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Abstract: In this work, a new tri-level stochastic optimization formulation is developed for the capacity
expansion (CE) planning of an integrated multi-carrier energy systein comprising electricity, natural gas,
and district heating (DH) networks that explicitly captures the trade-off between economic optimality and
system resilience in the face of extreme events. When prior works on the (dis)integration of energy vectors
often consider energy vectors independently or overicok disrupted system recovery dynamics, the present
research develops an integrated multi-carrier framework that simultaneously determines long-term
investment decisions, short-term operational dispatch, and emergency reconfiguration measures. The
problem is formulated in a hierarchical manner: the upper level searches for optimal capacity expansion
for lines, pipelines, and conversion technologies (CHP, P2G, heat pumps), the middle level solves
minimum operational cost problem under ordinary stochastic conditions, and the lower-level deals with
maximum load restoration in N-k contingencies by a quantitative resiliency measure. To make the difficult
mixed-integer problem computationally tractable, we employ an iterative Column-and-Constraint
Generation (C&CGQ) algorithm. A numerical example of a coupled test system over a ten-year time period
displays the feasibility of the presented approach. It is shown that the combined resilience-oriented design
planning decreases the total expected costs as well as the resilience cost penalty by ca. 8.4% over the
single-energy-system design and even surpasses the performance of deterministic methods considering
system resilience, although with increasing costs. Critically, the framework features an endogenous,
quantifiable resilience metric that is co-optimized with economic objectives, transforming resilience from a
passive design constraint into an active driver of investment decisions. In addition, the framework enables a
significant increase in renewables penetration (from 18% to 54%) through exploiting multi-carrier
flexibility to buffer intermittency. These results can help guide policy makers on the importance of cross-
sectoral coupling to increase infrastructure robustness and demonstrate that such resilience-focused
investments are instrumental in enabling deep decarbonization of the energy system.

Keywords: multi-carrier energy systems; integrated electricity-gas-heat networks; tri-level stochastic
optimization; resilience assessment; renewable integration; column-and-constraint generation.
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Sets and Indices:

T: Set of planning years, indexed by t.

S: Set of seasonal periods, indexed by s.

H: Set of hourly time steps, indexed by h.

N€: Set of electrical buses, indexed by i,j.

NY: Set of gas nodes, indexed by m,n.

NM: Set of heating nodes, indexed by p,Q.

L®: Set of electrical transmission lines, indexed by |€.
LY9: Set of gas pipelines, indexed by 19.

L": Set of heating pipes, indexed by I,

G“°": Set of conventional generators, indexed by g.
G"INd: Set of wind farms, indexed by w.

G0 Set of solar installations, indexed by pv.

GMP: Set of combined heat and power (CHP) units, indexed by C.
GY9%°: Set of gas-fired generators.

UP29: Set of power-to-gas facilities, indexed by k.
yboiler: et of gas boilers, indexed by b.

UMP: Set of heat pumps, indexed by hp.

ystorage.e. get of electrical storage systems, indexed by es.
UStorage.9: get of gas storage facilities, indexed by gs.
ystorage:n. get of thermal storage units, indexed by hs.

Q: Set of operational scenarios, indexed by Ww.

: Set of disruption scenarios, indexed by E.

C: Set of candidate investment options, indexed by L.

charden. gubset of candidate hardening investments.

Z: Set of network zones for resilience assessment, indexed by z.
ZCtical. get of critical zones.

Zmicrognid. get of microgrid zones.

M3UPPY: Set of gas supply nodes.

Neriticale. get of electrical buses with critical loads.

PPAt": Set of lines in a path connecting buses i and j.

CUt A cutset in the electrical network.

N's!an9: Set of buses forming an island.



Parameters:

CI"V: Investment cost for candidate option L.

CI8': Fuel cost for generator g in year t.

C3"™UP: Startup cost for generator g.

Cgh“tdm””: Shutdown cost for generator g.

CHP%: Cost of gas supply at node m in year t.
ClMelehP. Fyel cost for CHP unit C.

Cgyrtail:wind, Penalty for wind power curtailment.
Csyrtailsolar. penaity for solar power curtailment.
cdgarade. Degradation cost for electrical storage es.
CgBerate: Operating cost for gas storage gs.
ngrﬁail,e: Penalty for electrical load curtailment.
CEYEa9: penalty for gas load curtailment.
CELRRILN: penalty for heating load curtailment.
CRVIteh. Cost of switching electrical line |°.
cPlackstart, cost agsociated with black start capability at bus I.
cresilience. pesilience cost for zone z.

CSttaCk: Cost for attacker to disable generator g.
CRttack. Cost for attacker to disable line 1€,

Pg: Maximum power output of generator g.

Pg: Minimum power output of generator g.

RgP: Ramp-up rate of generator g.

RSOW”: Ramp-down rate of generator g.

TgP: Minimum up time of generator g.

Tgown: Minimum down time of generator g.

Ngeat: Heat rate of generator g.

NE'eC: Electrical efficiency of CHP unit C.

N2t Thermal efficiency of CHP unit C.

F?ZP, [EZP: Maximum and minimum heat-to-power ratio for CHP unit C.
nEzg: Efficiency of power-to-gas facility k.

nBO'e": Efficiency of gas boiler b.

COPhp: Coefficient of performance for heat pump hp.
n

gharge. Charging efficiency of electrical storage es.



r]gisSCharge: Discharging efficiency of electrical storage €s.
pggcay: Self-discharge rate of electrical storage es.

QEEP: Energy-to-power ratio for electrical storage es.

Fpe: Capacity of electrical line |°.

Xje: Reactance of electrical line €.

1195%: Fractional transmission loss on line I€.

Qyo: Capacity of gas pipeline 19.

Kjo: Pipeline constant for gas pipeline 9.

H)r: Capacity of heating pipe h.

Ap: Thermal loss coefficient for heating pipe I".

g,min g,max
Pr , Pr :Minimum and maximum gas pressure at node m.
m m

TB'min, TB'maX: Minimum and maximum temperature at heating node p.
Ees: Energy capacity of electrical storage es.

PSR, PYE: Charging/Discharging power limit of electrical storage es.
Vgs, Vgs: Maximum and minimum volume capacity of gas storage gs.
61_;”4, 6év_ci,th: Injection/Withdrawal rate limit of gas storage gs

Qns: Capacity of thermal storage hs.

P& h.w: Electrical demand at bus i.

Q%4 s ,h,w: Gas demand at node m.

HS;QS,h,w: Heating demand at node p.

puind. Capacity of existing wind farm w.

P5'@": Capacity of existing solar installation pv.

PEMP: Electrical capacity of CHP unit C.

QEMP: Thermal capacity of CHP unit C.

QBO''e: Capacity of gas boiler b.

ﬁP.B Electrical capacity of heat pump hp.

6ﬂﬁ Thermal capacity of heat pump hp.

PR29: Capacity of power-to-gas facility K.

QpyPPIY:base. Bage gas supply capacity at node m.

pa/EL-Wind. Available wind power generation.

p?,‘v’?t','g?ﬁ,'&{: Available solar power generation.

K[Paxe iotale. Maximum annual and total capacity expansion for electrical line |6,

K§2*9, ki9t@9: Maximum annual and total capacity expansion for gas pipeline 19.



—_max,gen,

g"™m9e" kg : Minimum and maximum capacity expansion for generator g.

Kg

ﬁtgc’talz Technical maximum capacity for generator g.
BPU99et.: Available investment budget for year t.
NJMin.CoNNECt. § finimum number of connections required for bus i.
Qipjectmax. \aximum allowable gas injection at node m.
RM®, RMY, RM": Electrical, gas, and heating planning reserve margins.
oind. Capacity credit factor for wind generation.
RES. Minimum renewable penetration ratio in year t.
y2€": Minimum local generation ratio for zone z.
xparden.min. nfinimum fraction of investment allocated to hardening.
¢"®°€"™V€9: Required gas reserve duration (hours).
€P29'MN: Minimum power-to-gas capacity ratio relative to wind capacity.
Nines:total. Tota] number of lines in zone z.
Tw: Probability of operational scenario W.
Te: Probability of disruption scenario §.
A g: Availability of electrical line |° under disruption &.
A g: Availability of gas pipeline |9,
Ag g: Availability of generator g.
ASSRPY: Availability of gas supply at node m.
rguration: pyration of disruption scenario €.
gritical, Criticality weight of zone z.
pmin.island. \ finimum generation required to form an energized island.
of @l Criticality factor for bus i.
AP-curtail, Naximum allowable cumulative electrical load curtailment.
o™nresil. Minimum acceptable system resilience.
gearrerbalance. \raximum allowable imbalance between energy carrier curtailments.
Af%?gse: Baseline availability of component |€.
ponicrogrid. Resilience enhancement factor from microgrid capability.
Battack. Attacker's resource budget.
RERHUP, RERIHIOWN: Upward and downward spinning reserve requirements.
Ot: Discount factor for year t.
Ds: Duration of season S in days.

Nh: Weight of hour h within seasonal representation.



MPI9. A sufficiently large constant (Big-M).

First Level Variables (Investment Planning):

X, t: Binary investment decision for candidate option L in year t.
inv,e. n: . . . . . . e

yiey'": Binary decision to invest in electrical line I=.
invlg. . .. . . . . g

yi¢¢'®: Binary decision to invest in gas pipeline I°.

inv,
t

Yg

yW:ehP. Binary decision to invest in CHP unit C.

9€N: Binary decision to invest in generator g.

yré?trden'”ne: Binary hardening decision for electrical line €.
Kf£P®: Continuous capacity expansion for electrical line |°.
ngf’f ‘9 Capacity expansion for gas pipeline 19.

Kg¥98": Capacity expansion for generator g.

KS2PVINd: Capacity expansion for wind farm w.

KS3RS°!": Capacity expansion for solar installation pv.
K?,I?C’Chp, KQﬁat’Chp: Electrical and thermal capacity expansion for CHP unit C.
KiyPY'9: Gas supply capacity expansion at node m.

KPP P29, Capacity expansion for power-to-gas facility k.

KE3P'POIeT. Capacity expansion for gas boiler b.

KF3%"P: Capacity expansion for heat pump hp.

KBOYEres kal§'9Y'®%: Power and energy capacity expansion for electrical storage es.
KGeR'9%: Capacity expansion for gas storage gs.

KiP -, Capacity expansion ior heating pipe I,

Second Level Variables (Operational Optimization):

pgﬁf’s,h,w: Power output of conventional generator g.

Ugs,h,w: Binary commitment status of generator g.

VEETEP,, vENULOWN: Binary startup/shutdown variables for generator g.
pEf‘t’,’s'%,w: Electrical output of CHP unit C.

qE,htf’s',rF],w: Heat output of CHP unit C.

pWE?g,h,w: Power output of wind farm w.

PR’ h.w: Power output of solar installation pv.
PR3 h,w: Power consumption of power-to-gas facility k.
qR3%LL,: Gas production from power-to-gas facility k.

fie t 5.1 oo: Power flow on electrical line I°.

Bft,s,h,w: Voltage angle at electrical bus i.



af ¢ s,h,w: Gas flow in pipeline 1.

prih.t.s,h.w: Gas pressure at node m.

hp\,t,s,h,w: Heat flow in heating pipe I,

TB,t,s,h,wi Temperature at heating node p.

qRYRRY, w: Gas supply from external source at node m.

pg?,t,s,h,w, pgiss,t,s,h,w: Charging/Discharging power of electrical storage es.
€225 s,h,w: State of charge of electrical storage es.

qgg,t,s,h,w, qév_cif{‘,s,h,w: Gas injection/withdrawal for gas storage gs.
VI(_;,es\fEIS,h,w: Storage level of gas storage gS.

aBY'€kN,: Gas input to boiler b.

qBY'€kAYE: Heat output from boiler b.

pnB,t,s,h,wZ Electricity consumption of heat pump hp.

qﬂB:?,lé,th,w: Heat output from heat pump hp.

qﬁ?;{‘,s,h,w, qﬂiss,t}?s,h,w: Charging/Discharging heat for thermal storage hs.
fEPHEL: Fuel (gas) input to CHP unit.

Third Level Variables (Resilience Assessment):

ACEERLS ¢ Electrical load curtailment at bus i.

ALY, £: Gas load curtailment at node m.

ASYEID ¢: Heating load curtailment at node p.

Oisewtsclnf,lgz Binary switching status of electrical line | under disruption.

O%%'EP,%VE: Binary switching status of gas pipeline 19.

of{'ch-h ¢: Binary switching status of heating pipe I".

VEPRRSCL2e: Binary connectivity indicator between electrical buses i and j.

f)g,et?s,h,w,é Adjusted power output of generator g under disruption.
erQ,t,s,h,w,E: Adjusted power flow on electrical line |€ under disruption.

d%,t' ShwE Adjusted gas flow in pipeline |9 under disruption.

E=E

hi
ISland€: Binary variable indicating if bus i belongs to island z.

t,s,h,w,€: Adjusted heat flow in heating pipe 1" under disruption.
USEEIS: Fraction of load restored in zone z.

¢£e£lEe”CV: Overall system resiliency metric.

Abbreviations:

CHP: Combined Heat and Power

COP: Coefficient of Performance



DC: Direct Current (referring to the power flow model)
P2G: Power-to-Gas

RES: Renewable Energy Sources

RM: Reserve Margin

SOC: State of Charge

1-Introduction

The decarbonization of energy systems will require a bulk integration of Variable Renewable Energy
sources (VRE), making the demand for operational flexibility more intense. At the same time, the
electrification and interweaving of the natural gas and district heating networks — through technologies
such as Combined Heat and Power (CHP) units, Power-to-Gas (P2G) plants, heat pumps — have led to the
development of a complex Multi-Carrier Energy System (MCES) from the energetic infrastructure.
Although this coupling has synergistic effects for flexibility and efficiency, it also brings with a
compounded vulnerability, in which failures in one network could cascade on to others and magnify the
severity of impact of high-impact low-probability (HILP) events [1]. As such, classical planning methods
that consider these systems separately or with deterministic assumptions are no longer sufficient. There is
an urgent growing of the need for integrated planning approaches that are capable of addressing the trade-
off between long-term investments, short-term operational performance and system robustness in the face
of extreme perturbations.

