-based reliability baseline.

For each equipment unit, the reliability baseline is formulated as

Pbase,i,t = Qα(Ps
i,t) (36)

where Pbase,i,t is the reliability baseline of equipment i at time t; Qα represents the α-quantile
operator.

The quantile-based formulation reduces the influence of isolated extreme samples
while maintaining sufficient reserve requirements under high-confidence fault scenarios.

At the system level, the reliability baseline is obtained by first calculating the feasible
subsystem output within each sampled fault scenario and then applying the quantile
operator:

[Psys,base
e,t = Qα

(︄{︄
∑

i∈Ie

Ps
i,t

}︄
s∈S

)︄
] (37)

where Psys,base
e,t denotes the system-level reliability baseline of energy subsystem e at time t,

Ps
i,t represents the feasible output of equipment i at time t under fault scenario s, and Qα

denotes the α-quantile operator.
The formulation first aggregates the feasible outputs of equipment contributing to

the same energy subsystem within each fault scenario and then determines the system-
level baseline according to the predefined reliability confidence level. This scenario-based
aggregation preserves the correlation among equipment outputs within each sampled fault
scenario and avoids combining unrelated extreme outputs from different scenarios. The
resulting baseline is subsequently used to determine the available flexibility margin in
the scheduling optimization, where energy balance, conversion, storage, and ramping
constraints are enforced to ensure feasible operation.

2.5. Flexibility Margin Above the Baseline

Traditional flexibility assessment often considers only the physical ramping constraints
and upper/lower output limits of equipment, while neglecting the “reliability reserve”
that must be set aside to cope with potential faults. This section introduces the concept
of “flexibility margin above the baseline”, which is defined as the remaining regulation
capability of the equipment after deducting the reserve capacity required to ensure system
reliability under its current operating state, available for responding to load fluctuations or
mitigating the variability of renewable energy generation. Taking the gas engine (GE) as an
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example, the calculation of its flexibility margin must be discussed in two cases, depending
on the relative position between the real-time output PGE,i(t) and the reliability baseline
PGE,i,baseline(t). Let ∆t = 15 min denote the dispatch interval. The upward and downward
ramp rates are denoted by Ri,up and Ri,down, respectively, in kW/min. Therefore, the
allowable output changes within one dispatch interval are ∆P15

i,up = Rup
i ∆t = Ri,up ∗ 15min

and ∆P15
i,down = Rdown

i ∆t = Ri,downp ∗ 15min, both in kW/min.

(1) When equipment output is higher than the reliability baseline:

When PGE,i(t) > PGE,i,baseline(t), the scheduled equipment output exceeds the α-quantile
reserve requirement estimated from the sampled fault-scenario dispatches. In this case,
the remaining upward flexibility is limited by the physical maximum output, while the
downward flexibility is limited by the lower-quantile baseline. Accordingly, the available
upward flexibility margin Fup

GE,i,b(t) and the available downward flexibility margin Fdown
GE,i,b(t)

of the equipment are respectively expressed as

Fup
GE,i,b(t) = min(PGE,i,max − PGE,i(t), ∆P15

i,up)

Fdown
GE,i,b(t) = min(PGE,i(t)− PGE,i,baseline(t), ∆P15

i,down)
(38)

(2) When equipment output is lower than the reliability baseline:

When PGE,i(t) < PGE,i,baseline(t), the current output of the equipment is relatively low.
To cope with potential faults, the equipment must reserve the capability to ramp up rapidly
from the current output PGE,i(t) to the baseline PGE,i,baseline(t). This portion of capacity
is “locked” as reliability reserve and cannot be utilized as flexible resources for arbitrage
through economic dispatch. Consequently, its actual available upward regulation interval is
compressed to the portion above the baseline, while the downward regulation flexibility is
constrained by the physical minimum output PGE,i,min. In this case, the available flexibility
margins of the equipment are calculated as

Fup
GE,i,b(t) = min(PGE,i,max − PGE,i,baseline(t), ∆P15

i,up)

Fdown
GE,i,b(t) = min(PGE,i(t)− PGE,i,min, ∆P15

i,down)
(39)

where Rup
i and Rdown

i denote the upward and downward ramping limits of equipment i.
By combining the above two cases, a unified flexibility margin model above the

baseline can be established. This model is also applicable to other dispatchable devices
in the system, and can be extended by replacing the corresponding physical constraint
parameters and baseline variables accordingly.

In addition to the output headroom and the dynamic reliability baseline, the available
flexibility of each dispatchable unit is limited by its ramping capability within each dispatch
interval. Therefore, the effective flexibility is jointly determined by the remaining adjustable
output range and the corresponding upward or downward ramping limit.

