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Abstract: Unpredictable events such as technological breakthroughs and energy policy shifts can cause significant
errors in the forecast of the parameters like equipment performance and energy demands. Traditional single-stage
and fixed multi-stage planning methods struggle with unpredictable events, severely impacting the accuracy of the
planning of Integrated Community Energy Systems (ICES). As a solution, a Hybrid Time-and-Event-Driven Multi-
Stage Planning (HTED-MSP) method is proposed for ICES. The HTED-MSP method determines the start time of
each planning stage based on a combination of time and specific event. Specifically, the event-driven strategy
mitigates unpredictable changes in load growth, energy prices, and technological advancements on costs, with
trigger conditions determined by marginal cost analysis. Meanwhile, the time-driven strategy enhances long-term
reliability of ICES. Considering the significant impact of renewable energy variability and equipment failures on
reliability, the HTED-MSP method quantifies these factors using 8,760-hour normal and N-k contingency scenarios.
A State Similarity (SS) method is then proposed to address the computational burden of massive scenarios by
simplifying the optimization process into an equation-solving approach. The case study demonstrates that HTED-

MSP significantly reduces additional costs caused by unpredictable events. The computational efficiency of the SS

method is more than ten times greater than the existing two-stage algorithms.

Keywords: Integrated Community Energy System; Multi-Stage Planning; Hybrid Time-and-Event-Driven; State

Similarity; Reliability.



Nomenclature

Abbreviation
ICES integrated community energy system EB electric boiler
MILP mixed integer linear programming PV photovoltaics array
SSP single stage planning PT photothermal collector
MSP multi-stage planning PH photocatalytic reactor
HTED hybrid time and event driven SSS solar spectrum splitting unit
RTR replacement threshold rate SOFC  solid oxide fuel cell
BD benders decomposition EL electrolyser
SS state similarity analysis method WT wind turbine
SS-Set similar states set P2G power to gas system
POB positions of the optimal bases CcC carbon capture system
CHP combined heat and power unit P2GCC power to gas and carbon capture system
ASHP air source heat pump ES electricity storage
GHP ground source heat pump TS thermal storage
GT gas turbine HS hydrogen storage
Indices and Sets
p/P index / set of the planning stage l/c index / set of energy types
m/y index / set of years t/7 index / set of time step
d/ D index / set of days s/ index / set of scenarios
ij/z— index / set of candidate equipment
Parameters and Constants
mij investment year of equipment i,j MC marginal cost
Eij degradation coefficient of equipment i,j AC™ upper limits of cost fluctuations
nij initial efficiency of equipment i,j cre salvage value of equipment i,j in year m
Nijm efficiency of equipment ,j in year m o investment cost of equipment i,/ in year m
a, B,y 0, cycle aging coefficients IC;,‘: apnual deprecigtion co§t' of equipment i,/
€ Iy lifespan of equipment i;
calendar aging coefficients defining an  p;; salvage value rate of equipment i,/
0, E., R .
Arrhenius factor PR, present value factor for year m

Kam the average surrounding temperature Comp electricity price at time ¢, m in stage p
L total duration in days Cimp nature gas price at time ¢, m in stage p
o capacity loss of ES on day d o maintenance cost of equipment i,j

Foma capacity of ES on day d A load shedding cost for load type /
Sioos capacity loss of TS at time ¢, d, m o carbon emission cost
grs degradation coefficient of TS NZ¥™  max/ min configuration quantity

T8, dis discharging efficiency of TS PE™  max power exchange with the grid
pSch charging efficiency of TS FEem max power exchange with gas network
gprorage self-discharge loss of TS P max /min power of equipment i,j
gatic static loss coefficient of TS Liyamp  energy demand for load type /
Spanse unused energy of TS at time ¢, d, m oy cost vector of existing equipment
STS;max the capacity of TS Cap cost vector of new equipment
KTS:max maximum temperatures of TS Ty/ T,  coefficient matrix associated with x
KTS:min minimum temperatures of TS by right-hand side vector associated with x
Wij reliability degradation coefficient co cost vector associated with x
T2, Y lifespan time of equipment i,j b, right-hand side vector associated with ys
Sfijtdm failure rate for equipment i,j W coefficient matrix associated with ys
AP variation of uncertain parameters cs cost vector associated with ps
MB marginal benefit Ds probability of scenario s
Variables*
P charging power of ES at time ¢, d, m (o replacement cost in stage p
oua charging power of TS at time ¢, d, m Pijiamp output power of equipment i,/
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on discharging power of TS at time ¢, d, m iy output gas flow of equipment i,j

TS . rid

dm thermal energy of TS at time ¢, d, P .

o ey " i power exchange between grid and ICES
G total cost in stage p Plimy
C : investment cost in stage p Ritamp  load shedding for load /
" maintenance cost in stage p Fiamp carbon emission
c’ energy cost of stage p e operating variables of existing equipment
C:fdv reliability cost in stage p ' operating variables of new equipment
(O carbon emission cost in stage p % slack variable of the subproblem
e salvage value in stage p

* The domain of all variables in this table is R, = {x eR[x> 0} .

1. Introduction

In response to the growing energy crises and worsening greenhouse effect, building a reliable, low-carbon
energy system is more urgent than ever [1][2]. An integrated community energy system (ICES), by incorporating
multiple energy forms such as electricity, heat, and gas, fostering renewable energy consumption, and mitigating
greenhouse gas emissions[3]-[5]. Therefore, effective planning of an ICES is critical to addressing current energy
and environmental challenges.

The performance of ICES planning models depends on accurate predictions of uncertain parameters. However,
unpredictable events make this task highly challenging. For example, battery storage has seen limited cost
reductions due to rising raw material prices, with deviations reaching 59.1% from the forecasted values, as shown
in Fig. 1. Meanwhile, policy-driven initiatives have led to a more than threefold drop in the levelized cost of
electricity (LCOE) of photovoltaics (PV) over the past decade, resulting in a 156% deviation from estimates by the
National Renewable Energy Laboratory [6]. This discrepancy has caused an average 2.75-year difference in the
payback period for photovoltaic projects. Therefore, in long-term energy planning, predictions of load growth,
energy prices, and technological evolution are critical and cannot be overlooked. Significant forecasting errors
caused by unpredictable events could lead to substantial economic losses and security risks.

However, single-stage planning (SSP) often assumes static parameters throughout the planning horizon, leading
to early-stage developments that fail to adequately account for future uncertainties [8]-[10]. Over time, load growth,
technological advancements, and fluctuations in energy prices exacerbate both operational energy risks and
economic risks [11]. To address these limitations, multi-stage planning (MSP) models have been developed for
ICES [14]-[18]. Notably, the method presented in [19] for long-term power system planning effectively accounts

for the intermittency of renewable energy, ensuring that both initial and subsequent expansion plans are well-



74

75

76

7

78

79

80

81
82

83

84

85

86

87

88

89

90

91

coordinated. A stochastic MSP model is proposed to optimize both economic and carbon emission costs,
incorporating the effects of short-term forecasting errors [9]. However, while models like MANGO [8] consider
dynamic factors such as equipment prices, technological advancements, and equipment degradation, they fail to
handle unpredictable events. The impact of technological advancements is often underestimated in existing studies.
with some studies focusing primarily on equipment costs, prematurely discarding older technologies when new
ones provide only marginal improvements [8]. Moreover, many studies [8] [9] assume fixed planning periods for

each stage, which fails to capture the unpredictable nature of real-world ICES planning.