The choice of the proposed tri-level stochastic framework solution based on the Column-and-Constraint
Generation (C&CG) algorithm is motivated by the inadequacy of other methods to address the intricacies
of modern MCES planning. First, the tri-level stiucture is better than traditional sequential planning
methods (investment, operation and resilience are solved sequentially and independently) as it considers the
dependency of decisions; sequential methods lead to unexpected operational flexibility requirements out of
disruptions, which results in sub-optimal resilience indices as shown in our comparative analysis (Section
4). Second, unlike Robust Optimization (RO)—a methodology that concentrates on worst-case scenarios
and usually produces investment plans that are too conservative and aggressive from an economic point of
view—an appropriate stochastic method allows for a risk-neutral economic evaluation in which the costs of
investment are balanced by the expected cost of load curtailment. Third, with respect to the solution
methodology, traditional Benders Decomposition (BD), commonly employed in related research, is
outperformed by C&CG. As the proposed third-level problem (resilience) contains binary variables
associated with the network reconfiguration and islanding, typical Benders cuts are on the one hand weak
and on the other hand invalid (due to the non-convexity of the subproblem). The C&CG algorithm
addresses this deficiency by generating variables and constraints dynamically, resulting in tighter
relaxations and significantly faster convergence for policies with mixed-integer recourse, and thus
guaranteeing the tractability of the large-scale optimization considered here.

1-1 Research Motivation

The decarbonization of energy systems requires a substantial integration of variable renewable energy
sources, which increases the operational flexibility needs of the system and brings new reliability
challenges to the system. At the same time, energy systems are more vulnerable to extreme weather events,
cyber-physical attacks, and other disturbances, highlighting the significance of resilience. Due to the strong
interdependence between electricity, gas, and heat networks, the disruption of one energy carrier may
propagate to others, reinforcing the impact. Thus, the inspiration of this work is the lack of a
comprehensive planning method capable of exploring the economic, operational, and resilience trade-offs
in the context of designing and running integrated multi-carrier energy systems under deep uncertainty.



The planning problem addressed in this work operates under conditions of deep uncertainty, where future
system states cannot be predicted by a single forecast and are influenced by multiple, irreducible sources of
randomness with potentially severe consequences. We explicitly model two distinct strata of this
uncertainty, each with its own risk profile:

The tri-level optimization framework mathematically balances the costs associated with these two
uncertainty layers. The objective function (Eq. 1a) minimizes the sum of investment costs and the expected
costs arising from both operational variability (second level, Eq. 2a) and disruptive events (third level, Eq.
3a). This expected-value formulation provides a risk-neutral economic trade-off. Additionally, a minimum
resilience constraint (Eq. 3t) enforces a risk-averse performance guarantee against disruptions. By co-
optimizing over both uncertainty sets, the model ensures that investment decisions are economically
efficient under normal conditions while being robust against extreme contingencies.

Furthermore, the findings challenge the common perception that investments in system resilience and
decarbonization are competing priorities. The model demonstrates that the multi-carrier flexibility, storage,
and conversion technologies essential for robust response to extreme events are the same assets that enable
high penetration of variable renewables. By proving that resilience-oriented design can simultaneously
increase renewable integration from 18% to 54% in the studied case, this work provides a critical policy
insight: strategic resilience investments are not merely defensive costs but are fundamental enablers of a
secure, low-carbon energy transition. This reframes the policy imperative towards integrated planning that
unlocks synergies between security and sustainability.

1-2 Research Background

Research in multi-carrier energy systems (MCES) has evolved across several interconnected dimensions,
including hybrid energy integration, long-term planning, hydrogen-based systems, stochastic optimization,
and resilience-oriented operation. Early research primarily focused on enhancing energy coordination and
techno-economic performance. For instance, [1] proposed a multi-objective optimization model for a
complementary biomass—solar—wind system to achicve efficient rural multi-energy utilization, while [2]
studied building-integrated photovoltaic (BIPV) optimization for high-rise buildings to facilitate load
shifting. At the microgrid scale, [3] presented a coordinated multi-timescale planning model incorporating
battery storage, hydrogen technologics, and demand response to enhance flexibility under high renewable
penetration.

Hydrogen has emerged as a pivotal energy carrier for deep decarbonization and sector coupling. A
comparative techno-economic evaluation of hydrogen and ammonia in multi-generation systems is reported
in [4]. The coordination of operations for hydrogen-based MCES was enhanced in [5] via a multi-agent
deep reinforcement learning algorithm. The development of hydrogen-based multi-energy systems remains
a key research frontier, with [11] providing a review of cooperative planning for hydrogen energy chain
systems. Long-term planning of hydrogen capacity with hourly balancing constraints was proposed in [12],
and [13] formulated a risk-averse resilient expansion planning model for integrated distribution networks
with energy hubs. The system-level integration of hydrogen hubs was further considered in a coordinated
planning model [16].

Investigations into long-term performance and resilience have also advanced. [6] presented a life-cycle
assessment method for building-integrated energy systems considering equipment degradation, and [7]
formulated an optimal planning approach for dairy-farm micro-energy systems that aligns energy and
material flows. Cooperative resilience-oriented planning for integrated distribution systems and multi-
carrier microgrids with energy trading was addressed in [8]. Robust, IoT-enabled planning utilizing green
hydrogen to enhance system reliability was studied in [9]. Marine-energy-supported multi-energy
generation for coastal areas was presented in [14], and scenario-based stochastic expansion planning for
microgrids considering incentive-based financing was analyzed in [15].



Market interactions and advanced operational coordination under uncertainty constitute another major
research strand. A market-based optimization model for MCES was formulated in [18], and multi-stage
investment planning for community-scale systems has been proposed in [19]. Cooperative scheduling under
distributional uncertainty was studied in [20] using transfers of mobile hydrogen storage to improve
reliability. Campus-scale emission-constrained planning was investigated in [21], and a two-stage
coordinated scheduling approach for user-side integrated energy systems was presented in [22]. Further
examination of market- and hub-level coordination in the presence of uncertainty was performed in [33]
using a distributionally robust decentralized scheduling model. [34] demonstrated that decentralized
coordinated scheduling with incentive schemes can optimize port-level MCES, and [36] proposed a local
hybrid power-hydrogen market design via an uncertainty control approach.

Finally, research continues actively in residential, large-scale, and sector-integration applications. An
integrated solar solution for zero-energy homes within a multi-objective framework was developed in [23].
For large-scale systems, [24] proposed a two-step robust synthesis model for carbon capture, utilization,
and storage (CCUS) and hydrogen production. Pareto-based optimization for hybrid renewable systems
with hydrogen integration was introduced in [25]. Multi-objective capacity configuration considering
economic and environmental performance is investigated in [26], while a hydrogen-based MCES
configuration using solid oxide electrolyzers with efficiency degradation is studied in [27]. Thermal-
electrical integration has been advanced through methods such as the bi-level scheduling approach
considering thermal and hydraulic transients proposed in [28] and the stochastic coordination framework in
[29] for smart microgrids. Community-scale planning with demand-side management is explored in [31],
and a probabilistic two-step approach for activating demand response in reiiewable-intensive systems is
presented in [32]. At the residential level, [37] developed a robust optimization framework for smart home
energy management. The impact of electrolyzer allocation on transimission systems is analyzed in [38], and
a comprehensive report on e-mobility deployment and its impact on European grids is provided in [39].
Flexibility enhancement of urban energy systems through coordinated space heating aggregation is studied
in [40]. Finally, [41] presents an optimal supply chain design using machine learning, risk assessment, and
optimization.

1-3 Study Gaps

Although advances have been made in the area, there remain large gaps. First, many of the integrated
planning models do not have a hierarchical structure that integrates the cascading strategic investment
decision with the operational and post-disruption reconfiguration layers. Second, resilience is frequently
addressed qualitatively or relegated to an a posteriori assessment rather than being an endogenous
objective in the optimization. Third, the solution of large-scale, tri-level stochastic problems with mixed-
integer recourse and a large number of scenarios is often computationally intractable, which may cause the
introduction of simplifications that reduce the fidelity of the model and/or the quality of the solution.
Finally, a shortage of frameworks that yield a quantitative, scenario-based resilience metric to capture the
performance of all linked energy carriers during and after disruptive events exists. A critical
methodological gap this work addresses is the inadequacy of standard bi-level optimization
formulations for this integrated planning problem. A bi-level structure is incapable of capturing the nested
feedback loop between operational flexibility and post-disruption reconfiguration. If operation and
resilience are combined into a single lower level, the model implicitly assumes the system is perpetually
under duress, leading to overly conservative and economically inefficient investment. Conversely, if
resilience is evaluated as a separate, post-hoc analysis following investment and operational planning, the
resulting investments are blind to a critical fact: the system's recovery capability is fundamentally
constrained by the pre-disturbance operational state (e.g., storage state of charge, generator commitment).
This decoupling fails to value—and therefore fails to incentivize investment in—operational flexibility that
also serves as resilience capacity. Our tri-level hierarchy explicitly models this three-stage decision
sequence, ensuring that resilience is not an add-on cost but an endogenous outcome of coordinated
investment and operational planning. In Table 1, the novelty of the proposed framework is highlighted
through a comparative analysis based on four key methodological dimensions. In contrast to existing
literature, our contribution is the only one that simultaneously integrates a tri-level decision hierarchy,
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models resilience as an endogenous and quantifiable objective, employs a customized C&CG algorithm to
solve the resulting large-scale mixed-integer problem, and performs fully coordinated long-term planning
for integrated electricity, gas, and heating networks. This synthesis enables a holistic simulation of

infrastructure responses to both operational variability and disruptive events.

Table (1) Comparative analysis of the proposed tri-level resilient planning model and related studies based on key methodological

innovations
Ref. Year Method/Model Focus TL | ER | C&CG | MC
Our 2025 Resilient Tri-Level Stochastic Planning of Integrated Electricity—Gas— Yes | Yes Yes Yes
Paper Heating Networks

[1] 2025 Multi-objective biomass—solar—wind hybrid planning No | No No Yes
[2] 2024 BIPV optimization for load shifting No | No No No
[3] 2025 Multi-timescale BESS—H[] planning No | No No Yes
[4] 2025 Techno-economic hydrogen/ammonia comparison No | No No Yes
[5] 2025 Hydrogen IES with Multi-Agent Deep Reinforcement Learning No | No No Yes
[6] 2026 Life-cycle performance with degradation No | No No No
[7] 2025 Dairy-farm micro-energy system planning No | No No Yes
[8] 2024 Cooperative resilience-oriented planning for integrated systems No | Yes No Yes
[9] 2026 Renewable multi-carrier system with IoT No | No No Yes
[10] 2025 Transactive multi-carrier energy scheduling No [ No No Yes
[11] 2025 Hydrogen chain planning review No | No No No
[12] 2025 Urban H[| multi-region capacity planning No | No No Yes
[13] 2025 Risk-averse resilient expansion planning No | Yes No Yes
[14] 2025 Marine-energy-supported multi-energy system No | No No Yes
[15] 2025 Robust scenario-based MC planning No | No No Yes
[16] 2025 IES with hydrogen hub planning No | No No Yes
[17] 2025 Long-term planning with vehicle-to-grid No | No No Yes
[18] 2025 Market-based multi-carrier optimization No | No No Yes
[19] 2024 Multi-stage investment for multi-energy carriers No | No No Yes
[20] 2025 DRO cooperative multi-carrier scheduling No | No No Yes
[21] 2023 Environment-constrained caimpus planning No | No No Yes
[22] 2025 Two-stage IES scheduling No | No No Yes
[23] 2025 Solar residential multi-objcctive optimization No | No No No
[24] 2025 IES with CCUS and H[J robust configuration No | No No Yes
[25] 2025 H(-enabled multi-objective Pareto framework No | No No Yes
[26] 2022 Harvest-heat system planning No | No No No
[27] 2026 SOE-based HI] MES with degradation No | No No Yes
[28] 2022 Bi-level electric-thermal regulation No | No No Yes
[29] 2023 Stochastic MC microgrid optimization No | No No Yes
[30] 2025 Cloud MPC for multi-carrier home EMS No | No No Yes
[31] 2024 Multi-objective community IES No | No No Yes
[32] 2024 Probabilistic DR-enabled IES No | No No Yes
[33] 2023 DRO decentralized scheduling No | No No Yes
[34] 2025 Two-tier coordinated port IES No | No No Yes
[35] 2024 Real-world HL| microgrid deployment No | No No Yes
[36] 2024 Local energy market for H[ ] microgrids No | No No Yes
Abbreviations: TL: Tri-level integrated decision-making (Investment—Operation—Resilience); ER: Endogenous & Quantifiable
Resilience within optimization; C&CG: Solution via Column-and-Constraint Generation for MIP recourse; MC: Comprehensive

Multi-Carrier (Electricity, Gas, Heat) coupling.

1-4 Research Contributions

We propose a full tri-level stochastic optimization model for the co-planning of electricity, natural gas and
district heating networks, and our work contributes to energy systems analysis in the following ways:

1.