For a storage unit s, let ps(t) = ps,dis(t) − ps,ch(t) denote the net storage output, where
a positive value represents discharging. The reserve delivery duration is set to τres =
0.25h, corresponding to one 15 min dispatch interval. The storage reserve constraints are
formulated as follows:

0 ≤ Rup
s (t) ≤ Pmax

s,dis − ps(t)
Rup

s (t)τres
ηs,dis

≤ Es(t)− Emin
s

0 ≤ Rdown
s (t) ≤ ps(t) + Pmax

s,ch
ηs,chRdown

s (t)τres ≤ Emax
s − Es(t)

(40)
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When upward and downward reserves are activated simultaneously, the shared power,
energy, and conversion-efficiency limits of each storage unit are enforced jointly, so the
same physical capability is not counted twice across reserve directions or energy carriers.

The calculated subsystem reliability baselines are used as reference thresholds for
evaluating the reserve-adjusted flexibility available under the obtained dispatch solutions.
They are incorporated into the post-dispatch assessment of available flexibility rather
than imposed as additional hard constraints in the economic dispatch optimization. The
resulting flexibility margins are evaluated subject to the equipment output limits and
ramping capabilities, while storage flexibility is assessed according to its existing operating
constraints.

On this basis, the flexibility margin is evaluated separately for each energy subsystem.
For coupled conversion equipment, the flexibility contribution is counted only in its original
energy domain and converted through the corresponding energy conversion relationship
when necessary. Therefore, the same reserve capability is not counted repeatedly among
different energy carriers. The electrical flexibility margin is calculated within the power
subsystem, while the cooling flexibility margin is evaluated within the cooling subsystem
based on its own physical constraints and energy balance relationships.

The system’s upward and downward flexibility demands are determined according
to the variation range of the net-load forecast. The upward flexibility demand represents
the additional regulation capacity required when the net load increases toward its upper
forecast bound, whereas the downward flexibility demand represents the regulation ca-
pacity required when the net load decreases toward its lower forecast bound. To ensure
the flexible and reliable operation of the system, the following supply–demand balance
constraints must be satisfied:

Dflex_up(t) = Pmax
net − Pforecast

net

Dflex_down(t) = Pforecast
net − Pmin

net
∑
i

Fup
i,b (t) + ∆Pup_lack(t) ≥ Dflex_up(t)

∑
i

Fdown
i,b (t) + ∆Pdown_lack(t) ≥ Dflex_down(t)

(41)

where Pforecast
net represents the forecast net load, while Pmax

net and Pmin
net represent the upper and

lower net-load boundaries, respectively; ∆Pup_lack(t) and ∆Pdown_lack(t) are the upward and
downward flexibility shortfalls, respectively.

2.6. Objective Function

The two scheduling strategies considered in this study are formulated with different
optimization objectives.

For the conventional economic scheduling strategy (Strategy 1), only the direct operat-
ing cost is minimized:

min F1 = Ceco (42)

where Ceco includes the equipment operation and maintenance cost, electricity purchase
cost, natural gas purchase cost, and carbon emission cost.

For the proposed reliability–flexibility coordinated strategy (Strategy 2), the objective
function considers both economic operation and reliability-related penalty costs:

min F2 = Cdir + ω f Cflex +ωαVarb (43)

where Cdir denotes the direct operating cost, Cflex represents the flexibility shortfall penalty,
and Varb denotes the combined electricity and cold-storage arbitrage value. The weighting
coefficients are set to ωf = 1 and ωα = 500, respectively. Load shedding is evaluated
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separately through the scenario-based reliability dispatch procedure and is not directly
included in the normal economic dispatch objective.

The objective of Strategy 2 is therefore not equivalent to adding additional constraints
to Strategy 1. Instead, it represents a comprehensive optimization framework that balances
economic performance, reliability requirements, and flexibility capability.

2.7. Equipment Operation Constraints

To ensure safe and stable system operation, each device must strictly adhere to its
physical characteristic constraints during operation, including upper/lower output limits
and ramping rate constraints.

(1) Gas Engine Operating Constraints

As the core source-side support equipment for the electricity and heating multi-energy
flows within the system, the gas engine output must be maintained between the minimum
steady-state operating condition and the rated full-load power. Meanwhile, constrained
by the thermodynamic inertia of the combustion chamber and the mechanical response
delay of the rotor, the active power adjustment between adjacent dispatch intervals must
be limited by the maximum ramping capability of the equipment.

PGE,i,min ≤ PGE,i(t) ≤ PGE,i,max (44)

where PGE,i,min and PGE,i,max are the minimum operating power and the rated operating
power of the gas engine, respectively.

Gas Engine Ramping Rates:

PGE,i(t)− PGE,i(t − 1) ≤ RGE,i,up

PGE,i(t − 1)− PGE,i(t) ≤ RGE,i,down
(45)

where RGE,i,up and RGE,i,down are the upward and downward ramping rates of the gas
engine, respectively.