@ Predicted value Payback period for predicted value (90% uncertainty)
@ Actual Value Payback period for actual value (90% uncertainty)
2.0 , , 16 0.2 — 12
2 T o015 5
c(;g 15f 112 3 E .8
X 5 21 8 &
& s 5 9 e
o 101 1 @ s
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Year Year
(a) The capital expenditure evolution of battery storage (4 hour) [6]" (b) The LCOE evolution of photovoltaic [6] [7]

Fig. 1 The price evolution of battery storage and PV

The concept of event-driven strategies in manage unpredictable events is inspired by control theory. Rather than
optimizing at every time step, actions are triggered only when specific events occur. These events are typically
identified using methods such as infinitesimal perturbation analysis [20], differential analysis [21], and threshold-
based approaches [22]. However, these techniques fail to quantify the cost impacts of unpredictable events.
Marginal cost analysis, in contrast, quantifies both the marginal costs and benefits, offering a more effective event-
driven approach [23]. As shown in Fig. 1(b), using 2023 forecasted photovoltaic LCOE as the investment point,
the event-driven strategy allows planning 5 years earlier, thereby increasing economic returns.

Moreover, accurate simulation of operating conditions is essential to improve planning accuracy. However, the
impact of renewable energy fluctuations and random equipment failures on operational costs and reliability is

substantial. Therefore, it is necessary to account for these factors during the planning process. Recently, an

" The payback period for battery storages is calculated based on a business model that takes advantage of peak and off-peak electricity pricing.
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advanced method for quantifying renewable energy fluctuations involves using 8,760-hour scenario simulations,
while random equipment failures are quantified through reliability analysis. However, reliability is often treated as
a hard constraint [24], separate from economic planning. This traditional approach begins with economic planning,
followed by a reliability assessment, which can result in suboptimal trade-offs between economy and reliability.
Although methods have been developed to directly integrate reliability into the planning model [25] [26], the heavy
computational burden of reliability analysis limits the effectiveness.

To address these challenges, a hybrid time-and-event-driven multi-stage planning (HTED-MSP) model is
proposed for ICES. In HTED-MSP model, unpredictable events can be manifested through forecasting errors in
load growth, energy prices, and technological development. When forecasting errors exceed the threshold
determined by marginal cost analysis, the event-driven strategy is triggered, prompting an early transition to the
next planning stage. However, even forecasting errors are small, planning adjustments are still necessary, as factors
like equipment aging can reduce system reliability. To address this, a time-driven strategy is proposed to enhance
the reliability of ICES. Furthermore, HTED-MSP incorporates 8,760-hour normal and N-k contingency scenarios
to accurately simulate the impact of renewable energy variability and equipment failures on reliability. To alleviate
the computational burden, the HTED-MSP model is first divided into a simplified MILP sub-model and a large-
scale LP operational sub-model with massive scenarios. A State Similarity (SS) method is then proposed, which
captures parameter variations across different scenarios and converts them into parameter fluctuations in multi-
parameter optimization, generating critical regions (CR). By leveraging positions of optimal bases (POB) to express
similar features across different scenarios, SS simplifies all optimization scenarios within each critical region into
linear equation solving, enabling rapid scenario analysis. The main contributions are as follows:

® A Hybrid Time-and-Event-Driven Multi-Stage Planning (HTED-MSP) model is proposed. The event-

driven strategy mitigates economic risks from forecasting errors using a marginal cost-based trigger
mechanism, while the time-driven strategy enhances operational reliability.

® A state-similarity-based scenario analysis method is proposed to accelerate MILP problem solving. By

reusing the POB of linear subproblems, optimization iterations for scenarios with the same POB are
transformed into equation solving. This approach enhances the efficiency of large-scale scenario analysis

in ICES planning while maintaining result accuracy.
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The rest of this paper is structured as follows: Section 2 establishes the ICES model. Section 3 develops the
HTED-MSP model, detailing the time-driven and event-driven strategies, along with the RTR. Section 4 formulates
the HTED-MSP as a two-stage MILP model and introduces the SS method. Section 5 presents a case study to

demonstrate the effectiveness of the proposed methods. Finally, Section 6 concludes the paper.

2. ICES Modelling

This section presents detailed models of equipment operation, degradation, and reliability for ICES planning.
Fig. 2 illustrates the typical configuration of an ICES. The system comprises various components, including energy
conversion equipment (such as CHP, SOFC, and EL), renewable energy sources (PV and WT), energy storage units
(BS, TS, and HS), Power-to-Gas systems (P2G and CCS), and diverse loads. In addition, the ICES framework
incorporates promising technologies, including innovative but currently costly solutions, such as solar spectral

splitting (SSS) for thermo-electro-hydrogen production systems [27] [28].

/I 5T Hybrid flow Carbon = Hydrogen ——— Heating = Electricity Natural gas
) =
o f T f 78
| [cHP [ TS ][ soFcC |[ ASHP ][ GHP |
- =25 K X X
777777777 Independent solar supply unit ) @_ L
N >
s PV | #
' h T e S x
Solar spectrum splitting unit | PV | |WT| | BS |
j————  sources >l equipment ————f«load >}

Fig. 2 Typical ICES system structure
2.1. Equipment Operation Model
ICES efficiently utilizes electricity and natural gas to meet electrical, thermal, and hydrogen demands. All the

equipment operation models are discussed in Appendix A.

2.2. Equipment Degradation Model
2.2.1 Degradation models of energy conversion equipment
For energy conversion equipment, the degradation model can be formulated to reflect the decline in energy

conversion efficiency. The equipment efficiency can be adjusted as follows:

Mim =A=&)" M Vi jeTme ™)
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2.2.2 Degradation model for electricity storage

The aging of ES includes both calendar aging and cyclic aging. Calendar aging occurs over time and is primarily
influenced by factors such as temperature and environmental conditions, while cyclic aging results from the
charging and discharging cycles. The HTED-MSP integrates a capacity loss model for lithium-ion batteries,

considering both calendar aging and cyclic aging [29] [30].

Kam+e \ - a‘/— d,m
O'dE,sm =(aKd,m2 +BKy +7)g(" | )t [dz—lld)Ptis,:qh +0 5 yd e D mey (2)
Seam =S5 (1-0gy, ) Vd e D,me Y ©)

2.2.3 Degradation model for thermal storage

Thermal energy loss in TS primarily occurs due to heat conduction, as heat naturally flows from higher to lower
temperatures [31]. The insulation performance of TS systems may degrade due to aging materials, physical damage,
or prolonged thermal stress, leading to daily thermal energy loss. The insulation degradation model, based on the

operational model in Appendix A.2, can be integrated into the TS model.

Siom =Saan+1 " Qlam —Qigm /17" =S5n™ vteT,deDmey )
St'lv'jjrzoss :S{rj,d,m (l+§TS )m*mi estorage +S[T§:L1mr1use <l+§TS )m*mi Hstatic Vt = /]-, d = D, me y (5)
Stszl;:‘\use :STS,max (KTS,min _ Kt’dvm ) /(KTS,max _ KTS,min ) Vt c 7—, d c D, me y (6)

2.3. Equipment Reliability Model
The reliability model for equipment is designed to accurately simulate its performance under actual operational
conditions. The time-dependent “Failure Rate” is directly employed as the standard metric for measuring equipment

reliability [32]. Typically, the failure rate increases gradually with the usage.

f =(L+WITEY) oo Vi i€ T teT,deD,mey @

i,j,t,dm

However, within a single optimization year, the failure rate typically increases at a minimal rate. Consequently,

this paper assumes a constant failure rate for each optimization year. The failure rate can be approximated as follows:

i

fioim = (LMY ) £ Vi je T, me Y (8)
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3. Multi-Stage Planning Model
Considering the uncertainties in long-term planning, this study establishes a hybrid time-and-event-driven multi-
stage planning (HTED-MSP) model with the following characteristics:
® Long-term dynamic trends of load growth, energy prices, and technological advancements are considered,
and an event-driven planning strategy has been implemented based on marginal cost analysis.
® Operational analysis is developed based on an 8760-hour framework, with each day optimized over a 24-
hour period, as illustrated in Fig. 3. Temporally correlated operating constraints, such as energy storage
capacity constraints, are incorporated into this framework.
® The risks associated with operational uncertainties due to equipment aging and renewable energy
fluctuations are thoroughly evaluated. Operational uncertainties are quantitatively assessed using the N-k
operational risk analysis methodology.