Novel tiered modeling approach: We present a tri-level stochastic programming model which
captures the sequential and interrelated decision process in the multi-carrier energy systems. The
first level solves for long term strategic investment and capacity augmentation decisions for all
infrastructures. The second stage performs the short-term operational dispatch optimization for a
multiplicity of typical operating conditions, under detailed physical system constraints and
interdependencies among different energy networks at the same time. Based on an analysis of
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system viability under a specified set of high-impact/low-probability disruption events, the third
stage prescribes optimal post-disruption system reconfiguration and load restoration strategies.
The proposed hierarchical structure guarantees that investment decisions will be investment
decisions responsive to their consequences for both routine operation and extreme event response,
an critical coupling rarely captured in previous work.

Endogenous and Quantifiable Resilience Metric: A major novelty is the definition of a
quantitative, probabilistic resiliency index that is inherently captured by the optimization
objective. This metric is a weighted average of the restored load fractions in multiple subareas
where load percentages are weighted with zonal criticality. By translating the typically qualitative
notion of resilience into a computable and optimizable number, our framework enables a direct
economic comparison between the cost of investing in resilience (e.g., hardening, redundancy,
flexible assets) and the anticipated cost of load curta ilment during disruptions. This goes beyond
post-analysis resilience evaluation, making resilience an equal driver of the planning process as
economic efficiency.

An Efficient Solution Approach: We develop a customized solution algorithm based on the
column-and-constraint generation (C&CG) algorithm to address the enormous computational
burden of the resulting tri-level mixed-integer program. This procedure is accelerated on a
number of fronts: (i) splitting of the operational subproblem by season with a progressive hedging
approach to address temporal coupling, (ii) dualization-based reformulation of the resilience
subproblem to treat its bi-level nature, and (iii) the embedding of valid inequalities (e.g. network
cutset constraints) in the form of branch-and-cut scheme to strengthen the relaxation. As a result,
the proposed high-fidelity model is amenable to solution for system of realistic sizes while
avoiding oversimplifying assumptions.

Detailed Empirical Validation and Policy Implications: We rigorously substantiate the practical
value of the proposed framework with an extensive case study of a prototypic urban energy
system. The results demonstrates not only substantial improvement of economic (e.g., lower
operating costs) and environmental (e.g., higher renewable penetration) performance, but also
significant enhancement of systein resilience, as evidenced by lower load curtailment and shorter
restoration duration under multiple disruption scenarios. In addition, scalability results are
presented to illustrate the application to larger-scale systems, a sensitivity analysis is undertaken
to determine effects of crucial parameters such as discount rates and fuel prices, and a comparison
with established planning approaches is conducted to quantify the benefit of the integrated,
resilient, and stochastic planning approach.
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Fig. 1. Integrated multi-carrier energy network: coupled elcctricity, gas, and heat subsystems with energy conversion links

The architecture of the integrated multi-carrier energy system is shown in Figure (1). It depicts the coupled
electricity, natural gas, and distiict heating networks, which form a single, co-optimized infrastructure. The
electricity subsystem includes power generation, transmission, and storage facilities that include distributed
generator, solar units, wind turbines, batteries, and lines connecting buses and loads over which electricity
is delivered. It also accomimodates coupling techniques like combined heat and power devices (CHP) and
power to gas (P2G) converters connecting the power system to the gas network. Here, the middle layer is
the heating network with heating nodes, thermal storage units, heat pumps and gas boilers that serve the
thermal loads of the consumers. This layer is energized with electricity from the electricity layer via
electric heat pumps and energy from the gas layer via gas boilers and CHPs. The lower layer depicts the
gas system with pipelines, gas supply nodes, storage facilities, and gas fired generators. Devices of energy
conversion such as producer/ consumer of electricity CHPs, P2G units, are the physical links between all
three layers allowing bidirectional exchanges of e.g., electricity to produce gas via P2G, and gas to produce
electricity by gas fired generators and CHPs as well as use of both gas and electricity to produce heat
through boilers or heat pumps. The flowchart thus captures the co-optimized energy system whereby multi
carrier energy interactions within coupled networks are coordinated to improve operation, enhance
efficiency, and increase system resilience.

1-5 Paper Organization

The rest of the paper is organized as follows. The proposed tri-level stochastic optimization model for the
integrated multi-carrier system is described in Section 2. Solution methodology is described in Section 3
based on the column-and-constraint generation (C&CG) and the related acceleration techniques. Section 4
is devoted to a detailed illustrative numerical example the consists in setting parameters, scenarios
definition, computational implementation and finally an analysis of results from investments, operations
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and resilience. It also contain sensitivity, scalability, and comparative analysis. Finally, in Section 5, the
paper is concluded by summarizing the key contributions and by suggesting several potential future
research.

2-Proposed Model

The proposed framework is structured as a tri-level optimization model for the integrated multi-carrier
energy system, hierarchically coordinating strategic investment, operational scheduling, and post-
disturbance mitigation, which is also a main analytical tool of this work. The first stage solves the long-
term investment planning problem by choosing optimal capacity expansion and infrastructure strengthening
measures within electricity, gas, and heating networks subject to budget, policy, and technical feasibility
constraints. The second level models the operational planning, simulating the short-term joint operation of
the generation, storage and conversion units for a large number of normal operating conditions, considering
the physical constraints and coupling interactions of the connected networks in detail. In the third stage the
resilience evaluation is conducted, wherein performance of the system is assessed against different
disruption scenarios and the method is used to identify the best network reconfiguration and load recovery
strategies to reduce the severity of outages. These stages are coupled through a set of shared variables and
constraints, thus capturing explicitly the operational feasibility and resilience robustness of the investment
decisions, which yields a single, cohesive planning framework spanning long-term strategy to short-run
and contingency operations.

Investment Planning(Level 1) N

Long-term infrastructure decisions for
electricity, gas, and heating networks

| ; J
!J_ / Scenario Generation & \
Operationz{ Optuuization (Level 2) SLIEC L
Seasonal/hourly dispatch under uncertainty Operational scenarios (LHS,
(renewables, loads, fuel prices) AR modeling), Disruption
scenarios vulnerability
Resilience Assessment (Level 3) )

Post-disruption topology switching, microgrid
formation, load restoration)

J

Fig. 2. Conceptual framework of the tril/level stochastic planning model for the integrated multi-carrier (electricity, gas, heat) system,
showing the scenario generation and iterative C&CG solution process
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Figure (2) demonstrates the conceptual representation of the tri level stochastic programming model in the
presence of resilience for integrated electricity, gas, and district heating networks. The flow chart
illustrates the hierarchy between the level three optimizations and the interaction with scenario generation
and the iterative column and constraint generation (C&CG) process. The first level corresponds to
investment planning, where long term decisions on network expansion and infrastructure hardening are
taken. The results of this stage constitute the capacities and topologies that are feasible for a following
operational analysis. The second level is the operational optimization problem that determines short term
commitment of generating units, storages, and coupling devices over scenarios of renewable generation,
load, and fuel price uncertainty. Results at this stage are employed to assess the daily routine operation of
the system given the investment plan. The third level two analyzes resilience and reconfiguration against
prospective disruptions, basing its evaluation on the system’s capability to restore the supply through
topology switching and microgrid formation; the third level then patches the network against severe
outages and investigates microgrid operation. The block on the right captures the scenario generation and
iterative refinement loop that builds operational and disruption scenarios, derives feasibility and optimality
cuts, and sends them back to the higher levels. The iterative process of information exchange between the
three levels guarantees a synchronized update of costs and constraints in the converged solution. Overall,
the figure encapsulates the logical sequence of decisions and feedback mechanisms in the tri level
optimization and solution scheme.

2-1-First Level: Investment Planning Model

The upper level of the proposed tri-level model is the stage of the investment planning, which represents
the basis for long-term decisions affecting the integrated multi-carrier energy system. It aims at reducing
the discounted sum of all the relevant costs over the planning horizomn, subject to the adequacy, reliability,
and resilience of the system. The overall objective function is given by (la) and includes investment costs
related to generation, transmission, gas and heating grids, and operation and resilience costs. The discount
factor reflects the value of money in multiple years. The cost of operation is the expected cost of normal
system operation over different scenarios, and the resilience cost is the expected cost of sustaining or
recovering system performance during disruptive events. This consitutes a nice return to a principle
ofllwell-balanced trade-offs between economic efficiency and robustness against uncertainty and physical
stress. Equation (1b) introduces an irreversibility constraint, which implies that each potential project is
executed at most once in the entire planning horizon. This constraint avoids the repetition of decisions to
invest in different years, and is what standing investment decisions are meant to represent in the real world
of heavy infrastructure investments. Equation (lc) guarantees the temporal consistency across the
investment years by imposing the constraint that the capacity built in a certain period will be used in the
following years. It also enforces a logical ordering such that after an action is taken, the same action is
taken at all subsequent stages. The sufficiency condition for electricity generation is given in (1d). The
sum of the existing capacity and all the accumulated new capacity from conventional generators, wind
farms and combined heat and power plants must be at least equal to peak electrical demand multiplied by a
reserve margin. The impact of variability of wind generators is discounted through a capacity credit factor.
This ensures that generation adequacy is equal to the peak load plus a reserve to cover for contingencies
and unanticipated increments in the load. The adequacy condition for the gas network is expressed in (1e).
The total quantity of gas supplied (produced and imported, including base supply and new developments)
must be at least equal to the total gas required by all consumers, under the worst case in terms of peak
consumption. This includes gas demand from direct consumption, gas in power generation and gas in heat
production. A gas reserve margin is added to provide a adequate gas supply under the most severe
operational conditions. Equation (1f) correspondingly defines a similar expression for the heat sector. The
sum of available thermal generation from combined heat and power (CHP) units, gas boilers and heat
pumps must be higher than the hourly thermal load of the year with the highest load, multiplied by a
certain reserve margin. This additionally reserves capacity to accommodate sudden increases in heating
demand and uphold thermal reliability during cold spells or fuel scarcity. The expansion of the electrical
transmission/lines in (1g) and (1h). Equation (1g) caps the capacity expansion per line, bounded by
technical constraints and right-of-way, and links the expansion quantity to a binary investment variable.
Equation (1h) enforces an upper bound on the sum of incremental expansions invested in each line,
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guaranteeing that the magnitude of total expansions does not exceed allowed physical or regulatory limits.
Analogously, equations (1i) and (1j) enforce similar constraints for the gas pipeline system (both
maximum allowed expansions per year and total long-run expansions). Equation (1k) restricts the amount
of capacity addition for each generator to be within the technical limits of the minimum and maximum
allowed expansion size. This results in more realistic unit installation decisions consistent with generator
design options, available. Equation (11) also limits the sum of existing and new capacity to each specific
generating plant’s ultimate technical potential to prevent overinvestment on a physical scale. Equation
(1m) enforces renewable portfolio targets. This assures that the total capacity installed of renewable units
(wind and solar) is greater than or equal to a certain percentage of the total capacity of conventional
generation. This percentage, given by the minimum renewable penetration ratio, sets annual targets to steer
system evolution towards decarbonization policies. Equation (I1n) deals with storage element sizing. It
enforces the energy-to-power ratio constraint to preserve a correct relationship between the energy storage
capacity and rated power, implying a certain operational flexibility. This ratio also helps maintaining the
storage system performance and avoiding unfeasible investments. Equation (10) adds the annual budget
constraint to make sure the total investment is less than the available income, since yearly outward
investment must be bounded. It sums investment costs in generation, network, renewables and storage to
ensure annual spending is financially feasible. Equation (1p) imposes the network connectivity constraints,
where, for each bus, minimum number of outgoing connections is determined by predefined topological
and reliability criteria. This prevents isolated nodes and guarantees stable grid form when expanding grid
topologies. Equation (1q) restricts the power-to-gas capacity in terms of the maximal injection allowed to
the gas network at every node. This injection limit is to observe the operational and safety regulations of
the gas network, and the sum of the installed power-to-gas capacity of powei-to-gas plants collocated at a
node cannot be higher than the injection limit. Equation (1r) specifies the co-generation relation for
combined heat and power investment in our model, by connecting the thermal and the electrical capacity
expansions via the associated efficiency factors. This ensures that the technical heat to power production
ratio for each CHP technology is maintained. Equation (1s) imposes geographic diversification constraints
on generation expansion. It imposes a minimum amount of local generation at each zone with respect to its
load to prevent too much spatial concentration of capacity which may cause problems in system reliability
under regional contingencies. Equation (1t) defines a bulding investment threshold. A fixed portion of total
investment must be invested in hardening or protective measures to increase the resiliency of the
infrastructure in the face of disrupt events. This guarantees that resilience building will be rooted in the
long term planning. Equation(1u) imposes the monotone increasing behavior of renewable energy capacity
over the planning horizon time periods. Wind and solar IC in every year must be greater than or equal to
the one in the previous year to reflect the realistic growing trend from policy in the study region. Equation
(1v) guarantees an adequate gas storage capacity to generate the required strategic reserves. The total
working volume of the base and incremental facilities must hold a quantity of gas consistent with a given
reserve period over peak gas demand. This provides a hedge against a long-term interruption of fuel
supply. Equation (1w) limits the growth of power-to-gas plants relative to wind generation capacity. It
requires the overall power-to-gas capacity to be at least proportional to wind capacity, thus guaranteeing a
compensatory growth of the electricity-to-gas conversion options with the renewable growth. Equation (1x)
integrates vulnerability analyses within planning. It is for each critical network zone to have at least a
certain number of hardened electric lines, proportional to their risk index and the number of lines they
contain. This constraint directly couples system hardening to the vulnerability pattern in the spatial domain,
which allows for an adaptive hardening design within the long-term planning. Together, these equations
yield a holistic first-level investment planning model that guarantees economically,” good, technical
feasible, and resilient operation of integrated multi-carrier energy systems over the entire planning horizon.
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2-2-Second Level: Operational Optimization Model