(2) Absorption Chiller Operating Constraints: The operating constraints of the absorption
chiller limit its effective rated power range for converting thermal energy into cooling
capacity, thereby ensuring the stability of its internal thermodynamic cycle.

QC,AC,k,min ≤ QC,AC,k(t) ≤ QC,AC,k,max (46)

where QC,AC,k,min and QC,AC,k,max are the minimum operating power and the rated operating
power of the absorption chiller, respectively.

Absorption Chiller Ramping Constraints: Constrained by the temperature variations
in the driving heat source and the hysteresis effect of internal heat-flow transfer, the rate of
change in the cooling power over time is strictly limited.

QC,AC,k(t)− QC,AC,k(t − 1) ≤ RAC,k,up

QC,AC,k(t − 1)− QC,AC,k(t) ≤ RAC,k,down
(47)

where RAC,k,up and RAC,k,down are the upward and downward ramping rates of the absorp-
tion chiller, respectively.

(3) Electric Chiller Operating Constraints: The operating constraints of the electric chiller
specify the safe operating range for its electricity-to-cooling conversion power, pre-
venting equipment overload or inefficient operation.

EEC,j,min ≤ EEC,j(t) ≤ EEC,j,max (48)
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Electric Chiller Ramping Constraint: To avoid physical impact on core components
such as the compressor caused by transient power fluctuations, the ramping rate of the
cooling power is strictly limited.

EEC,j(t)− EEC,j(t − 1) ≤ REC,j,up

EEC,j(t − 1)− EEC,j(t) ≤ REC,j,down
(49)

(4) Energy Storage Operating Constraints: The operating constraints of the energy storage
devices limit the upper bounds of the charging power of the storage battery and the
charging/discharging cooling power of the cold storage tank, while also preventing
overcharging and over-discharging of the energy media.

0 ≤ ESB,ch(t) ≤ ESB,ch,max

0 ≤ ESB,dis(t) ≤ ESB,dis,max

0 ≤ ECS,ch(t) ≤ ECS,ch,max

0 ≤ ECS,dis(t) ≤ ECS,dis,max

(50)

where ESB,ch,max and ESB,dis,max are the rated charging and discharging power of the storage
battery, respectively, and ECS,ch,max and ECS,dis,max are the rated charging and discharging
power of the cold storage tank, respectively.

In this study, detailed unit commitment constraints, including startup and shutdown
costs, minimum up-time, and minimum down-time constraints, are not considered. The
energy conversion equipment is assumed to operate continuously within its allowable
output range during the scheduling horizon. The operating constraints mainly focus on
output limits and ramping capability. The overall workflow of the proposed framework is
summarized in Appendix B. Figure A13 illustrates the reliability simulation and dynamic
reliability baseline construction, while Figure A14 presents the scheduling optimization
and performance evaluation procedure.

3. Case Study and Parameter Setting
To verify the effectiveness of the proposed strategy in improving overall system perfor-

mance, this section compares an economic-only benchmark strategy (Strategy 1) with the
proposed strategy considering both reliability and flexibility (Strategy 2). Simulations are
conducted for typical winter, transition season, and summer days to reveal the differences
between the two strategies in economic performance, equipment dispatch behaviors, and
flexibility margin maintenance.

Strategy 1 represents the conventional economic-only benchmark, in which the flexibil-
ity penalty and arbitrage terms are disabled, and only direct operating costs are minimized
under the specified single-period physical operating constraints.

Strategy 2 employs the same installed equipment configuration, load profiles, and
physical resource limits, while incorporating flexibility shortfall penalties and energy-
storage arbitrage value into the scheduling objective.

Both strategies are implemented through 15 min single-period dispatch calculations.
Therefore, the optimization scope is restricted to each individual dispatch interval, rather
than a jointly optimized 24 h scheduling problem. Strategy 1 is regarded as the economic-
only benchmark solution under its specified objective and operating constraints. Global
optimality is claimed only for individual subproblems for which the solver provides an
optimal termination certificate. The reported seasonal results are obtained by aggregating
the corresponding dispatch outcomes.
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A data center in Lingang, Shanghai, is selected as the reference case in this study.
The system configuration and operating scenario are established based on the actual
characteristics of the data center campus. However, detailed equipment parameters and
measured operational data of the facility involve commercial confidentiality and therefore
cannot be publicly disclosed or directly used for validation. Accordingly, a simulation-
based case study approach is adopted. Based on the building configuration, functional
zoning, regional meteorological conditions, and energy-use characteristics of the reference
data center, a building-energy model is established using DeST. The electricity, cooling,
and heating load profiles for typical winter, transition season, and summer days are
subsequently generated by the DeST model and used as inputs for the reliability assessment
and scheduling optimization. Therefore, the case study should be interpreted as an actual-
scenario-based simulation rather than a direct validation against measured operational
data.