Annual time series L 1 1 1 1 1 1 (IR | |

{22, Y} Yo Ym
Daily time series '| | | | | | | ey
{1,2,-++,365} Dy D4
Hourly time series Tg,/,,,,,l L I — TI‘
{1224} X >
+ N-k analysis

Number of scenarios: Y,xD,x(Cy'+Cp?+...+Cy")

Fig. 3 Temporal horizon representation in the HTED-MSP

Investment model Operation model
Scenario 1 i Constraints
Variables | > equipment degradation

Scenario 2 ——

and ;> carbon emission
Multi-constraints @ i > N-koperation
stage 1 Scenarios | »o
| Scenario 1 !
’ e
Variables degradation: Ly seenario 2 !
i i
i
Multi-constraints m—replacement i .
————————»stage 2 Scenario s | stage n
i
MILP LP
Master problem Subproblem
. solver,
Variables . ‘Scenano 1T W }—» ™
and decision

Multi-constraints ‘Scenario 2 T (W, }we’r 2
Optimal cutl ‘ Scenario3 Ta|  [Wa }bLSE-

Optimal cut2 : o . ss-
‘Scenarios T, ‘ ‘Ws }L.

Optimal cut3

Optimal cut n Add cut Generate optimal cut

Fig. 4 Structure of the HTED-MSP model

As shown in Fig. 4, the HTED-MSP model uses a hybrid time-and-event-driven strategy to determine the start
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time of each planning stage and employs a two-stage optimization approach. The master problem focuses on
minimizing overall planning costs by optimizing equipment capacity, while the subproblem simulates both normal
and N-k scenarios to minimize operational costs. The N-k contingency scenarios are formulated by enumerating
potential equipment failures based on normal scenarios [33] [34]. Additionally, equipment degradation between
adjacent scenarios is also considered. To prevent frequent equipment replacements caused by the event-driven
strategy, RTR is introduced between planning stages to manage both existing and new equipment. Specifically,

RTR measures implicit and non-economic costs, such as time preferences and risks.

3.1. The Hybrid Time and Event-Driven for Multi-Stage Planning
Given the significant uncertainty in future conditions, the HTED-MSP model focuses on minimizing costs at
each stage rather than over the entire lifecycle of the ICES. This approach acknowledges the impracticality of long-
term predictions. By using a rolling optimization framework, the HTED-MSP model makes incremental planning
decisions based on the latest information, as shown in Fig. 5. A hybrid time-and-event-driven strategy is proposed
for dynamic stage partitioning, detailed as follows.

P,

0
0 | Y0+|A Yp \

Yin
Cvent NRolling
&~
vent driven
Loy Yy A
Yo ! ! \ Y
| P, Rolling
; Time driven HY—Yz"'AYpH
| LI

Actural value

Predicted value

>

o v %
Fig. 5 The hybrid time-and-event-driven strategy for HTED-MSP

Event-Driven Strategy: This strategy is triggered when forecast errors in load growth, energy prices, or technical
parameters exceed a specified threshold, determined through marginal benefit analysis of uncertainty parameters
from the previous planning stage. As shown in Eq. (9), the event-driven mechanism is triggered when the difference
between marginal benefits and marginal costs exceeds a critical value. Marginal benefits refer to the additional
gains from adjusting the plan, while marginal costs represent the extra expenses incurred by implementing the
adjustment. As illustrated in Fig. 5, stage P1 represents an event-driven phase activated by significant forecast errors.

Notably, ICES expansion plans can also be considered event driven.
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Time-Driven Strategy: When the impact of unpredictable events is not significant, the event-driven strategy is
not triggered. However, planning adjustments are still needed due to increased operational risks from equipment

aging. Therefore, a time-driven planning strategy is introduced, as illustrated by stage P in Fig. 5.

3.2. Model Formulation
3.2.1 Objective functions
The HTED-MSP model aims to minimize total costs of investment, maintenance, energy, reliability, CO;

emissions, and replacement at each stage.

minCp :C’t)otal +C‘|;ep Vp c fP (10)

C:)otal :Can +C;1ain +C:n +C[r)el +C:mi Vp 1= fP (11)

Ol = (N - NN el + 3 3 G, G vmeVipe” (12
ieT i€ je[o,Ni —NiT]

C‘sjlvg :Z Z [Cfl}/gm _ Z CldjpmJ Vp eP (13)

ieT je[0,N}] me[m,,my.; —1]
Cor = (L=p )Y Vi jeT,mey (14)
Cfl}lgm - |mjvm T z Cldipm VI’ J €l, pe P (15)
me[m; j,m, ]
=Y T T PR GRyum, TEP (19)
i,jeZ jg[O,Ni'f:)V]teT,deD,mey
Cr= > PR, (cf,Pim, +ci R ) VpeP an
te7,deD,mey
C:)el = Z Z PRm /11 RI,t,d,m,p Vp eP (18)
lel te7T ,deD,me)
Cgmi = Z PR, Ceml Ftdmp VpeP (19)

te7,deD,mey
where variables N[",eN and N{*,€N represent the configuration quantity and the replacement quantity of
equipment i,j, respectively. Eq. (12) shows that the investment cost of equipment consists of two components: the
cost of new equipment and the recovery cost. The recovery cost is defined as the difference between the salvage
value of unreplaced equipment and the total salvage value of all equipment. Eq. (13) calculates the total salvage

value of all equipment, while Eq. (14) defines the annual depreciation cost of equipment i, j. Finally, Eq. (15)
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provides the salvage value of equipment i, j in year m.
The replacement cost C;* can be calculated as the difference between the cost of new equipment and the salvage

value of the old equipment.

Cr=Y Y (i, -Cl%, ) VmeY,peP (20)

i,jeZ je[ON{F]

3.2.2 Constraints

N <Ny <SNT™ VieZ,peP (21)
0<SN®<N™, VieI,peP (22)
—pgramx < pat <P vteT,deD,me),peP (23)
0< th’jfm,p < Fé’as’max VteZT,deD,me)Y,peP (24)
PiTi" <P iamp < PITaX Vi,jeZ,teT,deDme),peP (25)
0<R4mp S Lgamp VleLiteT,deDme),peP (26)

Egs. (21) and (22) define scale limitations, while (23) to (26) formulate ICES box constraints. It should be noted

that constraints (23) can be transformed using (27)-(29) to ensure that all variables of HTED-MSP remain non-

negative.
RUC —PU¢ _PIT teT,deDmed,peP @
0< Ptg[;'dr:p < Pr?rid'max VteT,deD,me),peP (28)
0< Ptg(;'dmp < Ppg”d'max VteT,deD,me),peP (29)

The constraints of the HTED-MSP incorporate the equipment operation, degradation, and reliability models
discussed in Section 2. In summary, the HTED-MSP model is formulated as a MILP problem, as represented by
Eqg. (30).

min C, =C>*+C®
=[e ¢ ] [N™, N ]
. T
e ] [y vie] (30
ot {(4) —(6),(11) - (22),(24) - (29), (A1) - (A29)

inv re| \ dev re| T
Ny ,NppeN,yp YR e Ry,

p
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3.3. Replacement Threshold Rate
The replacement threshold rate (RTR) is a critical metric in ICES planning, assessing implicit costs (e.g., training
operators for new equipment and the environmental impact of disposing of old equipment) and non-economic costs
(e.g., time preferences and risks). It suggests that existing technologies are not immediately replaced by new ones,
even when the marginal costs of the new technologies are lower, thus ensuring the continued operation of current
technologies. Specifically, an RTR of zero signifies a rapid transition to competitive new equipment, whereas a
high RTR ensures the longevity of existing equipment until the end of its service life. Unlike previous studies, this
paper adopts a holistic approach by considering both the investment and operational costs of equipment as the
criterion for replacement decisions. This comprehensive evaluation method improves decision-making by
accounting for both upfront investments and ongoing operational expenses. Therefore, the revised HTED-MSP
model can be expressed as:
min C,=C+C?
=[c™,@+RTR)C® | [NI,N
+[cfH”V,(1+ RTR)c!® JT [y‘;ev ,y[f"] (1)

ot (4)—-(6),(11) - (22),(24) - (29), (A1) - (A29)
L N ipnv7 N 'rjep c N, y(;evy y;ep c RZO

4. Solution Framework for the HTED-MSP Model
The HTED-MSP model is compactly formulated using matrix notation, with scenarios quantified daily. For any

given stage p and scenario s, the model (31) is expressed as follows:

: T T
min  C, =cg X+ ps-cly,

X, Ys seS

T, o x] [b \ | (32)
s.t. = VseS, xeN, y . eR,,
T, W, ||y, b -

S

where X represents all binary and integer variables, sdenotes the set of scenarios, including hourly normal scenarios

and N-k contingency scenarios. while ys denotes the continuous variables for scenario s.