The tri-level framework is detailed in the next section. the tri-level programming that is advanced so far.
The second level of the tri-echelon framework is submitted to operational management including
determination about the short-term operational operation strategy of the integrated multi-carrier energy
system subject to its normal performance. It regards the investment decisions obtained in the first level as
input parameters and optimizes generation dispatch, network flows, and storage at the operational stage in
all the operational scenarios, seasons of the year and representative hours. At this stage it is based on
minimization of the expected operational cost subject to operational constraints and to the coupling
constrains among the electricity, gas and heat network. Equation (2a) is the objective function which is to
minimize the expected total system cost of operation for all the years-seasons-hours-scenarios. It sums the
fuel, start-up and shut-down and supply cost of thermal and co-generation units, the penalty cost of
curtailment ofrenewable resources and the degradation cost or operation cost of electric and gas storage
systems. Probability, season duration and hour weight are multiplied with each term in order to express the
expected temporal and probabilistic effects. The resultant objective function reflects the economic tradeoff
between dispatch efficiency and technology utilization in the presence of uncertain outputs. Equation (2b)
is the nodal power balance equation for the electrical network. At each bus and under all scenarios the total
power injected by thermal, wind, solar, and combined heat and power (CHP) units and discharging storages
must be equal to the total power withdrawn by load, charging storages, power-to-gas (P2G) units, heat
pumps, and net power transfers over the connected transmission lines. The formulation treats transmission
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losses as a constant proportion of line flows, without losing the exact power balance at each node. The
power production of any conventional generator is also limited by its capacity and commitment status in
(2¢). The lower limit corresponds to the minimum technical limit of the unit when it is on and the upper
limit includes both the initial nominal capacity and any extension decisions made at the first stage.
Equations (2d) and (2e) place restrictions from ramping-up and down, on the rate of change of the
generation output from hour to hour. Start-up and shutdown are also considered to facilitate more rapid
change when a unit is switched on or off. The binary start-up and shut-down variables are connected to the
change of commitment status by Eq (2F) to guarantee the consistency of the operation sequencing and the
logic structure of unit operation. Constraints (2g) and (2h) are the min up and min down time constraints.
Upon a start-up a generating unit must stay on line for its minimum up time and after a shut-down, a unit is
not allowed to be restarted within the minimum down time. Equation (2i) is the DC power flow equation
which relates the active power flow and voltage angle difference on a transmission line, i. e. The D-C
approximation of the power flow equations (linearized electrical flow equations) is used to represent
network constraints in an efficient way which allows the problem to be solved for realistic system sizes.
The maximum line flow is bounded in (2j) by the original design capacity fire together with any
incremental capacity added at the investment stage. A reference bus condition is defined in (2k), where a
bus angle is set to zero to serve as a phase reference. Equations (21) and (2m) control the output of
renewable energy. The real production of wind and solar units cannot exceed the available potential
determined by or meteorological conditions, instruments, 54 or their installed capacities increased by
expansion decisions. This is for consistency since renewable intermittency and the long-run capacity
planning decisions should be linked. The nodal balance of the gas network is described by (2n). At each
gas" node, the sum of total inflow from pipelines, imported supplies, storage withdrawals, and power to gas
outputs must equal the total outflow to generation, boilers, and C the gas the demand side. Hence, with this
equation we link the gas network to the electric and heat system, through conversion technologies and fuel
requirements. The Weymouth equation is defined in (20) and repicsents the relationship between gas flow
and the pressure drop in a pipe. This nonlinear expression describes the physical properties of a gas flow.
Since it is nonlinear, an approximation is usually made to keep the solution computationally tractable. Gas
pressure at each node is subjected to the operation safety and performance requirements defined in (2p).
Equation (2q) limits the supply of gas from external providers to its contracted capacity which could be
increased in the first stage through investment decisions. Power-to-gas: The equation (2r) converts
electrical input into gas output using the associated conversion efficiency. Then, in Equation (2s), the
power consumption of the power-to-gas plants is limited by the available capacity. Equation (2t) ensures
the balance of the heat nciwork so the sum of the heat flows, including cogeneration units, boilers, heat
pumps and thermal storage, corresponds to the heat demand at every nodal point to fulfill that the heat
supply to the heat demand is guaranteed. Equation (2u) limits the permissible heat flowing in each district
heating line by its technical capacity, a limit that can be increased by investments. Equation (2v) keeps the
temperature at each heat node within comfort thresholds for a consistent quality-of-service. The relation of
thermal generation for gas boilers is defined by Equation (2w), which relates heat output to gas
consumption through efficiency in gas boilers. Equation (2x) imposes the existing and expanded capacities
of the boilers as an upper limit to heat output of the boilers. Equations (2y, 2z) represent heat pumps: the
coefficient of performance, COP, relates the heat output to the electricity input, and the electrical input is
constrained by the available electricity capacity. These expressions give an explicit coupling between
electric and thermal networks. Capacity constraints for the CHP units are introduced through (2ab) and
(2ac), where we isolate relaxations for its heat an electrical outputs. Equations (2ad) and (2ae) impose
restrictions on the feasible heat-to-power, which, in turn, restricts the set of possible operational points to
the viable cogeneration region of each CHP technology and consequently keeps the thermodynamic
consistency. The dynamic SoC evolution of ES, which tracks stored energy by integrating the effects of
charging, discharging, and self-discharging over successive time slots, is expressed as (2af). The amount of
energy stored is limited by the capacity of the installed, or upgraded, storage. The equations (2ah) and (2ai)
are the upper limits on the charge and discharge rates of power determined by the installed, or expanded,
power capacities. The gas storage level transition is defined in (2aj), which covers the net injections and
withdrawals. (2ak) asserts the gas storage volume never falls outside of its allowable minimum and
maximum limits, taking into consideration capacity expansions. The relevant injection and withdrawal
rates in (2al) and (2am) are constrained, so that the flow is also constrained by compressor and valve
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capacities. Equations (2an) and (2a0) require cyclicity for the rest, so that the storage states at the end of a
season are equal to that at its beginning, thus implying operational periodicity, and energy neutrality, at
seasonal interfaces. Spinning reserve constraints are imposed in Equations (2ap) and (2aq). The first one
implies enough upward reserve, which means to have enough spare capacity (discharging or generating
capacity) to respond to sudden increase of demand, the second one means enough downward reserve,
which is to have enough absorbent capacity (absorbing or charging capacity) to receive excess of power.
Both of these ensure that the frequency stability and the electrical system short-term reliability are met.
Hence, the two-stage model characterizes the operation of linked energy carriers under realistic time and
technical constraints. The model offers a detailed and physically consistent depiction souring long-term
planning decisions and short-term operation, and is the means for connecting the investment and resilience
layers in the tri-level optimization platform. Equalities (2ar) and (2as) define the electrical and thermal
outputs as functions of the fuel input.
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2-3-Third Level: Resilience Assessment Model

The third-tier is the resilience evaluation and system adaptation level, which assesses middle of the system
performance level during perturbation events. Following the investment planning (first level) and
operational adjustment (second level) models, this level incorporates the decisions of the two preceding
levels and finds the best post disturbance solution for network topology and resource dispatch. The goal is
to reduce the expected cost of system disturbance (disrupted energy, switching and black start procedures,
and the ability to recover critical areas). The function of the total cost minimization is defined in Equation
(3a). It considers the expected cost for all seasons, hours, scenarios and cause disruption events weighted
by occurrence probabilities of each scenario set. Key components of the solution are electrical, gas and
heating load curtailment penalties, network switching and reconfiguration costs per energy carrier, black
start costs for de energized islands and resilience penalties associated with critical zones left unserved.
This multi-level formulation guarantees that the trade-off between service continuity and recovery cost
following disruptions is optimally achieved. Subject to (3b)-(3d) are the permitted curtailed load limits of
each energy carrier. These are for the most part electricity, gas and heating loads respecting system realism
even in tightly constrained system disturbances. The power balance of a failure event is specified in
Equation (3e). It takes into account the impact of component availability on generation, network flows and
storage operation. For each electrical bus, it is imposing power conservation among generation, storage
discharge, inflows along connected lines, local consumption, and demand curtailment. The availability
factor is then applied to each of the components’ contributions, providing a picture of the failures in each
disruption scenario. The gas network balance at perturbed conditions is given by (3f). The equation
accounts for the inflows and outflows of the pipeline, corrected by its availability, supplies from gas
sources, injections and withdrawals from storage, consumption by gas fired generators, boilers and
cogeneration units, together with curtailed demand. Each term is multiplied by the divergent scenario
availability variable to capture the effect of partial or full loss of function. The corresponding heating
network balance is given by Eq. (3g). For all heating nodes, the net heat inflow plus heat outflow is the
heat demand after curtailment. The modelling captures the integrated operation of CHP thermal production,
boilers, heat pumps and thermal storages, all subject to time dependent availability conditions as per
scenario. Equation (3h) limits the generation after the disruption so that it is no more than the
corresponding second-level pre disturbance generation. This ensures physical feasibility by ruling out
unrealistic "power production gains" after equipment outages. Equation (3i) links the line switching status
to its availability of component, so that the switch cannot be closed on an unavailable component.
Equation (3j) enforces that flows over lines switched off due to an outage are forced to zero by employing
a suitable big-M linearization term that connects the flow magnitude with the related binary switching
variable. Equation (3k) adds the line flow limits for lines to be switched on: for the lines to be switched on,
power flows cannot be greater than the total amount of capacity (existing and new built). Equation (31)
ensures that each bus is assigned to a unique island. This binary restriction avoids contradicting allocations
and guarantees a uniform islanding configuration during system splitting. Equation (3m) states that island
feasibility is related to the fact that the total generation accessible within the island must be above a certain
least required level, in the form of the minimum island generation. Preventing this results in a complete
lack of generation tightly coupled to electrically isolated areas. Equation (3n) defines a connection between
buses, and indicates that two buses are connected only if a path of switched on lines provide a path
connecting the two buses, which guarantees valid electrical topology during reconfiguration. Equation (30)
measures the restoration level of the zone based on the ratio of served load to the total pre disturbance
load. The recovery ratio measures the portion of the load that is restored after a disturbance. Equation (3p)
describes priority service to critical loads. It limits the curtailing of critical buses by bounding the ratio of
this shedding process over the total demand by a priori given criticality weights. Equation (3q) generalizes
resilience to the gas network. We also prove that the nodal gas pressures stay above a minimum allowable
threshold that scales with the fraction of the demand that is being met, thus ensuring physical consistency
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of the gas network operating under decreased service reliability. Equation (3r) restricts the total
accumulated electric load curtailment during a disturbance so that continued curtailment shall not exceed
the maximum tolerable load, reflecting operational recovery constraints in a long-term disturbance. The
total resilience index for each time and disruption scenario is then derived as the weighted average of the
restoration rate at zone level by using the zone criticality factors as the weighting scale. This index reflects
the effectiveness of system-wide recovery in the post disturbance phases. Then, relation (3t) enforces a
minimum resilience level, which guarantees that the overall resilience index of the system is never lower
than some prescribed acceptable level in any disruption scenario. Equation (3u) expresses the cross carrier
resilience constraint, in which the energy carriers are restored in a coordinated fashion. It restricts the
disparity between normalized curtailed deliveries of electricity and gas at co located nodes so that the
recovery mechanisms of multiple energy systems are physically and operationally consistent. Equation (3v)
describes the impact of component hardening on availability. The equation establishes a relationship
between increased line availability and its baseline value considering level-1 hardening selections.
Hardened nodes are less vulnerable to failure in disruption scenarios, establishing a direct link between
long term investments and real-time resilience . The role of microgrids in resilience enhancement is
modeled by equation (3w). For zones with islanding capability, the total curtailed electrical load is
decreased by the microgrid resilience enhancement factor in this is ensured. This formula quantifies the
positive effect of local autonomous operation on disruption impact mitigation. Through these formulations
level 3 coordinates post event recovery in terms of joint optimal network reconfiguration, load restoration,
and resource utilization through third level acts as a coordinator for post event recovery that optimizes
network reclosing, load restoration, and resource use jointly. It bridges infrastructure robustness and
operational flexibility by measuring resilience as the system’s capacity to sustain, or rapidly recover,
electricity, gas, and heating services in the wake of disruptions.

miny"es! (3a)
=5 3 Ds SNy My T [ S C a|| e)\curt?]ll Se+ 3 nglrﬁail,g
tET s€S  heH wtelnh Ft;TP LieNe® e wh, eNgt he
)\curtalk e+ 3 ceurtai \ButrSLlu fe+ S Cpvite |Osmgschﬁ)£ 0|sevxfclS NS Wi
pEN e—Le
+ 3> Clblackstart( c. Ianq e) 5 wgriticalcgesilience(l _ ugetsfg%e)]
ieN® zez
AEERS e < PR hw Vi € N8 VE,5,h,w,E (3b)
ASUERLY ¢ < Q%% shw VM € NI, Vt,s,h,w,E (3c)
AHEERGE = Hibsnw VP € N"VE,s,hwE (3d)
> Agibg?t?s,h,w,ﬁ + > AW,Epwi?g,h,w + S Apv, Eppv Lhow + S Ac Epc e (e)
gGGFDnV W€G|Wind ) vaG.SOIar CEGChp
+ > Aes,E,(ngsS:t,s,h,w - pgg,t,s,h,w) -y pE,zt,gs,h,w - png,t,s,h,w
eUStoragee GUPZQ hpEUhp
- Zp . A gOR tshwEfI tshwit S ApegoR tsth,fI tehwe(l - 1185)
1€ eL ut.e | eLme