In addition, the photovoltaic generation profiles under different seasonal conditions
are generated according to the regional solar radiation characteristics and the installed
photovoltaic capacity of the reference data center. The photovoltaic output is considered
as a predefined renewable energy input in the case study to represent the renewable
energy availability under different operating conditions. It is not treated as an independent
optimization decision variable in the reliability–flexibility coordinated scheduling model.
The typical daily ambient temperature profiles for different seasons are shown in Figure 3,
the corresponding seasonal photovoltaic generation profiles are presented in Figure 4, and
the multi-energy load profiles are illustrated in Figure 5.

Figure 3. Typical daily ambient temperature profiles for different seasons.

The technical parameters of the multi-energy conversion equipment and energy stor-
age systems are obtained from manufacturer specifications and the existing literature.
The economic parameters are determined according to relevant market information and
engineering assumptions. For economic parameters, the natural gas purchase price is set
according to the current industrial gas price in Shanghai, which is 3.15 yuan/m3. The
electricity purchase price follows a time-of-use tariff. For summer conditions, the peak, flat,
and valley prices are 1.088, 0.66, and 0.245 yuan/kWh, respectively. For other seasons, the
corresponding prices are 1.046, 0.618, and 0.304 yuan/kWh. The electricity export prices
are set as 0.9, 0.55, and 0.35 yuan/kWh during peak, flat, and valley periods, respectively.
The carbon emission cost is calculated using a carbon price of 0.1 yuan/kg, with emission
factors of 0.38 kg/kWh for grid electricity and 0.4 kg/kWh for gas-fired generation. The
operating parameters and life-cycle economic parameters of the core components within
the multi-energy coupled architecture are summarized in Tables 1–3.
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Figure 4. PV output profiles for different seasons.

Figure 5. Cont.
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Figure 5. Seasonal multi-energy load profiles.

Table 1. Parameters of energy supply equipment.

Equipment Category (Symbol) Value

Gas engine
Power generation efficiency ηGE,e 0.4

Waste heat efficiency ηGE,r 0.35

Natural gas calorific value CGAS 9.0 kWh/m3

Waste heat boiler Heat recovery efficiency ηWHB 0.8

Electric chiller
Cooling efficiency COPEC 4

Waste heat efficiency ηWH,EC 0.025

Absorption chiller Cooling efficiency ηAC 1.2

Waste heat efficiency ηWH,AC 0.04

Heat pump Heating coefficient of performance COPh 4.5

Cooling coefficient of performance COPc 4.5

Energy storage unit
Self-discharge rate εSB 0.013/h

Charging efficiency ηSB,in 0.95

Discharging efficiency ηSB,out 0.85

Cold storage unit
Charging efficiency ηcs,in 0.95

Discharging efficiency ηcs,out 0.90

Cold loss rate εcs 0.03/15 min

Photovoltaic generation PV power loss coefficient f 0.08

Number of PV panels NPV 2375

Table 2. Investment and O&M cost parameters of energy supply units.

Equipment Capital Cost (RMB/kW) O&M Cost (RMB/kWh) Service Life (Years)

Gas engine 4000 0.05 25

Waste heat boiler 280 0.0025 15

Electric chiller 1200 0.028 10

Absorption chiller 900 0.02 20

Heat pump 3000 0.01 20

UPS 2700 0.002 10
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Table 2. Cont.

Equipment Capital Cost (RMB/kW) O&M Cost (RMB/kWh) Service Life (Years)

Energy storage unit 2500 0.02 10

Cold storage unit 240 0.008 10

Photovoltaic generation 5000 0.03 25

Table 3. Operating parameters of energy supply units.

Equipment
Power
Upper

Limit (kW)

Power
Lower

Limit (kW)

Capacity
(kWh)

Charging/
Discharging

Power
Limit

(kw/15min)

Charging/
Discharging

Power
Limit

(kw/min)

MTTF (h) MTTR
(h)

Failure
Rate λ
(h−1)

Repair
Rate µ
(h−1)

Gas engine 1 4000 800 - 675 45 2000 20 0.0005 0.0500

Gas engine 2 4000 800 - 675 45 2000 20 0.0005 0.0500

Waste heat
boiler 2000 0 - 600 40 N/M N/M N/M N/M

Electric
chiller 1 2500 0 - 2250 150 3000 15 0.000333 0.0667

Electric
chiller 2 2500 0 - 2250 150 3000 15 0.000333 0.0667

Absorption
chiller 1 2200 0 - 660 44 N/M N/M N/M N/M

Absorption
chiller 2 2200 0 - 660 44 N/M N/M N/M N/M

Heat pump 800 0 - 900 80 2500 24 0.0004 0.0417

Energy storage
unit 1400 0 11,000 16,000 16,000 N/M N/M N/M N/M

Cold storage
unit 1200 0 10,000 16,000 16,000 N/M N/M N/M N/M

Note: N/M indicates that the component’s independent stochastic failure and repair processes are not
explicitly modeled in the present study. It does not indicate a zero failure rate or perfect physical reliability.