The scenario set sand the scenario probabilities ps are expressed as follows:

S= {X e{o,1"

Z.Xi’jﬁk}x’ny (33)

i,jeZ
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where 0 represents a fault, and 1 indicates normal operation of the equipment. The parameter k denotes the N-k

contingency level, specifying the number of simultaneous faults being considered. f;; is determined by (8), and #

represents the set of faulty equipment.

Considering the 365 scenario simulations in a year and the N-k contingency scenarios, Eq. (32) is a large-scale
MILP problem. In this study, the L-shaped algorithm [35] is introduced to transform the HTED-MSP model into a
two-stage optimization model. Then, a state similarity (SS) method is proposed to alleviate the computational

burden of the HTED-MSP model.

4.1. L-shaped Method
Specifically, the L-shaped algorithm formulates the model (32) as a master problem and a multitude of
subproblems. The master problem includes all integer and binary variables, forming a mixed-integer programming
problem, while the subproblems are linear programming problems. As shown in Fig. 4, once the master problem
decision variables x is determined, all the subproblems can be solved separately.
For a given decision variable x¥ in the master problem, the subproblem is formulated as:
mino = ps ¢y, (35)

st T X +W,y, =D, : 7.
VseS,y, eR,,

where v is the iteration counter. z; € R is the dual variable associated with scenario s. The optimal solution to the
subproblem is the sum of the minimum operation costs across all scenarios. By introducing the slack variable 6,

the investment master problem is formulated as:

min C, =cyx+6"

TOXV:b0 (36)
st. 10" >e'-E'x
xeN, 8'eR,,, lefl,.. v}

where the constraint 6° >e' - E'x is called the optimal cut. The rigorous mathematical expression for the optimal

cut in the L-shaped method can be found in [36]. Define
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Let w'=e" - E'X". If 8" > w", the process stops; otherwise, the optimal cut is added to Eq. (36).

4.2. Scenario Analysis Method Based on State Similarity

When solving the scenario-based two-stage problem, the numerous sub-problems lead to a significant
computational burden. To address this, a state-similarity-based scenario analysis method is proposed to enhance
the solution efficiency.

The SS method is inspired by multi-parametric linear programming (MPLP) [37], where the positions of the
optimal basis matrix (POB) for all states within the same critical region are consistent. This implies that when using
the simplex method [38] for optimization, linear problems can be directly solved using POB equations instead of
iterative optimization.

Therefore, the SS method has the following characteristics:

® The SS method classifies scenarios based on POB, and the classification results are dynamic, depending

on the boundary conditions of the main and sub-problems.

® Solving POB-based equations replaces iterative optimization while maintaining the optimality of the linear

problems.

The differences between various sub-scenario models lie in load levels, renewable energy levels, energy prices,
equipment parameters, and the operational status of the equipment. These differences are specifically reflected in
the model (35), expressed as variations in cs, bs, and Ws. The standard multi-parametric planning form of the model

(35) is expressed as:

T v

minw = p[c+d,] y (38)
y

st [T+6 | x+[W+6, |y =[b+8,]: 7" y' e R,
where d¢, db, o1, and Jw represent variations in energy prices, load demands, equipment states, and equipment
parameters.
In the model (38), the optimization variables that form the vertices of the feasible region are designated as basic

variables, and the coefficient matrix associated with these basic variables is designated as the basis matrix. Non-
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basic variables, which are set to zero in a vertex solution, are associated with the non-basis matrix. When the model
achieves an optimal solution, the basic variables and the basis matrix become the optimal basic variables and the
optimal basis matrix. Clearly, the optimal basis matrix and the POB are in one-to-one correspondence.
Then, the subproblem model (38) can be divided into the basic matrix and the corresponding non-basic matrix
forms, as follows:
. T
mine = p[cB+§C Cy 16, J y' (39)
y B N
s.t. [T+5T]x+[WB +8,, Wy +8,, ]y“ =[b+6,]:x" y' ek,
where B and N respectively represent basic and non-basic parameters. According to the simplex theory, the

necessary and sufficient condition for maintaining an unchanged optimal basis is to satisfy the following constraints:

(We+8,, ) [b+6,-[T+6,]x" |20 (40)

[cy+6, | —='[W, +6,, |20 (41)

A group of SS-Sets is defined to classify subproblem scenarios with similarities. Therefore, all subproblems

within the same SS-Set can be represented using the same POB. The optimal solution for the SS set is obtained by:
v -1 v

o' =(cy+8,)(Wy+6,, ) ([b+8,]-[T+5,]x") (42)

Based on the SS-Set, determine if subsequent subproblems belong to the SS-Set using Egs. (40) and (41). If so,

the optimal solution can be directly obtained through Eq. (42). If not, solve the subproblem using a commercial

solver and generate a new SS-Set. Repeat this process until all subproblems are solved.
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Fig. 6 Two-dimensional description of the SS method solution process.

As shown in Fig. 6, by and b, are parameter variables in constraints I3, Io, and I3, with their fluctuation ranges
indicated by the red and blue lines, respectively. Si, Sz, and S3 represent the feasible regions formed by three sets
of parameter variables. Since scenarios S; and S; have the same POB, these two scenarios are considered similar.
This implies that the optimal solution for S, can be quickly obtained using (42). In contrast, the POB for S; differs
from that of Sy, requiring an optimization process to determine its solution. Therefore, the SS method leverages the
mathematical characteristics of subproblem solutions to classify a large number of optimization problems,
simplifying them into matrix multiplication. However, this simplification does not compromise the optimality of

the solutions.

5. Case Study
5.1. System Description

To evaluate the proposed HTED-MSP model, a case study was conducted in an ICES, as shown in Fig. 2. The
candidate equipment includes CHP, ASHP, GHP, GT, EL, SOFC, PV, PT, PH, SSS, WT, P2G, and CC. The
equipment failure order k = 1. The ICES is interconnected with superior systems via the electrical grid and the
natural gas network. Additionally, it is stipulated that the ICES can purchase electricity from the electrical grid and
sell back surplus power. The P2G system is designed to inject the generated natural gas into the gas network,

exclusively for local energy supply purposes. The planning horizon commenced in 2026 and spanned 30 years.
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The input data for the analysis comprises three categories: i) the energy demand curves; ii) technical and
economic parameters of the equipment; and iii) trends in energy prices.

i) The load forecast data for 2026-2055 is based on actual data from the ICES and uses the dataset from the
"Annual Energy Outlook 2023" [39] to predict the load for the next 30 years. Additionally, two unpredictable events
were simulated in years 10 and 18, as shown in Fig. 7.

ii) The economic and technical forecast parameters for equipment are derived from the “Assumptions to the
Annual Energy Outlook 2023 [40], the SCCER JASM dataset [41], and literature [8] [29] [39] [42]-[45], with
detailed information provided in Appendix B. Additionally, the trends in carbon emission parameters for CHP and
GT are shown in Fig. 8.

iii) Electricity purchase and sale prices, natural gas prices, and the carbon emission index are quantified. The
data for the initial year are provided by [43] and [44], whereas forecasts for the future are developed using [8] and
[39]. Moreover, 5% forecast errors in natural gas prices were simulated in years 2 and 3.