= Pft% nw - ACPSRISE Vi € N8, Vt,5,h,w,E

24



switch, A\ switch, A suppl |
S AeOBtshd AR ishnwe s S ALEORLSNREIR s hwe T ARE AR + 3
9L , 19cLgyto . . keUR
,out it inj t
k,EqE,t,gs,?]qu) + Z AgS,E(ngI,t,S,h,w - qlgng,t,s,h,w) - z A Er] €a pgetns h.
gs eUstorage .9 EGﬁqas
| fuel
-5 PesaB¥SRD - 5 AcefERRR
beUSS oiler EGChp

= Q%%ds.hw - A2, £ VM € N9, Vt,s,h,w,E

itch,h _p£h itch,h _ph h
S Argoitsnoghinishogl-Ar)- 5 Apeoftshmeintshwe + Y Acgdcte

| eLln h I . | eLouth CeGghp -
+ 35 A £qBYISRAST + 5 Anp, eqRBeY, o 5 Ans,(qRES p,
bEUBOiIer hpeup hseugtorage,h

- q%gfth,s,h,w) = Hg:‘p,s,h,w - )\(F:)utrtsaH eVp e Nh,Vt,s,h,w,E
PSEshwe = Patshw Vg € G, VE,s,h,w,E
oRfitRe - < Aeg VIS € L8Vt 5,h,w,E

_ MbIgO.SWItCh g flet S < Mblgoswmscﬂ ewE vI|e € Le,Vt,s,h,w,E,

t
hea
- |Fe + Z KPPC|oRYSh e e < % .5, e=<(Fe+ 3T KEPC|oR{ERE e VI® € LOVt,s,h(
=1 =1

s C99E < 1Vi e N V0L
zeZ

Y island in,island
S 03 AgeRiiehwe= T CZUGEPTMEENN Yz € Z,Vts,h,w,E
ieNs geGfomv ieNS

VPESKGE = 3 oSRE #/IPPPT Vij € N VEs,hw E
|et.Pruath

Zcn (PP - MERS
MEESE = — ie Vz € Z,Vt,5,h,w,§
zieN§ Pits,hw

)\Icggt?]lllsi < (1 _ Gfritical)Pﬁt,es,h,w Vi e Ncritical,e'Vt’S’h,w'E

) Qd% h, curtang
prihts,hwe = Prg™" il SQ:’% fvme N9, Vt,s,h,w,§
mt,s,h,w

rguration

z |C%:”st?1”e§ < Amax ,curtail Vi € Ne Vt S,W, E
h=1

Wcr|t|cal restor.

Mzt w,

resiliency _ Tz€Z
otw, = —
wcrmcal

z

Vtw,g
zZEZ

(I){’e‘jigency > cDmin,resil Vt,w,E,

(31

(3g)

(3h)
(31)
(39
(€19)

(3D

(3m)

(3n)

(30)

(3p)

(39)

(31)

(3s)

(39

25



)\ rst?mlleﬁ )\cuﬁalls%’w£< (Bw

ecarrier,balance Vi ENeVEs hw E
Pldtes h,w Qm?),t,s,h,w

3
Acg=1-(1- Abase)(l - z yharde”) VI® € L°Vt,E v

T=

)\I‘:,E,Et,?li,lb?,i < (1 _ B;nicrogrid) z ng?s,h,w vz € Zmicrogrid’Vt’S’h’w’E (3W)

ieN;\'\icrogrid ieN;nicrogrid

2-3-1 Duality-Based Reformulation of the Resilience Subproblem

The third-level resilience assessment model, at its core, represents a bi-level interdiction problem: a
hypothetical attacker (inner level) seeks to maximize system damage by disabling components within a
budget, while the system operator (outer level) reacts by minimizing the impact through optimal
reconfiguration and dispatch. Formally, for a fixed investment plan (X,y,K) and operational schedule from
the upper levels, this can be expressed as:

min Y™ (Eq. (3a)) (3%)
AO.D,...
s.t. Operator's constraints: Egs. (3b) - (3w) (y)
Agg,Aeg,... = ar max (A 3
9,5 Al g g max (A) (32)
(Attacker's Budget)

where Ag is the set of component availability states defined by the disruption scenario g, and I(A) is a
metric of system impact (e.g., total load curtailment cost) induced by availability state A.

To solve this tri-level problem tractably, the inner bi-level structure must be resolved. We achieve this by
reformulating the attacker's problem-—a maximization over binary availability variables subject to a
resource budget—into an equivalent minimization problem using strong duality.

Step 1: Attacker's Inner Problem Formulation. For a given disruption scenario type &, let binary variable zc

€ {0,1} indicate whether component C (a generator, line, etc.) is disabled (zc = 1). The attacker aims to
maximize the system's operational cost (here approximated by the weighted sum of load curtailment)
subject to a resource budget:

I* = max 3 ceuraiteritale ) (3z3)
i,t,s,h,
zl Cgtt(ngZc < Battack (3zb)
C
zc € {0,1}, Vc (3zc)
where )\\curta“'e(z) represents the resulting load curtailment from the operator's optimal response given the

Cattack

attack pattern z, and is the cost for the attacker to disable component C.

Step 2: Dual Transformation and Single-Level Reduction. The operator's response problem (minimizing

YS! for a fixed Z) is a linear program (LP) in the continuous variables (dispatch, flows, curtailment). Let Tt

(z) denote the optimal value of this LP. The attacker's problem becomes maxT(z). By the strong duality
z

theorem, the optimal value T(z) of the operator's primal LP equals the optimal value of its dual LP.
Therefore, max(z) is equivalent to max min L(z,dual), where L is the Lagrangian.
4

z  dual vars
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We can thus combine the two levels by: 1) writing the optimality condition of the operator's problem as its
primal constraints, dual constraints, and a strong duality equality constraint that equates the primal and dual
objective functions; and 2) treating the attacker's variables zc and the operator's primal/dual variables as
decision variables in a single, monolithic minimization problem.

Step 3: Final Single-Level MILP Formulation. The final reformulation yields a single-level problem that is
mathematically equivalent to the original bi-level problem. This problem is a Mixed-Integer Linear
Program (MILP) because:

& The strong duality equality is linear when the primal is an LP.

i The complementary slackness conditions, which are necessary for optimality, can be linearized
using standard big-M techniques due to the binary nature of the attack variables zc.

switch zisland
N

& The operator's reconfiguration variables (e.g., O ) remain binary.

The resulting set of constraints is precisely what is presented in Section 2.3 (Egs. 3a-3w), where the
component availability parameters Ac g are now interpreted as (1 - z¢) and the attacker's budget constraint
(Eq. 7¢) is included. The linearized complementary slackness conditions are embedded within the structure

of the "big-M" constraints, such as Egs. (3j) and (3k), which link the continnous flow variables f to the

binary switching variables gswiteh,

This duality-based reformulation is crucial. It avoids the computational intractability of directly solving a
nested bi-level optimization with integer variables in both levels, allowing the integrated tri-level model to
be solved using the iterative C&CG algorithm described in Section 3.

2-4-Common Variables and Linking Constraints

The Coordination Section 4 describes the coordination terms that connect the investment, operational,
and resilience layers in the tri-level optimization. These shared variables and coupling constraints maintain
the hierarchical consistency and aliow two-way interaction among the three models, which is the core
structural of the integrated formulation. Expression (4a) presents the operational cost term within the first-
level investment objective. It includes the fuel consumption, the startup and the gas supply costs, all
derived from the second level operational optimization for all seasons, representative hours and operation
scenarios. Each element of cost is multiplied by the duration of season, hourly weight and probability of
scenario, so that the resulting value is expected operation cost in normal year for certain investment
solution and specified year. Resilience cost part in the first-level objective is defined in (4b) and it is based
on the third level reconfiguration model. It aggregates expected curtailment penalties for electricity, gas
and heat, and these are multiplied with probabilities of operational and disruption scenarios. The second
part of the sum represents for the critical unserved areas multiplied by their criticality and resilience
restoral factors, considered as penalty. This cost quantifies the anticipated socio technical consequence of
disturbances” in the current infrastructure design and operational policy. The non-anticipatively constraint
between investment and operation is then given by Equation (4c). Investment capacity variables like
transmission, generation, and pipeline expansions decided upon at the first level impose direct constraints
on the operational quantity realizations in the second level. The functional relationship ensures that
generation, renewable output and networks flows are less than or equal to installed capacities. Therefore,
operational choices cannot infringe on the physical constraints defined by the previous stage's investments.
Equation (4d) derives the connection between operational optimization and resilience assessment. The pre
disruption operative conditions act as a boundary that separates post failure dispatch. Production in
disruptive conditions cannot be greater than production before the disturbances, and flows on the network
adjust in a dynamic manner through line availability and switching decisions. This guarantees that post
event re configuration is physically realizable with respect baseline operations. Equations (4¢) and (4f)
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translate the hardening investment to component availability in the disruption scenarios. Each generator’s
and transmission line’s availability parameter becomes a function of its baseline reliability and the
aggregate hardening decisions made through that year. Hardened components also have greater survival
probabilities in failure events, which provide a quantitative relation between preventive investment and
performance of resilience. Equation (4g) introduces the multi carrier coupling of the electrical and gas
system. The total consumption of gas by the gas fired generators and boilers cannot be greater than the
available gas supply after fulfilling the direct demands. This condition guarantees interdependency
coherence by realizing pair wise feasibility of gas supply to downstream electricity and heat generation.
Power to gas conversion is defined by Equation (4h), where the amount of produced gas is a function of
the amount of consumed electrical energy multiplied by the conversion efficiency. This commonality,
found at both the second and third level, assures that cross carrier energy transformations are consistent in
both normal and new cross carrier energy transformations are consistent in both normal and new
conditions. Equation (4i) relates the thermal and electrical outputs of combined heat and power (CHP)
plants. The heat to power generation ratio is now restricted to lie within the technology specific limits of
the efficiency, ensuring that the (5h) is feasible in the specified heat to power region. The electricity use of
heat pumps is also linked to their thermal output via the coefficient of performance, making a connection
between the electrical and thermal systems. Equation (4k) ensures temporal consistency between planning
periods. It leads to investment continuity so that infrastructure built in past years still exists in future
periods, capturing the irreversible and accumulative nature of capacity expansion. Equation (41) allows for
the scenario linkage in the operational and disruption analyses. It imposes that the curtailment variables of
the resilience evaluation are not greater than the demand realized in every operational scenario, in this way
they coordinate the calculations of energy shortfalls in stochastic operation and post event evaluation.
Equation (4m) correlates the storage state between seasons. The statc at the beginning of each season is set
equal to the final state of the previous one so to ensure a temporal consistency in the operation of storage.
Equation (4n) adds an annual energy neutrality constraint, whicli states that the overall amount of charge
and discharge over the year have to be equal, allowing a fair comparison of energy storage performance
under different operating conditions. Finally, equation (40) re-couples the resilience index calculated at the
third level back to the investment decisions at the first level. It requires the expected (average) resilience
over operational and disruption scenarios to be at least a target resilience level for each planning year. This
representation reflects that strategic investments must not only meet economic and operational
requirements but also that the system wide resilience level should steadily improve over time. Overall, the
expression (4a)—(4o0) establishes cross-level consistency and ensures that investment, operation and
resilience decisions are consistent and hence enables the integration of economic efficiency, operational
feasibility and reliability in the multi carrier energy system planning framework considering uncertainty.
Equation (4p) is essentiaily a restatement of Eq. (2ar) to ensure the variable is consistent across the
decomposed problem in the solution algorithm.
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3-Solution Methodology

The proposed tri-level stochastic optimization model integrates long-term investment, short-term operation,
and post-disruption recovery, resulting in a large-scale mixed-integer program with nested decision layers.
Direct solution is computationally intractable. This section details the decomposition-based solution
strategy, beginning with a summary of the three-stage model and followed by the explicit formulation of
the decomposed master and subproblems solved via the Column-and-Constraint Generation (C&CG)
algorithm. The model's hierarchical structure is summarized as follows:

1. First Level (Investment Planning): Makes long-term, strategic decisions on capacity expansion
and infrastructure hardening for electricity, gas, and heating networks over the planning horizon T.
The objective (Eq. 1a) minimizes the net present value of investment costs plus the expected costs
of operation and resilience. Constraints (Eqs. 1b—1x) enforce budget, policy, reliability, and
technical feasibility.

2. Second Level (Operational Optimization): For a given investment plan, this level determines the
optimal short-term dispatch of all assets under normal operating conditions across a set of
operational scenarios Q. The objective (Eq. 2a) minimizes the expected operational cost.
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Constraints (Egs. 2b—2aq) model the detailed physics and coupling of the multi-carrier system,
including unit commitment, power flow, gas flow, heat flow, and storage dynamics.

3. Third Level (Resilience Assessment): For a given investment plan and operational dispatch, this
level simulates the system's response to high-impact disruption scenarios =. The objective (Eq. 3a)
minimizes the expected cost of load curtailment and recovery actions. Constraints (Eqs. 3b—3w)
model post-disruption reconfiguration, islanding, load restoration, and the impact of component
hardening.

The levels are coupled: investment decisions set capacity limits for operation; the pre-disturbance
operational state provides the baseline for recovery; and hardening investments affect component
availability during disruptions.