Due to confidentiality and availability limitations, these parameters are not directly
obtained from site records. Instead, representative values are selected based on engineering
assumptions and commonly reported reliability ranges of similar equipment.

In the reliability assessment process, Monte Carlo sampling is employed to generate
stochastic equipment failure scenarios. The optimization model is implemented in MATLAB
R2023b using YALMIP and solved with the CPLEX solver. Default solver termination criteria
are adopted. The scheduling problem is formulated as a mixed-integer optimization problem.
A 24 h scheduling horizon with a 15 min time resolution is adopted, resulting in 96 dispatch
intervals for each representative day. The reliability sampling is performed separately before
the scheduling optimization. The sampled equipment states are used for reliability assessment
and dynamic reliability baseline construction, rather than being sampled endogenously within
the optimization process. The chronological simulation is performed over a fixed two-year
horizon. The generated equipment state trajectories are subsequently used for reliability
evaluation. For the case study, the equipment states corresponding to representative winter,
transition season, and summer operating days are extracted from the generated chronological
trajectories. Reliability indices are evaluated separately for each seasonal condition, with
96 dispatch intervals per representative day. The uncertainty factors considered in this study
include renewable energy fluctuations, load variations, and stochastic equipment failures.
However, only equipment failures are modeled through stochastic sampling in the sequential
Monte Carlo simulation. Among these uncertainties, stochastic sampling is explicitly applied
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only to equipment failures through the sequential Monte Carlo simulation. Photovoltaic
output and load variations are represented by season-specific typical-day profiles and cor-
responding forecast ranges rather than by independent probability distributions. Winter,
transition season, and summer operating conditions are modeled separately to reflect seasonal
differences. Correlations between photovoltaic and load forecast errors are not explicitly
considered in the present model. The generated scenarios are subsequently incorporated into
the dynamic reliability baseline calculation and optimal scheduling process.

4. Result Analysis
Figures for winter, summer, and the transition season present the same categories of

results and have similar layouts. Therefore, only the summer results are presented in the main
text, while winter and transition-season results are provided in Appendix A, Figures A1–A12.

Power system comparison

The seasonal reliability assessment results of the power system under Strategy 1 and
Strategy 2 are summarized in Table 4.

Table 4. Reliability assessment results of the power system.

Season Result Parameter Loss of Load
Probability (%)

Daily Expected Energy Not
Supplied (kWh/day)

Energy Supply
Reliability Index (%)

Winter
Strategy 1 0.028% 703.29kWh 99.5408%
Strategy 2 0.014% 189.46kWh 99.8763%

Transition season
Strategy 1 0.029% 741.57kWh 99.5156%
Strategy 2 0.015% 206.69kWh 99.8650%

Summer
Strategy 1 0.029% 785.11kWh 99.4871%
Strategy 2 0.016% 227.36kWh 99.8515%

As shown in Figures 6 and 7, the two strategies differ significantly in their power system
operation modes. Strategy 1 tends to keep the gas engine operating at a high output level for
extended periods, thereby improving equipment utilization and reducing electricity purchase
costs. However, this operation mode results in insufficient adjustable capacity, with the
flexibility margin approaching zero on multiple occasions during peak load periods. When
the renewable energy output fluctuates or equipment failures occur, the system lacks sufficient
reserve capacity for rapid response, thereby increasing the energy supply risk.

Figure 6. Summer typical-day power system equipment dispatch and reliability baseline ((left): Strat-
egy 1; (right): Strategy 2).
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Figure 7. Summer typical-day flexibility margin above the reliability baseline of the power system
((left): Strategy 1; (right): Strategy 2).

In contrast, with the introduction of the dynamic reliability baseline and flexibility
coordination mechanism, Strategy 2 no longer operates the gas engine continuously near its
rated output. Instead, it proactively reserves a portion of its capacity to cope with potential
fault scenarios. Meanwhile, the energy storage system, through coordinated charging
and discharging during peak and off-peak periods, maintains relatively high upward
and downward flexibility margins. When load increases or equipment failures occur,
the reserved capacity can be rapidly released, effectively mitigating the supply–demand
imbalance. As can be observed from Figure 7, Strategy 2 maintains a relatively stable
flexibility level throughout the daily operation, indicating that the proposed reliability
baseline can effectively guide the system in rationally allocating reserve resources.