The simulation was run on a standard PC equipped with an Intel Core i5-9400U @1.80GHz CPU and 128.0 GB

RAM. Gurobi version 10.0 and Mosek version 9.2 were used in the study.
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Fig. 7 The growth rate curve for heating, electricity, and hydrogen demand (2025 is designated as year 0)
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Fig. 8 The carbon emission factor of CHP and GT
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5.2. Results and Comparisons

To validate the effectiveness of the proposed HTED-MSP model, three cases are analyzed: Case A involves a
single-stage planning (SSP) strategy, Case B involves a multi-stage planning strategy with a fixed planning period,

and Case C focuses on the HTED-MSP strategy. Additionally, the efficacy of the proposed SS method is evaluated
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by comparing it with the Benders decomposition approach.

Natural gas price ($/kWh)

Case 2026-2030 | 2031-2035 | 2036-2040 | 2041-2045 | 2046-2050 | 2051-2055
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Fig. 10 Planning stage of each model

Fig. 10 shows the start time of each planning stage for the SSP, MSP, and HTED-MSP strategies. In the MSP
strategy, planning occurs at fixed intervals of every five years. In contrast, the start times in the HTED-MSP strategy
are dynamically linked to the forecasting parameters. Unpredictable events in years 10 and 18 trigger event-driven
strategies, prompting early transitions to planning stages 3 and 5. However, forecast errors in natural gas prices in

years 2 and 3 did not trigger such transitions; a detailed analysis of this is provided in Section 5.3.2.

5.2.1 Planning results of ICES

Fig. 11 presents the optimal configuration costs for SSP, MSP, and HTED-MSP. The results indicate a
progressive decrease in planning costs across the strategies, with the HTED-MSP strategy achieving the most
significant reduction, yielding a 50.83% decrease compared to SSP and a 10.91% decrease compared to MSP. The
SSP and MSP pre-configure a higher number of redundant devices, which lack long-term competitiveness and

consequently lead to increased operational costs. As a result, operational costs under HTED-MSP are reduced by
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10.78% and 4.26% compared to SSP and MSP, respectively. Notably, SSP incurs lower reliability costs than MSP,
primarily because its planned redundancy serves as a backup in extreme scenarios. However, HTED-MSP provides
the most cost-effective reliability among the three strategies, owing to its ability to dynamically adjust planning
decisions at each stage. Additionally, Fig. 11 highlights the key economic features of the HTED-MSP: it minimizes
the configuration of redundant equipment to ensure cost-effectiveness during the planning stage, while using event-

driven strategy to maintain energy adequacy under long-term growth. Furthermore, HTED-MSP ensures system

reliability through regular equipment replacement by time-driven strategy.
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Fig. 12 illustrates the installed capacities of various types of equipment. Due to their lower costs, PV and WT
are allocated the maximum capacity. In contrast, the SSS is not implemented in the initial three stages due to its
nascent technology. Additionally, as the costs of hydrogen energy and P2GCC systems decrease, there is a gradual

increase in the deployment of equipment such as EL, SOFC, HS, and P2G, leading to the phasing out of some CHP
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Fig. 11 The planning cost for SSP, MSP, and HTED-MSP
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and GT units. This shift highlights a trend toward more cost-effective and sustainable energy solutions
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Fig. 13 The Cost variations during the planning period.

Fig. 13 presents the costs for each stage in the MSP and HTED-MSP planning strategies, along with the annual
system operation costs. The equipment replacement benefits reflect the reduction in operating costs due to the
replacement of equipment. For both the HTED-MSP and MSP strategies, energy purchase costs are the most
significant, comprising approximately 40% to 70% of the total operation costs. Maintenance costs follow,
accounting for 20% to 40% of the total operation costs. In comparison, carbon emissions and reliability costs have

a relatively smaller impact on the overall costs.

5.2.2 Analysis of the SS method

The computational performance of both the BD and SS method are presented in Table 1. First, both methods
yield the same planning costs, validating the correctness of the proposed SS method. Meanwhile, the computational
time for the SS method is only 7.99% of that for the BD method, owing to the SS method's ability to directly obtain
operation decisions for numerous similar scenarios. The “Average number of SS-Sets per year” indicates the limit
of efficiency improvement achievable through the SS method. For instance, in the HTED-MSP case, an average of

17.9 SS-Sets implies that only 4.9% (17.9/365) of the scenarios in the SS method need to be optimized. The



411 remaining scenarios can be quickly resolved by solving systems of equations.

412 As shown in Fig. 14, in the BD method, over 98.9% of the time is spent on handling subproblems, with only a
413  small fraction (0.99%) used for solving the master problem. In contrast, for the SS method, a significant portion of
414 the optimization process is replaced by equation solving, reducing subproblem processing time to 61.37% of the
415  total. However, the classification of SS-Sets and the equation-solving process introduce new computational burdens,

416  approximately accounting for approximately 25.51% of the total computation time.

417 Table.1 Comparison of planning results using different methods
SSP MSP HTED-MSP
Method BD ss BD S5 BD S5
Total cost (x107$) 3.47 2.53 2.35
Time (s) 184216.25 13871.48 70214.50 5518.86 79110.12 6321.67
Average number of SS-Sets per year N/A 20.33 N/A 20.21 N/A 17.90
98.95%
61.37% 25.51%
subproblem solved by optimization
Reduce to
subproblem solved by SS 79110.12s — > 6321.67s
7.99%
Others Master problem
12.32%
0.79%

418 0.06% 0.99%
419 *The “Others” refers to the time consumed by operations such as reading data and constructing models.
420 Fig. 14 Computational time for BD and SS in the HTED-MSP model
421 5.3. Sensitivity Analysis
422 This section performs a sensitivity analysis of the RTR and explores why forecast errors in natural gas prices did

423 not trigger the event-driven strategy from a cost perspective. Additionally, the evolution of low-carbon costs within

424 the ICES is analyzed.

425 5.3.1 Sensitivity analysis of RTR
16.0
—~ —— Stage 2
% —— Stage 3
Stage 4

% 120f — Stages

- Stage 6

= Stage 7

2 \

& 80T

5

£

()

8 407

&

o -

S e —
0 0.05 0.10 0.15 0.20 0.25

426 RTR
427 Fig. 15 The impacts of RTR on the replacement benefits for each stage
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Generally, a higher RTR leads to smaller replacement benefits as shown in Fig. 15, as it restricts the substitution
effect of newer technologies. Interestingly, when RTR is sufficiently low, replacement benefits initially increase
and then decrease over time, indicating that equipment replacement usually occurs in the middle to later stages of
the equipment lifecycle. Moreover, the RTR for the same equipment varies across different stages. For example, in
stage 2, the RTR is approximately 5%, with replacement benefits significantly decreasing when the RTR exceeds
this threshold, whereas in stage 4, the RTR is around 10%. This variation is attributed to technological
advancements that render new technologies more economical over time. Notably, in stage 7, the return rate from

new technologies remains above 25%.
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Fig. 16 The relationship between the total system replacement benefits and the RTR

As shown in Fig. 16, when the RTR is below 0.125, the replacement benefits exhibit more significant variation.
However, when the RTR exceeds 0.125, the benefits tend to stabilize. This indicates that an RTR higher than 0.125
helps retain existing technological equipment, while an RTR below 0.125 encourages the system to replace older
equipment. Therefore, the RTR plays a critical role in regulating the substitution of old and new technologies. By
adjusting the RTR, planners can strike a balance between promoting technological upgrades and maintaining
system stability and cost-effectiveness, thereby ensuring that the ICES remains competitive and sustainable in an

evolving market and technological environment.
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5.3.2 Sensitivity analysis of energy prices
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Fig. 17 Impacts of natural gas price fluctuations on costs

In this section, natural gas prices are allowed to fluctuate within a range of +80%. Changes in equipment
investment and operational costs are depicted in Fig. 17. As natural gas prices increase, investment in natural-gas-
based equipment decreases significantly, while investment in non-natural-gas equipment rises to meet the energy
demands of the ICES. Additionally, within a £20% fluctuation range of energy prices, the total ICES cost varies
by only £5%. However, when energy price fluctuations exceed this threshold, investment costs change dramatically.
This indicates that a prediction error of up to 20% in natural gas prices for each planning stage will not significantly
impact the planning strategies. Therefore, the 5% forecast errors in natural gas prices in years 2 and 3 did not trigger
the event-driven strategy. Similarly, for all long-term uncertainty parameters in ICES, the HTED-MSP model
generates sensitivity curves for both single and multiple uncertainty parameters at each planning stage. These
sensitivity curves are then used to update the trigger thresholds for the event-driven strategy in the next stage,
followed by rolling optimization.