The tri-level stochastic optimization model would be highly computationally demanding due to its
hierarchical nature and large scale natural decision variables, with nonconvexities introduced by binary and
bilinear terms. To efficiently tackle these difficulties, a nested decomposition algorithm based on column-
and-constraint generation (C&CGQG) is proposed. In this approach the tri-level structure is decomposed into
a master problem and two embedded Subproblems-(1) operational and (2) resilience, which are iteratively
solved to convergence. Iterative refinement also allows for the selective introduction of the most critical
and impactful scenarios, which keeps the solution computationally tractable and robust. The investment
strategy is decided by the master problem which also takes into account approximate models of operational
and resilience costs. At the outset, it holds a relaxed version of the complete tri-level model with a limited
set of scenarios. In each iteration, the associated Subproblems are solved to determine scenarios which
result in the highest violation in the cost or in the resilience metric; those scenarios are then re-
incorporated into the master problem as columns and constraints. This facilitates gradual tightening of the
feasible set and the optimal value. The master problem formulation is given as follows:

min s &3 CM™xi+ 5 CPYekEPe + 0 + v (52)
X,¥.K,8,0 teT LEC 1*eL®

subject to all first-level constraints and the subproblem linking inequalities:
B = OP(S™) VtET (5b)

vt = YSD®) vt e T (5¢)

Here, S and D'*®" denote the operational and distuption scenario sets currently included in the master
problem. The terms OPP and Y[ represent optimal operational and resilience costs respectively,
parameterized by the investment variables fixed in the master problem. The operational subproblem
corresponds to the second-level model and is solved for each planning year given the fixed investment
configuration. It determines the optimal dispatch decisions under normal operating conditions and identifies
the operational scenario that yields maximum cost deviation, forming a new operational column to be

added to the master problem. The subproblem is formulated as:

@gP.new (5d
= min 5 Dsy nNhy Mo )
Pahuevses  hen  wea
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subject to all second-level operational constraints, and with the investment variables fixed at the values
specified in the master problem at that point. This guarantees the operational feasibility and cost accuracy
are accurately forecasted for each prospective physical infrastructure layout under the candidate
infrastructure layout configurations. The resilience subproblem is similarly the third-level model and
evaluates system survivability and system reconfiguration actions under disruption events emanating from
its own failures or attacks. Investment and normal-operation variables are fixed by solutions from the
upper-level, and it calculates expected penalties for curtailed generation and weighted cost of unserved
critical zones. The formulation tries to minimize the post-event performance loss and determine the worst
disruption to be included in the master problem:

YEesiI,new (5e)
= mn 3 Dsy Ny My M
Aopfllud ses heH weq Ee=
5 Cg,grﬁa”'eAic,g,rst,?wl,lf,E + 3> wgrltlcalcgesmence(l _ Ll;?tsfff)),r )] VtET
ieN® zez

subject to all third-level resilience constraints. At each iteration the subproblems serve as scenario
generators: should the operational or resilience subproblem identify a new scenario that isadmissible and
leads to tighter bounds or violates constraints, the corresponding cuts (Egs. 5b - 5¢) are appended to the
master problem. This iteration process continues until the decrease of the system cost reaches a required
tolerance, which guarantees that the minimum of the tri-level system will be obtained by coordinating cost
efficiency, operational feasibility, and resilience robustness. The solution procedure scheme is an iterative
scheme that resembles a column and constraint generation method, where the first level planning problem
plays the role of the master problem and the second and third leveis operational and resilience assessments
are the subproblems. The approach starts with a small number of representative operational and disruption
scenarios, and incrementally expand these sets by generating scenarios that violate optimality conditions.
This allows the master problem to consider at most a finite small number of dominant operational and
resilience outcomes, without explicitly enumerating the tull scenario space.

The procedure starts in Step[J1 by defining the initial operational scenario set St and the initial disruption
scenario set D', These sets typically contain a small number of representative realizations that ensure

feasibility of the first iteration. The iteration counter K is set to one, and the convergence tolerance £€<°" is
selected to determine when the iterative loop terminates.

In Step(12, the master problem is solved using the current scenario sets. The master problem includes the
first[Ilevel investment variables and aggregated representations of the operational and resilience costs.
Solving this problem yields the investment decisions le,t, the investment[related binary variables yf,'%’inv),
the capacity variables Kf,'%’cap), and the operational and resilience cost estimates 8K and UK. The
corresponding master problem objective value @ is recorded. This value reflects the best current estimate

of the total planning cost under the restricted set of operational and disruption scenarios.

In Step[3, for each planning year t, the operational subproblem is solved with the investment decisions
fixed at the values obtained in Step[12. The operational subproblem corresponds to the second(/level model
and determines the optimal dispatch variables such as generator outputs pgft%‘a‘,ﬂ,)w. The solution of this
subproblem provides an updated estimate of the operational cost denoted ©{°P-K"eW),

Stepl[14 evaluates whether the operational subproblem reveals a violation of the operational cost estimate
imposed by the master problem. If, for any year t, the updated operational cost ©{°P*"®W) exceeds the
master problem’s estimate oK by more than the tolerance £€°°", then the operational scenario that caused
the violation is added to the scenario set S"". This is achieved by generating a Benders[ type optimality
cut. The cut is expressed in equation (6a). In this expression, the term T denotes the scenario probability,
and the inner summation includes the fuel cost contribution of each generator g multiplied by its

heat[Ito[IJpower conversion factor r]geat, as well as an adjustment term involving the dual variable T['f,t
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associated with the investment capacity constraint. The cut enforces a lower bound on O that reflects the
true operational cost under the newly discovered scenario. The presence of TTEt(XL,t - XEt) highlights the
sensitivity of the operational cost to deviations in the investment decisions from those obtained in the
current iteration.

Btz 5 Ty CHENG®pdishw + 3 mt(xut - Xl‘,t)] (62)

s,h,w 9 L

In Stepl 15, a similar process is applied to the resilience subproblem. For each year t, the resilience model is
solved with both the investment decisions from Step[!2 and the dispatch results from Step[13 fixed. This
subproblem corresponds to the third[Ilevel disruption analysis and yields the resilience cost Y{esitk:new)
and the associated curtailment variables A.‘,'E;SH{FE,‘,EQ’. The resilience subproblem captures the worst(Icase

performance of the system when facing specific disruption scenarios.

SteplJ6 tests whether the updated resilience cost violates the resilience cost estimate uf in the master
problem. If Y{esIkneW) oy ceeds LE 4 €™, the disruption scenario responsible for this excess is added to
the set D'*®". An optimality cut is generated according to equation (6b). This cut enforces a corrective lower
bound on Ut, using the scenario probabilities T Tg, the curtailment cost contributions C%Fs‘fl}ta”'e’, and the
sensitivity coefficients p{(,t associated with the investment[ related constraints in the resilience subproblem.
The structure parallels that of the operational cut but reflects disruption/driven cost propagation.

Ltz s Ty CEURMATESRSE + 3 oli(xue - Kft)] (6b)
s,h,w,§ i L

StepJ7 computes the optimality gap, which measures the consistency between the master problem’s
objective and the true cost revealed by solving the operational and resilience subproblems. The gap is
quantified by equation (6¢). The numerator contains the absolute difference between the master objective
®f and the sum of the discounted investment cost 6tCiLnVX'L<,t, the newly computed operational cost
oforknew) and the updated resilience cost Y{®S"K"eW) The denominator normalizes this difference by

the master objective value.

k |¢Ii ) (zt Gtzl CiLnVX'f,t + zt e?p,k,new + zt YEESil.k,neW)| (6¢)

gap = ——
ok

Finally, Step[18 checks the convergence condition. If the optimality gap is less than or equal to the
tolerance £°°™", the algorithm terminates, indicating that the current investment, operational, and resilience
solutions are consistent across all evaluated scenarios. Otherwise, the iteration counter K is incremented and
the algorithm returns to Step[]2, incorporating the expanded scenario sets when solving the master problem
again. The iterative nature of this sequence enables a progressive refinement of the scenario sets and the
associated constraints until the master model accurately captures the true operational and resilience
responses of the system. This ensures convergence to a solution that is both economically optimal and

robust with respect to operational variability and disruptive events.
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Algorithm 1 Iterative Master—Subproblem Procedure for the Tri-Level

Stochastic Model
1: Step 1: Initialization

2: Initialize scenario sets S = St and D" = D™t with representative
operational and disruption scenarios. Set iteration counter £ = 1 and
convergence tolerance ",

3: Step 2: Master Problem Solution

4: Solve the master problem to obtain investment decisions z* yg( IE ",

H..,(tmp ) and cost estimates 0%, vF. Record total objective value <I>'§‘.

5. Step 3: Operational Subproblem

6: For each planning year f, solve the operational subproblem with fixed
investments to obtain the updated operational cost ©!7*"**) and oper-
ational variables pfb(f::)w ete.

7: Step 4: O})eratlonal Scenario Cut

g If @hrew) 5 0F + £ for any t, add the violated operational scenario

to S iter via a Benders-type optimality cut:

E)t>zﬂw Z fuel _h'mpf,qrw:;i.d‘FZW Lt—l ) (68)

s,hw

where 7¥, is the dual variable associated with the investment capacity
constraint for investment ¢ in year ¢.

9: Step 5: Resilience Subproblem

10: For each planning vear ¢, solve the resilience subproblem with fixed in-

. s . (resil,knew) .
vestment and operational decisions to obtain Y, and resilience
(kycurtail e)

variables /\” shee o €tC

11: Step 6: Resﬂlence Scenario Cut

es [k L

12: If YVesthnen) o k4 geonv for any ¢, add the violated disruption scenario

to D"F’" via an optimality cut:

w2 3w SO ONGE + Y =) (0
s,hw,& P

13: Step 7: Optimality Gap Evaluation
14: Calculate the relative gap:

Y inu .k op,k,new resil,k,new
¥ - (S m o 4w et 4 3wt
oF

gap"
(6c)
15: Step 8: Convergence Test
16: If gap® < £, terminate and return the current solution as optimal.
Otherwise, set k <k + 1 and return to Step 2.

Fig. 3. Iterative column-and-constraint generation algorithm for solving the tri-level stochastic planning model

Algorithm 1, which presents the iterative column and constraint generation procedure based on levels 2 and
3 to efficiently solve the proposed tri level stochastic optimization model, is summarized in Figure (3). The
algorithm begins with a small set of scenarios of operation and disruption and then iteratively solves
alternating between the master problem and the subproblems. Investment decisions in the Master Problem
(MP) are updated each iteration, as are the operational and resilience subproblems, which identify new
scenarios or constraints that make the problem infeasible or suboptimal. They are added back to the master
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problem through optimality and feasibility cuts. This process continues until the relative optimality gap and
feasibility violations meet the convergence tolerance and the final investment plan is guaranteed to be both
cost efficient and resilient under all the uncertainties considered.

The acceleration of embedded spaces in the solution methods is developed to reduce the computational
overhead invented by the tri-level stochastic structure. Since the entire problem has seasonal linkages,
network interdiction constraints, and mixed integer recourse, solution by a direct approach is not feasible.
The method thus includes decomposition, reformulation, and warm-starting techniques that maintain
model fidelity and drastically reduce runtime.

The first acceleration scheme emerges in the subproblem for the operation. Instead of resolving the entire
second level problem across all seasons concurrently, the model separates timing of operation by seasons
and reconciles these seasonal subproblems through a progressive hedging scheme. This decomposition
imposes a kind of cross-season consistency non anticipativity with respect only to the storage state that
connects the seasonal borders. To realize this coupling, each seasonal subproblem is optimally solved
independently but augmented by quadratic penalties and linear dual terms that incentivize the subproblems
to coalesce on the terminal storage level. This is realized in the minimization taken in (7a). In that
expression the component corresponding to the target seasonal ending storage level is the reference
trajectory which is updated at the end of each iteration of the hedging procedure. The associated dual
weight multiplies the deviation of the actual terminal storage from this reference point. Akin to the
quadratic term, the linear weight smooths the iterates and fosters convergence to a common interseasonal
storage state without solving a monolithic operational problem.

enalt
i op M SOC ~target 2 K / .socC ~target (73)
min©®s" + > 5 (ees,t,s,|H|,w - €gs, ,s,w) + 5 West,s,w|€8sts,|HL.w - €gs, ,s,w)
p..e es es

A second source of acceleration is found in the resilience subproblem. The third level model naturally
becomes a bi-level interdiction problem: the attacker attempts to maximize disruption, while the operator
reacts by trying to restore service. This would necessitate nested optimization if we were to solve this
directly. Instead, the inner maximization over component failures is replaced with a single level equivalent
via strong duality. This converts the attacker’s problem to an explicit maximization program (7b) with an
objective function that depends on imaximizing the curtailment-related cost terms. The budget constraint, in
(7c), models the total attacker investment which is limited. The parameters that characterize the
availability of generators and lines under attack for removal along with whether a component is taken out
by the attacker. This reformulation enables the entire interdiction scheme to be incorporated into a mixed
integer linear form that is amenable to standard solvers.

max 5 CELRVeAfMIRlSe (7b)
8 itshw

5 (1- Ag,g)CattaCK + s (1 _ A|e,§)CiaettaCK < Battack (7c)
|e

g

The third type of acceleration is related to integer recourse which is introduced in the resilience model due
to line switching and islanding operation. These binary variables produces combinatorial explosion. In
order to handle the complexity, the resilience subproblem is solved through a branch and cut scheme.
Valid inequalities from the network flow theory enhance the relaxation and the efficiency of the search. A
special case of these inequalities is the cutset constraint in (7d). This limit the energy (active) lines across
any cut that separate an is formed bus Island away from generation must at least one active line More than
the minimum required flow The right-hand side of the constraint is a function of both is the demand in the
islanded area and the minimum capacity do is the minimum capacity of lines in the cut such cutset
inequalities help us to reduce infeasible branches and to enforce physically meaningful island structures at
earlier stages in the branch and bound.
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ziGNiSIand Plc,it,eS,h,w (7d)

min Fpe
|e e CCUt
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|eeccut

Scenario generation also enhances the computational performance by concentrating the algorithm on
informative realizations. Operational uncertainty scenarios are generated through Latin hypercube sampling
for a broad and representative coverage in the probability space. The renewable generation profiles
employed within each scenario follow autoregressive dynamics to maintain temporal correlation. This form
can be found in (7e) with the autoregressive coefficients weighing lagged available wind output against its
mean, and the innovation term adding stochastic variation. By applying this methodology the set of
renewable scenarios retain realistic ramping behavior and temporal persistence.
avail,wind wind - avail,wind wind (7e)
Pwtshw =Hw ~ + F ¢Iag(pw,t,s: -lag,w - Mw ) + €Enhw
lag=1

The third level problem disruption scenarios are customized using a vulnerability analysis, which considers
the degree of structural importance and the level of threat exposure. A component is assigned a score by
equation (7f). This index combines criticality, exposure and consequences of failure using weighted
normalized indices. The elements with the highest scores are then selected and ranked for consideration in
the disruption scenarios, which reduces the enumeration of all combinations, but allows consideration of
the critical risk space.