According to Figure 8 and Table 4, Strategy 2 significantly reduces the risk of energy
supply shortfall under fault scenarios. Under typical summer conditions, the LOLP of the
power system decreases from 0.029% to 0.016%, and the EENS decreases from 785.11 kWh to
227.36 kWh, representing a reduction of 71.0%. These results demonstrate that by reserving
reliability capacity and maintaining sufficient flexibility margins, the system can effectively
enhance its resilience to source load fluctuations and equipment failures, thereby improving
the energy supply reliability index under an identical reference demand.

Figure 8. Summer typical-day maximum power shortfall of the power system under fault conditions
((left): Strategy 1; (right): Strategy 2).

It should be noted that the zero flexibility shortfall penalty and load shedding penalty
in Strategy 2 are obtained from the optimization results rather than manually assigned. The
EENS values are calculated separately through the stochastic reliability assessment under
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equipment failure scenarios, whereas the load shedding penalty represents intentional
load shedding within the deterministic scheduling optimization. Therefore, positive EENS
values and zero load shedding penalty values are not contradictory because they describe
different evaluation processes. The proposed reliability–flexibility coordinated scheduling
strategy maintains sufficient operational reserves during the scheduling horizon, thereby
avoiding scheduled flexibility violations and intentional load shedding.

The zero system-level LOLP, EENS, or flexibility shortfall values do not indicate that
component failures or repairs are absent. The component failure and repair rates remain
non-zero according to Table 3. Because the system includes two gas engines, multiple
cooling units, the external power grid, and energy storage devices, the failure of a single
component can usually be compensated for by the remaining supply units. Therefore, a
component failure may occur without causing a system-level loss-of-load event.

(1) Cooling system comparison

The seasonal reliability assessment results of the cooling system under the two schedul-
ing strategies are summarized in Table 5.

Table 5. Reliability assessment results of the cooling system.

Season Result Parameter Loss of Load Probability Daily Expected Energy Not
Supplied (kWh/day) Reliability

Winter
Strategy 1 0.028% 179.75 99.861%
Strategy 2 0.015% 37.91 99.971%

Transition season
Strategy 1 0.028% 379.35 99.766%
Strategy 2 0.015% 137.09 99.915%

Summer
Strategy 1 0.028% 863.75 99.522%
Strategy 2 0.015% 152.13 99.916%

The cooling system is crucial for ensuring the safe and stable operation of a data center,
as its reliability directly affects the operating environment of servers. As shown in Figures 9
and 10, Strategy 1 relies primarily on electric chillers to undertake the base-load cooling
task. Although this approach achieves relatively high equipment utilization, the overall
reserve capacity of the system remains weak. When the cooling load increases rapidly or
key equipment fails, the system is prone to insufficient cooling capacity.

Figure 9. Summer typical-day cooling-system equipment dispatch and reliability baseline ((left): Strat-
egy 1; (right): Strategy 2).
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Figure 10. Summer typical-day flexibility margin above the reliability baseline of the cooling system
((left): Strategy 1; (right): Strategy 2).

With the introduction of the dynamic reliability baseline, Strategy 2 further strengthens
the coordinated operation among the electric chiller, the absorption chiller, and the cold
storage device. The system reserves a portion of cooling capacity based on reliability
requirements and fully utilizes the cold storage device to achieve cooling energy time
shifting. When peak loads or equipment failures occur, the cold storage device can rapidly
release cooling energy, while the absorption chiller utilizes waste heat resources to provide
additional cooling support, thereby effectively improving the continuity of the cooling
supply and fault recovery capability.

As shown in Figure 11 and Table 5, Strategy 2 significantly reduces the cooling supply
shortfall under fault scenarios. Under summer conditions, the LOLP of the cooling system
decreases from 0.028% to 0.015%, and the EENS decreases from 863.75 kWh to 152.13 kWh,
representing a reduction of 82.3%. Because the cooling load in summer is at its highest
level of the year and the operating margin is the smallest, the advantages of the synergy
between the reliability baseline and flexibility margin are most pronounced. The results
indicate that the proposed method can effectively enhance the cooling supply reliability of
the data center integrated energy system under high-load operating conditions.The power
shortfall shown in Figures 8 and 11 represents the instantaneous power deficit observed
in sampled fault scenarios. These figures illustrate the magnitude of insufficient-supply
events and do not define the reliability baseline. The maximum power shortfall reflects
the severity of individual scenarios at specific intervals. In contrast, EENS measures the
expected accumulated unserved energy over the representative day (kWh/day), calculated
by integrating curtailed power over the 15 min intervals and averaging across sampled
scenarios. Thus, maximum power shortfall describes the worst-case deficit, whereas EENS
captures the expected unserved energy across scenarios.

(2) Economic performance analysis

In addition, because the heating load of the data center is relatively small, no energy
supply shortfall occurs in the heating system under either strategy. Therefore, this study
does not conduct a separate analysis of the heating system.