Fluctuations in energy prices impact not only the planning costs of ICES but also have a significant influence
on carbon emissions. In this section, three scenarios are evaluated: S1, where natural gas prices fluctuate within
+20% of the baseline; S2, where natural gas prices fluctuate within £80% of the baseline; and S3, where both
natural gas and electricity prices fluctuate within £80% and £20% of their respective baselines. For each scenario,
Monte Carlo simulations are used to assess the impact on carbon emissions. The carbon emission boundaries for

these scenarios are depicted in Fig. 18.
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Fig. 18 Impacts of natural gas and electricity price fluctuations on carbon emissions

Fig. 18 shows that sufficiently high natural gas prices can drive ICES to make planning decisions aimed at lower
carbon targets, even achieving zero carbon emissions in the first 1-3 years of planning. However, as ICES load
demand increases, relying solely on renewable energy becomes insufficient to meet local demands, leading to
higher carbon emissions. Comparing scenarios S2 and S3, a rise in electricity prices is observed not to significantly
affect carbon emissions. In contrast, lower electricity prices have a substantial impact on ICES carbon emissions;
as renewable energy becomes less economically viable compared to cheaper electricity, leading to decreased clean

energy generation.

5.3.3 Cost-time benefit analysis for achieving a zero-carbon ICES

Fig. 19 indicates that achieving zero-carbon ICES planning at the optimal planning point is not feasible,
necessitating additional investment from a cost perspective. The sensitivity analysis results in Fig. 19 show the
timeline for achieving a zero-carbon ICES and the required additional investments. The additional cost rate is
defined as the percentage of extra costs relative to the optimal planning costs. Additionally, it is stipulated that the
ICES can achieve negative carbon emissions by selling electricity to the grid. Generally, emission reduction can be
attained by an increase in the total system cost. For example, to achieve a zero-carbon ICES by 2050, the operational,
investment, and total costs need to increase by 12.2%, 31.7%, and 19.8%, respectively. Furthermore, an accelerated
transition to a zero-carbon ICES leads to higher additional expenses. For instance, reaching this goal by 2030 incurs
14.4% higher additional costs compared to a 2045 target.

Upon closer observation, significant differences in sensitivity to economic performance are noted across various

target years for achieving zero carbon. Notably, before 2042, additional investments remain high and are relatively
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insensitive to time However, after 2042, there is a rapid decrease in additional investments over time, likely due to
factors such as technological advancements and changes in equipment costs. Finally, in all cases, investment costs
are the predominant category of additional costs, accounting for approximately 50% to 78% of the total additional

costs. Operation costs, on the other hand, have a smaller impact on the overall costs.
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Fig. 19 Impact of zero-carbon target on costs

5.4. Discussion of state similarity

The selection of typical scenarios for analysis has a direct impact on the ICES planning. In particular, for ICES
with high renewable penetration, scenario analysis methods based on a limited number of typical scenarios often
fail to accurately represent real-world operations [34]. In this paper, we directly address massive scenarios without
reduction. Scenarios are classified based on the position of the optimal basis (POB), enabling the rapid and accurate
determination of optimal solutions for massive scenarios. In other words, the SS method has the potential to replace
clustering methods in multi-scenario linear optimization problems. Furthermore, the essence of the SS method lies
in identifying the POB, which means it can be extended to quadratic programming, mixed-integer programming,

and mixed-integer quadratic programming with linear constraints. This will be a focus of our future research.

6. Conclusion

This paper introduces a hybrid time-and-event-driven multi-stage planning (HTED-MSP) model aimed at
mitigating the incremental costs and operational risks caused by unpredictable events or unignorable forecasting
errors. To prevent frequent equipment replacements caused by the dual-driven strategy, a RTR is incorporated, and
its quantitative impact on planning strategies is analyzed. Subsequently, a scenario analysis method based on state

similarity (SS) is developed. By first verifying the positions of the optimal bases (POB) before optimization, this
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approach significantly accelerates the solution efficiency of large-scale scenario models. Finally, the model is

applied to a typical ICES, and the following conclusions are drawn:

The event-driven strategy in the HTED-MSP model dynamically adjusts planning decisions based on
unpredictable events or unignorable forecasting errors, it reduces investment costs by 10.91% and
operating costs by 4.26% compared to MSP strategy. Moreover, by accounting for operational risks
associated with equipment aging during the planning stage, the HTED-MSP model achieves a 72.58%
reduction in reliability costs for the ICES.

An appropriate RTR can effectively maintain the vitality of existing technologies The proposed HTED-
MSP model offers a pathway for sensitivity analysis to obtain the optimal RTR for a specific community
or equipment. Certainly, RTR can also be easily extended to a specific technology, which is highly valuable.
Compared to traditional two-stage methods, the SS method reduces solution time for large-scale scenario-
based MILP problems by over 90%. As the number of scenarios increases, the computational efficiency
advantages become even more pronounced. Additionally, the SS method can be easily integrated with
other acceleration algorithms (such as clustering [49] and IIES [50]) to further enhance computational
performance.

According to the future parameter evolution, achieving a zero-carbon ICES is not feasible at the optimal
economic planning point. Achieving zero carbon ICES before 2055 would require a 15% cost increase,
while aiming for carbon neutrality by 2030 would demand a cost escalation of approximately 34%. These
projections underscore the significant financial challenges associated with accelerating the transition to a

zero-carbon ICES.

Future research will focus on two areas. The first is enhancing the event-driven planning framework by

considering factors such as policy changes, for example, examining the impact of low-carbon policies on planning

costs. The second area explores the application of state similarity method in nonlinear optimization, particularly in

optimal energy flow, enabling their use in regional-scale integrated energy systems analysis.
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Appendix A. Operation Model for ICES

Nomenclature
Parameters and Constants
APVrTRH area of PV/PT/PH Zcne ratio of the change in electrical output power to the
- incoming solar radiation per square meter at time thermal output power of the CHP
t,dm 7P overall efficiency of CHP
pPV/rTPH energy conversion efficiencies of PV /PT / PH yCHP-CO2 carbon emission factor of CHP
H2 low calorific value of hydrogen yCTCco? carbon emission factor of GT
ASSS area of SSS cC carbon capture efficiency of CC
pSPVm energy conversion efficiency of SSS ZCZQ carbon cagture power co};lsumption factor of CC
e incoming solar radiation per square meter at time ~ 5*¢ energy conversion efficiency of P2G
t,d m x conversion ratio
plisieh discharging/charging efficiency of the energy #5OFCE electrical conversion efficiency of SOFC
storage ySOFCT thermal energy conversion efficiency of SOFC
Smax/min max/min limitation energy 7t energy conversion efficiency of EL
5 CORHP COP of HP . electricity load
g% heat value of natural gas . hydrogen load
GT energy conversion efficiency of GT L thermal load
7e*e efficiency of CHP g heating value of natural gas
Variables*
P output electric power of PV at time ¢, d, m P output power of CHP at time ¢, d, m
Qf{: i output Lhe:irmal power of I;T attime ¢, d, m F(,C;':, outbput thermal ltalower f(‘)f CHP at time ¢, d, m
i output rogen power of PH at time ¢, d, m i carbon capture flow of CC at time ¢, d, m
P,Sgﬁ outgut el};ctri% polzver of SSS at time ¢, d, m Pfdi carbon cagture power of CC at time ¢, d, m
o output thermal power of SSS at time ¢, d, m pe fixed power consumption of the P2GCC system
. output hydrogen power of SSS at time #, d, m e power consumption of P2G at time ¢, d, m
Pt discharging/charging power of energy storage at  Fip, CH, generated by P2G at time ¢, d, m
time ¢, d, m Ha hydrogen consumption of P2G at time ¢, d, m
P the max discharging/charging of energy storage at T fixed power consumption of the P2GCC system at time
time t, d, m t,d,m
P input electric power of HP at time ¢, d, m Haow input hydrogen power of SOFC at time ¢, d, m
o output thermal power of HP at time ¢, d, m Sore output electric power of SOFC at time ¢, d, m
Fo, input gas flow of GT at time ¢, d, m Oons output thermal power of SOFC at time ¢, d, m
P output power of GT at time ¢, d, m H, output hydrogen power of EL at time ¢, d, m
Jasls fuel input power of CHP P, input electric power of EL at time ¢, d, m
Fom fuel consumption flow of CHP at time ¢, d, m R, load shedding of electricity
Peox power of the extraction condensing CHP unit in R}, load shedding of hydrogen energy
full condensing mode R, load shedding of thermal energy