Ve = acnncallgnncal + aexposurelgxposure +Q

COHSPqUP.I’lCE!’C,OHSEC]UGnCG (7f)
Warm starting is utilized to transfer information between iterations of the column and constraints
generation procedure. In step k, when solving the master problem, the model loads the investment
decisions of step k—1. Similarly, the operational subproblem starts its dispatch at the previous operational
solution, as does the resilience model with switching and connectivity variables when initialized from the
pre disruption topology or from the previcus iteration’s solution. This prevents repeating exploration
multiple times and therefore reduces the solver time substantially, particularly for the outer iterations when
the solution becomes stable. It is endowed of a stopping condition, related to optimality and feasibility, due
to the nested structure of the tri -level problem. The algorithm declares convergence when the relative
optimality gap satisfies the folerance and all scenario-based feasibility checks become sufficiently small.
This combined constraint is given in (7g). The violation term in that expression is the maximum constraint
violation found for any scenario for all hours and seasons. When these two criteria are met, the algorithm
halts; otherwise, it proceeds to generate the next iteration of cuts. This compound condition guarantees that
the final investment strategy is not just the cost optimal one given by the master problem, but that it is also
feasible and robust when tested operationally under all considered scenarios. By exploiting decomposition,
duality based reformulation, branch and cut improvement, scenario generation methods, and warm starting,
the algorithm is computationally tractable despite maintaining the full detail of the underlying tri-level
stochastic model.

€O and max ||Violation'§,5,h,w|| < gfeas (7g)

gap < €
t,s,h,w
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Algorithm 2 Acceleration and Scenario Generation
1: Seasonal Decomposition (Eq. 7a): For each s € S, solve operational
subproblem with progressive hedging;:

peT

min % + E '[”
Pig.e

Update &9, w,, iteratively for storage non-anticipativity.
2: Resilience Reformulation (Eqs. 7b—7c): Replace inner interdiction
with MILP via strong duality:

curtail e Lur-t([-i[
nmx g Cion ANt shwe
i,t,s,hw

—hlr (l Starget
(PG\H| J + E Wes (€e|H|7(« 7 }

s.t. E ( (]E)Ca” + Z{e( Az" )C(ztt < Battm‘k‘
3 Integer Recourse Acceleration (Eq. 7d): Use branch-and-cut with
cutset inequalities for island connectivity:

d.e
16 Nisland P

UIF sl - =
Z Mingecent Fle

lee(Ccut

4: Operational Scenario Generation (Eq. 7e): Latin Hypereube sam-
pling, wind AR model:

avail wind L avail ,wind
Pt = Huw + § @lﬂg(l)u:.t—lng - "“(?L‘) + €
lag
5: Disruption Scenario Generation (Eq. 7t): Vulnerability score:

V;. — (]{r:rlfl'(('r" + Q’H‘I’.‘ 1:-1::,')1 + Of('on.s[:ons

Select top-V. componeiis for D',

6: Warm-Starting: init 2" from z*~'; dispatch from previous operational
subproblem; resilicnce switching o from pre-disruption topology.

7: Termination (q. 7g): Stop if

gap® < & and max |violation®|| < gfes.
t,s,h,w

Fig. 4. Acceleration and scenario generation algorithm for enhancing the computational efficiency of the tri-level stochastic

optimization framework

Algorithm 2 summarizes the computational acceleration and scenario generation methods that are
embedded within the high level iterative solution procedure, as illustrated in Figure (4). By decomposing
the operational subproblem by season via a progressive hedging approach, reformulating the resilience
subproblem rely on strong duality and outside branch and cut together with valid cutset inequalities the
algorithm significantly improves the computational efficiency of the tri level optimization framework. This
includes also systematic derivation of operational and disruption scenarios with Latin hypercube sampling,
autoregressive modeling and vulnerability assessment. Warm starting from previous iterations and a
combined optimality feasibility stopping rule further reduce computation time and ensure convergence
consistency across all scenarios.
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To solve the tri-level model tractably, we decompose it into a master problem and two subproblems, which
are solved iteratively using the C&CG algorithm.

Master Problem (MP). The MP corresponds to the first-level investment planning problem, but it
incorporates auxiliary variables and linear optimality cuts to approximate the costs from the lower levels.
At each iteration k, the MP is formulated over the current sets of included operational scenarios SK and
disruption scenarios DK, Its objective, given in Eq. (5a), minimizes the discounted investment costs plus the
auxiliary variables representing operational and resilience cost estimates. The MP is constrained by all first-
level investment constraints and the optimality cuts generated from the subproblems, as specified in Eqgs.
(5b) and (5¢).

Operational Subproblem (SP-Op). For a fixed investment plan from the MP, the SP-Op solves the second-
level operational optimization problem for the full set of operational scenarios Q. Its objective, defined in
Eq. (5d), is to minimize the expected operational cost while satisfying all second-level constraints with the
investment variables fixed. If the solution reveals that the MP's cost estimate is too low, a Benders-type
optimality cut, formulated in Eq. (6a), is generated and added to the MP to refine the approximation.

Resilience Subproblem (SP-Res). Given the fixed investment plan and the optimal dispatch from the SP-
Op, the SP-Res solves the third-level resilience assessment for the full set of disruption scenarios =. Its
objective, provided in Eq. (5e), is to minimize the expected resilience cost subject to all third-level
constraints with the upper-level variables fixed. If the MP's resilience cost estimate is violated, a
corresponding optimality cut, expressed in Eq. (6b), is generated and added to the MP.

The solution procedure, illustrated in Fig. 3, proceeds as follows. The aigorithm is initialized with small,
representative scenario sets. In each iteration, the MP is solved to obtain an investment plan and cost
estimates. The SP-Op is then solved for this fixed investiment plan; if the computed operational cost
exceeds the MP's estimate beyond a tolerance, a new optimality cut is generated, and the responsible
operational scenario is added to the set sk, Similarly, the SP-Res is solved for the fixed investment and
operational schedule; if the resilience cost is underestimated, a new cut is generated, and the critical
disruption scenario is added to DX, The optimality gap is calculated using Eq. (6¢). The algorithm
terminates when the gap falls below a specified tolerance and no new cuts are generated, indicating
convergence to a solution that is optimal and robust across the considered uncertainties.

To manage the computational complexity of the subproblems, several acceleration techniques are
embedded within the C&CG framework. The operational subproblem is decomposed by season using a
progressive hedging approach, which maintains temporal consistency through penalized deviations in inter-
seasonal storage states. The resilience subproblem, which inherently has a bi-level structure due to the
adversarial nature of disruptions, is reformulated into a single-level mixed-integer linear program using
strong duality. Furthermore, valid inequalities derived from network flow theory, such as cutset constraints,
are added within a branch-and-cut scheme to tighten the relaxation and expedite the solution of the
resilience subproblem. Strategic scenario generation via Latin hypercube sampling and vulnerability
analysis, coupled with warm-starting of variables between iterations, further reduces computational effort.
These enhancements, summarized in Algorithm 2 and Fig. 4, ensure that the high-fidelity tri-level model
remains solvable for realistically sized systems.

The proposed nested Column-and-Constraint Generation algorithm is grounded in the theory of
decomposition for stochastic optimization. The use of auxiliary variables Ot and Lt in the master problem
(MP), constrained by optimality cuts from the subproblems, constructs a piecewise linear lower bound on
the true operational and resilience cost functions, ©2P(x) and Y{®*'(x). For a fixed investment plan XX, the
subproblems are linear programs (or can be relaxed to LPs), whose value functions are convex in X. The
cuts generated in Eqs. (6a) and (6b) are supporting hyperplanes to these convex functions at Xk, and are

therefore valid global lower bounds.

37



The algorithm maintains two bounds: the MP objective provides a lower bound (LB) on the optimal value
of the full tri-level problem, while the sum of the investment cost from the MP and the actual subproblem
costs provides an upper bound (UB). Each time a subproblem identifies a cost higher than the MP's
estimate, the resulting cut eliminates the current solution x¥ from the MP's feasible region and raises the
LB. Since the investment feasible set is compact and the number of distinct extreme-point scenarios is
finite, this iterative process of cut generation must converge in a finite number of steps. At convergence,
the LB equals the UB, and the corresponding investment plan, along with the associated operational and
resilience policies, is guaranteed to be optimal for the original integrated problem defined in Sections 2.1—
2.3. This guarantee holds provided the problem has relatively complete recourse, a condition satisfied in
our model through the inclusion of load curtailment options with appropriate penalties.

4-Simulation and Results

The tri-level stochastic optimization model is applied to a multi-carrier energy system consisting of
electrical, natural gas, and district heating networks. The system describes a medium-sized metropolitan
area with 850 MW, 1200 MMBtu/h and 650 MW being the peak electrical, gas and thermal loads,
respectively. The planning period is ten years (from 2025 to 2034) broken up into four seasonal stages in
each year, with each stage represented by a typical day consisting of 24-hour intervals. There are 33 buses
and 37 transmission lines in the electrical network which are working at 138 kV. The existing generation
fleet includes 12 traditional thermal units with a combined capacity of 720 MW, three combined-cycle gas
turbines with an aggregate capacity of 180 MW, and four wind farms aggregating 95 MW. There is an
additional 40 MW from two solar photovoltaic plants. There are three RESS units with a total rated power
of 50 MW and an energy capacity of 200 MWh included in the system. The gas pipeline network is made
up of 20 nodes connected by 25 pipelines with diameter ranges from 12 to 36 inch. Gas supply is sourced
from two interstate pipeline interconnects with a combined capacity of 1500 MMBtuw/h and a single local
production facility with a capacity of 300 MMBtu/h. Three underground gas storage facilities have a
cumulative working capacity of 48,000 MMBtu. The district heating system is composed of 15 nodes of
demands interconnected by 22 pipelines (insulated) with supply temperature varying between 115 C and
125C. Heat is generated by four combined heat and power (CHP) plants with a total thermal capacity of
380 MW, ten gas-fired boilers with a total capacity of 450 MW, and two source heat pumps with a heating
capacity of 25 MW. Two thermal storage tanks provide an extra 180 MWh of heat storage. Energy
interaction between carriers is represented by: eight gas-fired generators which produce electricity from
natural gas, two power-to-gas (P2G) plants with an aggregate capacity of 30 MW that make synthetic
natural gas by using excess electricity, as well as CHP units and heat pumps that bridge the electric and
thermal grids. The test system is further subdivided into five geographic areas for resilience analysis. Zone
1, consisting of health care/ emergency service buildings, represents 12% of the total electrical load. Zone
2 has its appeal in retail and industrial customers, 38% of demand. Zone 3 is residential areas (28% of
load) and Zone 4, data centers and communications with 15%. Zone 5 is a representation of the urban-
rural mix holding 7% of the load. Each zone is assigned different critical weight: zone 1 (0.35), zone 4
(0.25), zone 2 (0.2), zone 3 (0.15), zone 5 (0.05).

4-1-Parameter Specification

The following tables provide the operating and investment economic and technical parameters for the
system. All costs are in constant 2025 US dollars. A discount rate of 6 percent is used uniformly for ten
years of planning (2025-2034). The main techno economic parameters of the models for electric power
generation technologies considered in investment and operation planning are given in Table (2). They
include the spanned yearly capital expenses, variable O&M costs, fuel costs, efficiency measures of
thermal energy such as heat rates. Operational restrictions such as minimum capacity factor, ramp rate
restrictions, minimum up and down time, and startup costs are also specified for the dispatchable units
(Coal Steam, Gas CT, Gas CC, and CHP Gas). Renewables (Wind and Solar PV) have zero fuel cost, but
do have capital costs and variable O&M costs.

Table (2) Generation Unit Technical and Economic Parameters
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Unit Capital | Variable | Fuel Cost Heat Rate Min Ramp Min Min Startup | Lifetime
Type Cost O&M (/MMBtu) | (MMBtu/MWh) | Capacity | Rate Up Down | Cost (yrs)
(/kW- (/MWh) Factor (%/min) | Time | Time $)
yr) (%) (hrs) | (hrs)
Coal 3200 42.5 4.8 2.45 10.2 0.40 2.5 8 12500 35
Steam
Gas 850 12.8 3.2 4.80 11.5 0.25 8.0 2 1 3200
CT
Gas 1100 18.5 2.9 4.80 7.8 0.30 5.5 3 2 5800
CcC
CHP 1850 28.3 35 4.80 8.2 0.35 42 4 3 4500
Gas
Wind | 1650 36.2 0.0 0.00 0.0 0.00 NaN NaN NaN 0
Solar 1250 22.1 0.0 0.00 0.0 0.00 NaN NaN NaN 0
PV

The technical and economical parameters for the components of the network infrastructure in the
electrical, gas, and heating networks are given in Table (3). These include the capital cost per mile or per
unit, annual fixed O&M cost as a percentage of the capital cost, and rated capacity for each line or pipe
type. The per mile loss, which represents the physical loss of energy during transport, is also defined for
pipelines and transmission lines. In addition, the expansion allowable (in percent of current capacity) and
the technical life time for investment planning are given in the table. Passive elements as compressors,
substations, and regulator stations are described by their unit capital cost, fixed O&M rates and lifetime.