The reported total cost includes direct operating cost and reliability/flexibility-related
penalty terms. Both strategies use the same accounting period and cost definitions for
comparison.
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Figure 11. Summer typical-day maximum power shortfall of the cooling system under fault conditions
((left): Strategy 1; (right): Strategy 2).

As shown in Table 6, Strategy 2 exhibits lower direct operating costs than Strategy 1
under all three seasonal conditions, with reductions of 4.67%, 6.63%, and 1.82% for winter,
transition season, and summer, respectively. When flexibility and load-shedding penalties
are included, the corresponding reductions in comprehensive accounted costs are 13.68%,
15.16%, and 10.93%. These results indicate differences in the operating-cost outcomes of
the two implemented scheduling strategies. However, the lower direct operating costs of
Strategy 2 should not be interpreted as proof of superiority over a certified global optimum
of the economic-only formulation. The comparison is based on the numerical solutions
obtained under the respective implemented scheduling procedures.

Table 6. Summary of system operating costs.

Season Result
Parameter

Equipment
O&M Cost

(RMB)

Electricity
Purchase

Cost (RMB)

Gas
Purchase

Cost (RMB)

Flexibility
Penalty Cost

(RMB)

Load
Shedding

Penalty Cost
(RMB)

Carbon
Emission
Treatment

Cost (RMB)

Total System
Operating

Cost (RMB)

Winter
Strategy 1 16,339.46 34,108.53 99,874.43 7621.77 8991.49 8824.09 175,759.77
Strategy 2 17,651.61 31,242.13 94,326.97 0 0 8497.32 151,718.03

Transition
season

Strategy 1 17,979.26 35,600.86 109,893.27 7959.32 9403.05 9132.28 189,968.04
Strategy 2 18,983.04 33,939.87 99,709.12 0 0 8530.85 161,162.88

Summer
Strategy 1 18,728.36 37,412.53 111,485.31 8315.21 9844.54 9906.22 195,692.17
Strategy 2 20,101.65 35,952.31 109,231.03 0 0 9024.57 174,309.56

In addition, the carbon emission treatment cost considered in this study represents the
economic impact of carbon emissions rather than a direct measurement of greenhouse gas
emissions. Although flexible scheduling can improve renewable energy accommodation
and energy utilization efficiency, its quantitative carbon reduction potential depends on
the energy supply structure and carbon intensity information. Due to the lack of mature
dynamic carbon emission factor models, further carbon-aware scheduling based on real-
time carbon signals will be investigated in future studies.

(3) Sensitivity and Sampling Uncertainty Analysis

A preliminary test of the flexibility shortfall penalty coefficient showed negligible
changes in the scheduling results. Therefore, electricity and natural gas prices were selected
for further one-factor-at-a-time sensitivity analysis. Each price was varied by −20%, −10%,
0%, +10%, and +20% relative to its baseline value, while all other parameters remained
unchanged. Because the case study uses representative seasonal operating days rather
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than continuous annual measurements, the economic results are expressed as equivalent
annual costs. A non-leap year is divided into three seasonal periods: 90 winter days, 183
transition-season days, and 92 summer days.

As shown in Table 7, electricity price variations from −20% to +20% result in annual
operating costs ranging from 52.54 million to 57.46 million RMB, corresponding to changes
of approximately −4.87% to +4.04%. Natural gas price variations produce a larger cost
change, ranging from 46.57 million to 63.02 million RMB (−15.68% to +14.10%). These
results indicate that the system operating cost is more sensitive to natural gas prices than
to electricity prices.

Table 7. Equivalent annual direct operating cost under electricity- and natural-gas-price perturbations.

Variation
Parameter −20% −10% 0% 10% 20%

Electricity-price perturbation: equivalent annual
direct operating cost (RMB/year) 52,536,234 53,882,354 55,228,474 56,574,594 57,457,637

Natural-gas-price perturbation: equivalent annual
direct operating cost (RMB/year) 46,569,424 51,175,2178 55,228,474 59,235,874 63,017,176.

To quantify the sampling uncertainty of the reliability estimates, nonparametric boot-
strap replications are performed using the original Monte Carlo trajectories. The 95%
confidence intervals are obtained from the 2.5th and 97.5th percentiles of the bootstrap
estimates. As shown in Table 8, the confidence intervals vary across the electricity, heating,
and cooling subsystems. The relatively wide intervals for some indices reflect the limited
number of observed shortage events, highlighting the sampling uncertainty associated
with the reliability estimates.

Table 8. Sampling uncertainty of reliability indices.