* The domain of all variables in this table is R_, = {x & R[x>0} .
A.1 Solar supply unit model

PV, PT, and PH systems can convert solar energy into electrical, thermal, and hydrogen energy, respectively. The associated constraints can

be formalized as follows:

Rm=n" AR (A1)
in=n" AR (A2)
Hey =0 AR 1™ (A3)

To enhance energy conversion efficiency, an integrated solar energy system is proposed in [27][28]. The system integrates PV, PH, and PT
technologies, and employs a specialized dielectric layer to partition sunlight into three distinct spectral bands. i) The spectral range between 500
nm and 800 nm is utilized for PV generation. ii) The spectral band with wavelengths greater than 800 nm is harnessed for solar thermal collection.
iii) The spectral band with wavelengths shorter than 500nm is employed for photocatalytic hydrogen production. The constraints for the solar

spectral splitting unit can be expressed as follows:

SPV _ __SPV ASSSpSSS

Pt,d,m_n A ,d,m (A4)
SPT _ __SPT ASSSpSSS
am =1 ARG (A5)

H SPH =775PH ASSS RIS’;Sm / qHZ (AG)

t,d,m
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A.2 Energy storage model

The operation constraints for energy storage are as follows:

0<Rim <UisnP™"™ (A7)

0< R SUG,P™™ (A8)
Ufen-Ulm =0 (R9)

Stco.dm = Stzo.derm (AL0)

Stam = Ssam +71 RS = Pln /1™ (A1)
S™M<S . SS™ (A12)

where Ulse' €{ Ulie'€ N | 0<Ufsr'<1}is the discharging/charging factor of energy storage at time t, d, m. Syam € R=o donates the capacity of
energy storage at time t, d, m. However, (A9) leads to the non-convexity of the model. [51] has demonstrated that relaxing this constraint does
not affect the variation of the objective function. This is because the energy loss caused by charging and discharging further reduces the system's
economic efficiency.

A.3 Energy conversion equipment model

HP COP,HP pHP
idm = Rdm (A13)
GT GT as — GT

Ranm =71 aF, (A14)

A.4 CHP model

In this section, the extraction condensing steam turbine CHP unit is chosen for modeling. The energy conversion model is described in (A15)
- (A17)

CHP 2¢ = CHP
Peon =1"°F (A15)
CHP CHP /- CHP CHP
Pt,d,m = _Qt,d,m /Z + Peon (A16)
gas, CHP —CHP _ ~CHP | 5CHP
a~n Ft,d,m - t‘d,m+Pt,d,m (A17)

A.5 P2GCC Model
The CP primarily utilizes carbon capture devices to capture the carbon dioxide emitted by CHP and GT units and integrate carbon storage.
The captured carbon dioxide is processed through the P2G system to produce methane, which is directly supplied to the GT and CHP to realize

the recycling of CO2. The P2G-CC model can be formulated as follows:

Rl =1 ("R, + 77 %Q5") (A18)
P =R (AL9)

RS =B + RS, + P (A20)

Fham =0 1% (A21)

R =xH (A22)

A.6 SOFC model

The operational characteristics of the SOFC can be described as follows:

SOFC _ __SOFC,E SOFC

Ram =7 Hiam (A23)
SOFC _ __SOFC, T SOFC
e Heam (A24)

A.7 EL model

The operational model of EL can be described as follows:

Hon=n"R5, /9™ (A25)

t,d,m



586  A.8 Energy flow model

587 In summary, the energy flow equations for electricity, heating, hydrogen, and natural gas can be formulated as follows,

588 Rm + Ram+Pian —Pam +Pam +Ran+RGn +Rin  +Ran ~Ron ~Ran =Lon —Rian  (A20)
589 Ko +Qim ~Qlom +Qlom + Qe + Qi + Qo = Lian —Riam (A27)
590 Hidm + Hiom —Hign +Hion —HIG —Hgm + Hign = Lon — Rl (A28)
591 R+ Flom —Fiam —Fin =0 (A29)

592 Appendix B. Parameters of ICES Equipment

593 Tables B.1 to B.3 present the dynamic costs and technical parameters of the devices within the ICES system. The specific parameters for
594 SOFC, CC+GT, PV, PT, CHP, GHP, ASHP, WT, and ES are sourced from references [8], [40], and [41]. However, there is a lack of predictive
595 parameters for devices PH, TS, HS, and SSS in existing research. Therefore, based on the current economic and technical parameters from
596 references [27], we have constructed future parameters for PH, TS, HS, and SSS.

597 Table B.1
598 Cost and technical parameters of the SOFC, CP, GT, PV, PH, and EL.
Vear — SOFC [40] — GT+CC[4]] PV [27] [41] PH[27] [41] — EL[4]
C™ ($/kW) Eff elc Eff th C™($/kW) Eff _ C™($im?) Eff__C™($im?) Eff___C™($/kW) Eff
1 6238 0.560 0.610 2001 0.500 96 0.200 131 0.100 2300 0.700
2 6228 0.561 0.611 1999 0.502 94 0.201 129 0.102 2269 0.703
3 6218 0.562 0.612 1996 0.504 91 0.202 127 0.103 2239 0.707
4 6208 0.563 0.613 1994 0.506 88 0.203 124 0.105 2208 0.710
5 6198 0.564 0.614 1992 0.508 86 0.204 122 0.107 2177 0.713
6 6188 0.565 0.615 1990 0.510 83 0.205 120 0.108 2147 0.717
7 6177 0.566 0.616 1987 0.512 80 0.206 118 0.110 2116 0.720
8 6167 0.567 0.617 1985 0.514 77 0.207 116 0.112 2085 0.723
9 6157 0.568 0.618 1983 0.516 75 0.208 114 0.113 2055 0.727
10 6147 0.569 0.619 1980 0.518 72 0.209 111 0.115 2024 0.730
11 6137 0.570 0.620 1978 0.520 69 0.210 109 0.117 1993 0.733
12 6124 0.572 0.622 1970 0.522 68 0.211 107 0.118 1963 0.737
13 6111 0.574 0.624 1962 0.524 66 0.212 105 0.118 1932 0.740
14 6099 0.576 0.626 1954 0.526 65 0.213 103 0.119 1901 0.743
15 6086 0.578 0.628 1946 0.528 64 0.214 100 0.120 1871 0.747
16 6073 0.580 0.630 1938 0.530 62 0.215 98 0.121 1840 0.750
17 6060 0.582 0.632 1930 0.532 61 0.216 96 0.122 1791 0.750
18 6047 0.584 0.634 1922 0.534 59 0.217 94 0.123 1740 0.750
19 6035 0.586 0.636 1914 0.536 58 0.218 92 0.123 1691 0.750
20 6022 0.588 0.638 1906 0.538 56 0.219 90 0.124 1641 0.750
21 6009 0.590 0.640 1898 0.540 55 0.220 87 0.125 1590 0.750
22 5999 0.591 0.641 1898 0.541 54 0.221 84 0.125 1541 0.750
23 5989 0.592 0.642 1898 0.542 53 0.222 80 0.125 1492 0.750
24 5979 0.593 0.643 1898 0.543 52 0.223 77 0.125 1441 0.750
25 5969 0.594 0.644 1898 0.544 51 0.224 73 0.125 1392 0.750
26 5959 0.595 0.645 1898 0.545 50 0.225 70 0.125 1342 0.750
27 5948 0.596 0.646 1898 0.546 50 0.226 66 0.125 1291 0.750
28 5938 0.597 0.647 1898 0.547 49 0.227 62 0.125 1242 0.750
29 5928 0.598 0.648 1898 0.548 48 0.228 59 0.125 1193 0.750
30 5908 0.600 0.650 1898 0.550 46 0.230 52 0.125 1093 0.750