Reliability Index Point Estimate Lower 95% CI Upper 95% CI

LOLP-E (%) 0.004 0 0.011

LOLP-H (%) 0 0.001 0.036

LOLP-C (%) 0.016 0.0017 0.036

EENS-E (kWh/day) 0.597 0 1.503

EENS-H (kWh/day) 0 0.077 4.1571

EENS-C (kWh/day) 5.387 0.331 12.204

5. Conclusions
To address the challenges of insufficient energy supply reliability and limited regu-

lation capability in data center integrated energy systems under renewable energy fluc-
tuations and stochastic equipment failures, this study proposes a reliability–flexibility
coordinated optimal scheduling strategy based on dynamic reliability assessment and
flexibility margins. The proposed framework provides an effective approach for improving
energy supply reliability, operational flexibility, and economic performance. The main
conclusions are summarized as follows:

(1) A dynamic-reliability-oriented evaluation model for the distributed integrated energy
system is established. By developing key equipment models for the gas engine, electric
chiller, absorption chiller, and energy storage devices, and introducing a sequential
Monte Carlo simulation based on a two-state Markov model method to characterize
the state transition processes of equipment operation, a dynamic reliability assessment
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model applicable to the electricity and cooling of multi-energy systems is constructed.
Based on the loss of load probability (LOLP) and expected energy not supplied (EENS),
the quantitative evaluation of the system energy supply reliability is achieved.

(2) A dynamic reliability baseline and flexibility margin model are proposed to coordinate
reliability requirements and operational flexibility. By determining the minimum
reserve capacity required under fault scenarios, the proposed method avoids excessive
reliance on economic-oriented operation strategies and enables the system to maintain
sufficient regulation capability while ensuring energy supply security.

(3) An optimal scheduling framework considering dynamic reliability and flexibility
coordination is developed. Compared with the conventional economic scheduling
strategy, the proposed method significantly reduces energy supply risks and improves
operational performance. Under typical summer conditions, the EENS of the power
system decreases from 785.11 kWh to 227.36 kWh, while the EENS of the cooling
system decreases from 863.75 kWh to 152.13 kWh, corresponding to reductions of
71.0% and 82.3%, respectively. Meanwhile, the total operating cost decreases by
13.68%, 15.16%, and 10.93% under winter, transition season, and summer conditions,
respectively.

Several limitations should also be acknowledged. First, the proposed framework is
demonstrated based on a single data center integrated energy system configuration, and
the general applicability to other system configurations requires further validation. Second,
the case study is conducted using representative seasonal operating days rather than
continuous annual measured operation data. Therefore, these results should be interpreted
as simulation-based evaluations under representative operating conditions rather than
comprehensive long-term field validation.

Future research will focus on integrating dynamic carbon emission factors and carbon-
aware scheduling mechanisms into the proposed reliability–flexibility framework. With the
development of real-time carbon intensity monitoring and forecasting technologies, flexible
resources such as energy storage and multi-energy conversion equipment can be further
coordinated with carbon signals to better evaluate potential emission-reduction benefits.
Meanwhile, the sustainable transformation of data centers should also be investigated from
the perspective of system configuration, including renewable energy deployment, energy
storage planning, and low-carbon energy supply architectures.
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Appendix A

Figure A1. Winter typical-day power system equipment dispatch and reliability baseline ((left): Strat-
egy 1; (right): Strategy 2).

Figure A2. Winter typical-day flexibility margin above the reliability baseline of the power system
((left): Strategy 1; (right): Strategy 2).

Figure A3. Winter typical-day maximum power shortfall of the power system under fault conditions
((left): Strategy 1; (right): Strategy 2).
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Figure A4. Transition season typical-day power system equipment dispatch and reliability baseline
((left): Strategy 1; (right): Strategy 2).

Figure A5. Transition season typical-day flexibility margin above the reliability baseline of the power
system ((left): Strategy 1; (right): Strategy 2).

Figure A6. Transition season typical-day maximum power shortfall of the power system under fault
conditions ((left): Strategy 1; (right): Strategy 2).
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Figure A7. Winter typical-day cooling system equipment dispatch and reliability baseline ((left): Strat-
egy 1; (right): Strategy 2).

Figure A8. Winter typical-day flexibility margin above the reliability baseline of the cooling system
((left): Strategy 1; (right): Strategy 2).

Figure A9. Winter typical-day maximum power shortfall of the cooling system under fault conditions
((left): Strategy 1; (right): Strategy 2).
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Figure A10. Transition season typical-day cooling system equipment dispatch and reliability baseline
((left): Strategy 1; (right): Strategy 2).

Figure A11. Transition season typical-day flexibility margin above the reliability baseline of the
cooling system ((left): Strategy 1; (right): Strategy 2).

Figure A12. Transition season typical-day maximum power shortfall of the cooling system under
fault conditions ((left): Strategy 1; (right): Strategy 2).

https://doi.org/10.3390/su182111353

https://doi.org/10.3390/su182111353


Sustainability 2026, 18, 11353 32 of 34

Appendix B

Figure A13. Reliability Simulation and Baseline Construction.

Figure A14. Scheduling Optimization and Performance Evaluation.
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