599 Table B.2
600 Cost and technical parameters of the CHP+CC, GHP, ASHP, WT, ES, and P2G. It is noteworthy that CHP, GHP, and ASHP, besides having

601 dynamic costs ($/kW), also possess fixed installation costs ($). For detailed data, please refer to [8].
Year CHP+CC [8] GHP [8] ASHP [8] WT [41] ES [8] P2G [41]




602
603

604
605

606
607

Cinv

Cinv Cinv

Cinv

Cinv

Cinv

ghw) Effelc B gy BT ey BT ewy BT g ey B
1 909 0.300  0.550 2818 4.00 702 3.00 2875 0.400 276 1725  0.700
2 904 0.301 0.551 2721 4.02 683 3.00 2842 0.400 270 1696 0.705
3 899 0.302 0.552 2627 4.04 665 3.03 2809 0.400 266 1668 0.710
4 895 0.303  0.553 2537 4.08 647 3.06 2776 0.400 261 1639  0.715
5 890 0.304 0.554 2450 412 630 3.09 2744 0.400 255 1610 0.720
6 886 0.305 0.555 2366 4.17 613 3.12 2711 0.400 251 1581 0.725
7 882 0.306  0.556 2284 421 597 3.16 2677 0.400 246 1553  0.730
8 877 0.307 0.557 2206 4.25 581 3.19 2645 0.400 242 1524 0.735
9 873 0.308 0.558 2130 4.29 565 3.22 2612 0.400 240 1495 0.740
10 868 0.309  0.559 2056 4.33 550 3.25 2579 0.400 232 1466  0.745
11 864 0.310 0.560 2019 4.37 536 3.28 2546 0.400 228 1438 0.750
12 860 0.312 0.562 1917 441 521 331 2529 0.400 224 1409 0.760
13 856 0.314  0.564 1852 4.46 507 3.34 2512 0.400 220 1380  0.770
14 851 0.316 0.566 1787 4.50 493 3.37 2493 0.400 216 1351 0.780
15 848 0.318 0.568 1726 454 481 3.40 2476 0.400 212 1323 0.790
16 843 0.320 0.570 1666 4.58 468 343 2459 0.400 208 1294  0.800
17 838 0.322 0.572 1609 4.62 455 3.47 2441 0.400 204 1265 0.810
18 835 0.324  0.574 1554 4.66 443 3.50 2424 0.400 200 1236  0.820
19 830 0.326  0.576 1501 4.70 431 3.53 2406 0.400 197 1208  0.830
20 826 0.328 0.578 1449 474 420 3.56 2389 0.400 192 1179 0.840
21 822 0.330  0.580 1400 4.79 408 3.59 2371 0.400 189 1150  0.850
22 818 0.333  0.582 1351 4.83 398 3.62 2341 0.401 185 1127 0.853
23 814 0.336  0.584 1304 4.87 388 3.65 2312 0.402 182 1104  0.856
24 810 0.339  0.586 1236 491 377 3.68 2280 0.403 178 1081  0.859
25 806 0.342  0.588 1217 4.95 367 371 2251 0.404 175 1058  0.862
26 802 0.345  0.590 1174 4.99 358 3.74 2221 0.405 171 1035  0.865
27 798 0.348  0.592 1134 5.03 347 3.78 2191 0.406 169 1012 0.868
28 794 0.351  0.594 1095 5.08 338 381 2161 0.407 166 989 0.871
29 790 0.354  0.596 1058 5.12 329 3.84 2130 0.408 162 966 0.874
30 785 0.360  0.600 1021 5.20 321 3.90 2070 0.410 156 920 0.880
Table B.3
The initial cost and technical parameters of the PT, TS, and HS.
Parameter  PT [27] TS [27] HS [27]
cn 76 ($/m?)  32.9 ($/kwh) 571 ($/kg)
Eff (%) 0.472 0.90 0.95
Table B.4
The initial cost and technical parameters of SSS[27].
Parameter SSS
c™ ($/m?) 304
Proportion of solar radiation loss (%) 11.8
Proportion of solar radiation for PV (%) 24
Proportion of solar radiation for PT (%) 48
Proportion of solar radiation for PH (%) 16.2
PV-efficiency (%) 415
PT-efficiency (%) 41.9
PH-efficiency (%) 47.2
Table B.5
Cost parameters of PT, TS, HS, and SSS.
PT TS HS SSS
Year inv 2 inv inv inv 2
C™ ($/m?) C™ ($/kwh) C™ ($/kg) C™ ($/m?)
1 76 32.9 571 304
2 75 32.8 564 299
3 74 32.8 556 296
4 73 32.7 549 291
5 72 32.7 541 287
6 71 32.7 533 283
7 70 32.6 526 279
8 69 32.6 518 275
9 68 325 511 271




10 67 325 503 267

11 66 325 495 263
12 65 324 488 259
13 64 324 480 255
14 63 324 472 251
15 62 32.3 465 247
16 61 32.3 457 243
17 59 32.3 445 236
18 58 32.2 432 230
19 56 32.2 420 223
20 55 32.2 408 217
21 53 32.1 395 210
22 51 32.1 383 203
23 50 32.1 371 197
24 48 32.0 358 190
25 46 32.0 346 184
26 45 32.0 333 177
27 43 32.0 321 170
28 41 32.0 309 164
29 40 32.0 296 157
30 36 31.9 271 144
608 Table B.6
609 Lifetime, yearly conversion degradation coefficient, reliability index, and maintenance cost, and capacity of all energy conversion and
610 generation equipment[8], [27], [40], [41], [42], [43], [44], [47].
Parameter CC+GT PV PT PH CHP+CC GHP ASHP WT SSS P2G SOFC EL
Lifetime (years) 20 25 20 20 30 20 20 25 15 20 10 20
Yearly conversion degradation
coefficient (%) 1 0.5 1 1 2 2 2 1 2 2 2 2
Reliability decay factor u 6 5 4 5 6 6 6 4 4 6 6 6
Maintenance cost ($/kWh) 0.44 0 001 01 099 001 0.01 0.093 10 0.27 0 0.2
611 Table B.7
612 Technical parameters of ES, TS, and HS[8], [46], [45], [48].
Parameter ES TS HS
Lifetime (years) 15 30 20
Charge/discharge efficiency (%) 90 90 95
Maximum charge/discharge rate (%) 20 20 20
Self-discharge rate (%) 0.06 05 0.1
Upper bound of SOC 0.9 0.9 0.9
Lower bound of SOC 0.1 0.1 0.1
Degradation parameters Table B.8 Table B.9 -
Reliability decay factor u 4 6.5 5
Maintenance cost ($/kW) 0.01 0 0.01
613 Table B.8
614 Degradation parameters of ES [29].
Parameter Value
o (KWTK?2) 5.04e7
B KWK —2.998¢°°
7 (kW) 0.446
6 (Kh) —-3.35¢°
e (h) 1.175
0 4944
Ea (J mol™) 24 500
R (I molt K™ 8.314
K (K) 288
615 Table B.9
616 Degradation parameters of TS [29].
Parameter Value
™ (%) 0
GFre (%) [31] 0.060

gratc (9) [31] 0.053
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KTSmax (K) [30] 363
KTSmin (K) [30] 338
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