Table (3) Network Infrastructure Technical and Economic Parameters

Component Capital Cost Fixed O&M Capacity (MW or | Loss Rate Expansion Limit Lifetime
($/mile or $/unit) (Ycapital/yr) MMBtu/h) (%/mile) (% of base) (yrs)

Transmission 1,850,000 1.8 150.0 0.12 50.0 40

Line

Gas Pipeline 425,000 2.2 180.0 0.08 30.0 50

(12in)

Gas Pipeline 980,000 2.2 420.0 0.06 30.0 50

(24in)

Gas Pipeline 1,650,000 22 780.0 0.05 30.0 50

(36in)

Heating Pipe 520,000 2.5 45.0 0.15 40.0 35

Gas Compressor | 2,800,000 3.2 NaN NaN NaN 30

Electrical 4,500,000 2.0 NaN NaN NaN 40

Substation

Gas Regulator 850,000 2.8 NaN NaN NaN 35

Station

The techno-economic figures for all energy storage and multi-carrier conversion technologies are given in
Table (4). For storage technologies, the investment costs are disaggregated into two parts for the energy
size (e.g., $/kWh or $/MMBtu) and the power size ($/kW). Round-trip Efficiency, Self-Discharge Rate,
Cycle Life and Dynamic Response Time are also specified among the Key Operation Indicators.
Conversion technologies such as Power-to-Gas (P2G), Gas Boilers, Heat Pumps are characterized by their
capacity capital cost, conversion efficiency and operational life. We are aware that the Heat Pump
efficiency is the COP, which in this case value is 320 %. These are essential ones to enable coupling
between the electrical, gas and thermal energy systems in the optimization.

Table (4) Energy Storage and Conversion Technology Parameters

Technology Capital Cost — Capital Cost | Round Trip Self- Cycle Life | Response Lifetime
Energy ($/kWhor | —Power Efficiency discharge (cycles) Time (sec) (yrs)
$/MMBtu) ($/kW) (%) Rate (%/day)

Battery Storage 425.0 280 88 0.15 6000 0.25 15

Gas Storage 8.5 120 82 0.02 50000 180 40

(Underground)

Thermal Storage 35.0 85 90 1.20 12000 60 20
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Power-to-Gas NaN 1450 62 NaN NaN 300 20

Gas Boiler NaN 380 94 NaN NaN 120 25

Heat Pump NaN 820 320 NaN NaN 180 18

he operational and reliability constraints within the tri-level framework are summarized in Table (5). The
planning margins consist of obligatory reserve margins of 18.0% for the electricity grid, 15.0% for the gas
grid, 20.0% for the heating grid, and a 6.0% spinning reserve margin in real-time for electric dispatch. In
addition, the long-run investment decisions are driven by imposed renewable penetration targets of 35.0%
by year five and 50.0% by year ten of the planning horizon. The economic cost of service interruption
which is necessary to resilience evaluation is estimated by the Value of Lost Load (VOLL): 9500.0/MWh
for electricity, 85.0/MMBtu for gas, and 6200.0/MWh for heat. Finally, time-varying system specifications
include annual load forecast growth rates for electric (2.3%), gas (1.8%), heating (2.1%) demand and
assumed network loss factors for transmission (4.2%) and distribution (6.5%).

Table (5) Operational and Reliability Parameters

Parameter Value
Planning Reserve Margin — Electric (%) 18.0
Planning Reserve Margin — Gas (%) 15.0
Planning Reserve Margin — Heat (%) 20.0
Spinning Reserve Requirement (%) 6.0

Renewable Penetration Target — Year 5 (%) 35.0
Renewable Penetration Target — Year 10 (%) 50.0
Value of Lost Load — Electric ($/MWh) 9500.0

Value of Lost Load — Gas ($/MMBtu) 85.0
Value of Lost Load — Heat ($/MWh) 6200.0
Transmission Loss Factor (%) 4.2
Distribution Loss Factor (%) 6.5
Load Forecast Growth Rate — Electric (%/yr) 2.3
Load Forecast Growth Rate — Gas (%/yr) 1.8
Load Forecast Growth Rate — Heat (%/yr) 2.1

The parameter values for the stochastic modeling of the reliability and resilience analyses are listed in
Table (6). The nature of the inherent failures are described by the Base Failure Rate (in failures per year)
and the Mean Time To Repair (MTTR) (in hours), which is the average time to restore the system after a
failure. To capture proactive resilience investment, the table shows the Hardening Cost (as a percentage of
the component’s capital cost) and the related Hardening Effectiveness (the percentage reduction in the
component’s base failure rate after the investment). The Criticality Index is also attributed for each
component type according to its systemic importance in ensuring multi-carrier operational integrity during
contingencies, with the Control System and Substation scoring the highest criticality.

Table (6) Component Failure and Hardening Parameters

Component Type Base Failure Rate MTTR Hardening Cost (% of Hardening Criticality
(failures/yr) (hours) capital) Effectiveness (%) Index
Transmission 0.085 8.5 15 68 0.72
Line
Gas Pipeline 0.042 12.0 18 72 0.68
Generator 0.125 6.5 12 65 0.85
Substation 0.038 10.0 22 75 0.90
Compressor 0.095 9.5 20 70 0.75
Station
CHP Unit 0.110 7.5 14 62 0.78
Storage Facility 0.055 5.0 16 58 0.65
Control System 0.180 4.0 28 80 0.92

4-2-Scenario Definition and Modeling
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The stochastic programming methodology considers all sources of uncertainty by way of a scenario-based
scheme. The scenarios fall into two main categories, operational background frequencies and disruption
events. Operational scenarios include variability of renewable energy production, energy demand at
different levels of maturity in all energy carriers, and component availability in operations in the field.
Disruption scenarios represent a range of high-impact incidents, including kinetic threat and natural
disaster, which degrade system performance. The following eight operating scenarios (OP1 through OPS)
are utilized to represent the typical spectrum of system operation. High renewable generation with
moderate demand: Scenario OP1 corresponds to a high renewable output with moderate demand (0.15).
OP2 represents the worst-case supply demand scenario: minimal renewable output during peak demand
(0.12). Scenario OP3 represents the most likely case for all parameters. Scenario OP4 High demand with
average renewable generation (0.14). Scenario OPS5 is equivalent to high demand with low renewable
production (likelihood = 0.10). Scenario OP6 is a particular case that considers equipment outages forced
by moderate demand conditions (probability 0.08). Scenario OP7 represents potential supply disruption to
fuel for gas (probability 0.06). Finally, Scenario OP8 corresponds to the extreme point operation of high
demand/low renewables generation, with a probability equal to 0.10. The measurable parameters for these
operation scenarios are given in Table (7).

Table (7) Operational Scenario Definitions

Scenario | Probability | Demand Level Wind Capacity Solar Capacity Gas Supply Component Forced
(% of peak) Factor (%) Factor (%) Availability (%) Outage Rate (%)
OP1 0.15 72 42 24 100 2.5
OP2 0.12 95 25 18 100 2.5
OP3 0.25 78 35 22 | 100 2.5
OP4 0.14 92 33 20 N\ 100 2.5
OP5 0.10 58 48 26 < | 100 2.5
OP6 0.08 75 37 23 A 100 5.8
OP7 0.06 80 36 21 85 2.5
OP8 0.10 98 22 16 100 2.5

As seen in Table (7), each scenario is characterized by the demand level (as a percentage of peak load), the
capacity factor of wind and solar generation, the availability level of the interstate gas supply, and the
forced outage rate of the component. These specified states represent the system condition in which
dispatch optimizations are performed at the lower levels of the framework.

Twelve disruption events are specified to capture various threats to the system infrastructure, as outlined in
Table 8. DSI1 Scenario 1 1s a cyberattack specifically targeting control system that disrupts 12 components
with a probability of 0.18. DS2 models a harsh weather event damaging 8 transmission lines at the same
time with a probability of 0.15. DS3 is an earthquake that breaks gas pipelines in a certain region, with a
probability of 0.08. DS4 signifies multi-site physical attack on 3 substations, with a probability of 0.06.
DSS5 describes a significant generator collapse which cascades into auxiliary systems, with a probability of
0.12. DS6 represents damage caused to six heating pipes by a winter storm, a probability of 0.10. DS7
represents a disruption to the gas supply as a consequence of a pipeline rupture (availability is decreased by
40%), with a probability of 0.09. DS8 models destruction brought by flooding to 7 underground electrical
appliances, with a likelihood of 0.07. DS9 contemplates dual attacks on electric and gas systems that
compromise 9 components, with a probability of 0.04. DS10 is a cyber intrusion on the energy
management systems that impacts 15 components, with a probability of 0.05. DS11 represents tornado
damage to 6 transmission corridor elements, with a likelihood of 0.04. Finally, DS12 represents equipment
failures under extreme heat in 4 generators, with a probability of 0.02.Table (8) reports the probability,
leading targets, affected components, duration, and geographic dynamics for each scenario.

Table (8) Disruption Scenario Definitions

Scenario | Probability | Primary Target Components Affected | Duration (hours) | Geographic Extent
DS1 0.18 Control Systems 12 6 Wide

DS2 0.15 Transmission Lines 8 12 Localized

DS3 0.08 Gas Pipelines 5 18 Zone 2
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DS4 0.06 Substations 3 8 Zones 1 & 4
DS5 0.12 Generators 2 10 Zone 3

DS6 0.10 Heating Pipes 6 14 Zone 5

DS7 0.09 Gas Supply 1 24 System-wide
DS8 0.07 Underground Electric 7 16 Zone 1

DS9 0.04 Multi-carrier 9 10 Zones2 & 3
DS10 0.05 EMS Systems 15 4 System-wide
DS11 0.04 Transmission Corridor | 6 20 Zone 4
DS12 0.02 Generators 4 36 Multiple

The operational and disruption scenarios defined in Tables 7 and 8 constitute a representative but limited
set used to illustrate the model's functionality. In a real-world planning context, a system planner would
typically generate a far more extensive library of scenarios (encompassing hundreds or thousands of
realizations) to capture the full breadth of uncertainties in demand, renewable generation, fuel prices, and
component failures. A key advantage of the proposed C&CG-based solution framework is its inherent
suitability for such settings. The algorithm's iterative nature ensures computational tractability by not
requiring the simultaneous incorporation of all possible scenarios. Instead, it strategically identifies and
incorporates only the most critical scenarios—those that expose vulnerabilities or significantly increase
costs for a given investment plan. This selective refinement process, combined with the parallel solution of
independent subproblems and the use of initial scenario reduction techniques (e.g., clustering), ensures that
the framework remains practical and scalable for large-scale, real-world integrated energy system planning
studies, even when the underlying uncertainty space is vast.

4-3-Computational Implementation

The tri-level stochastic optimization problem is formulated and solved in the algebraic modeling language
Pyomo 6.4 in Python 3.9 and Gurobi 10.0 is used as the mixed-integer linear programming (MILP) solver.
The decomposition procedure is parallelized at the operational stage by utilizing the multiprocessing
package on a 16-core server with dual Intel Xeon Gold 6248R processors and 384 GB of RAM. The
convergence tolerance for the C&CG algorithin is set to be 0.5% in terms of the optimality gap, and the
maximum iteration is set to be 50. The initial scenario set consists of three operational and 4 disruption
scenarios derived through k-means clustering of the entire scenario space. The progressive hedging
algorithm is used for seasonal decomposition and penalty parameter values of 500-2000 USD/MWh are
applied to storage level deviations, which are modified adaptively as the convergence behavior is
observed. The nonlinear Weymouth equation governing gas flow (Eq. 20) is linearized using a piecewise
linear approximation (PLA) with 8 segments to maintain computational tractability within the MILP
framework. While this introduces a well-known approximation error, it is a standard and necessary practice
for large-scale planning optimization. To mitigate its impact, the number of segments was selected via a
sensitivity analysis to balance accuracy and solve time. Furthermore, a post-solution validation confirmed
that the maximum relative error in gas pressure and flow when evaluated with the exact nonlinear equation
was below 2.5% across all operational and disruption scenarios. For added robustness, a small operational
buffer was included in the nodal pressure constraints. This level of accuracy is deemed sufficient for the
strategic, long-term investment planning purpose of this study, where capturing the correct trends and
trade-offs is paramount over exact physical fidelity. Unit commitment and network switching integer
variables are treated with branch and cut, and user-defined cuts based on network topology analysis are
used. The solution procedure ends at iteration 28 of the master/subproblem algorithm and it has % a final
optimality gap of 0.42. The overall CPU time took 14.7 hours, with 18 minutes on average for solution of
the master problem and from 4 to 35 minutes for solution of each subproblem, according to scenario
complexity. The maximum memory consumption of 287 GB occurs in the solution of the largest
subproblems, in which several disruption scenarios are considered simultaneously.

4-4-Investment Planning Results

The preferred investment path over the ten-year planning period prioritizes an increase in renewable
generation, followed by network reinforcement, and finally, strategic storage placement. The total capital
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investment for the period is 1.847 billion USD, with lid an annual investment between 112 million USD in
the 1st year and a maximum of 278 million USD in the 6th year. The annual investment distribution is
displayed in Figure 5 among the various infrastructure types. Generation expansion dominates the pie slice
in most years, followed by investments in transmission, gas and heating grids and storage systems. Long-
term investment trends reveal megawatt scale generation and storage applications over the next two
decades to meet a growing demand and a much more resilient system.

Annual Investment by Category

BN Generation
mmm Transmission
W Gas Network
N Heating Network
mEm Storage

300 A

250

N
o
o

Investment (Million $)
-
w
o

100 A

50 1

2025 2026 2027 2028 2029 2030 2031 2032 2033 2034
Year

Fig. 5. Annual investment allocation across infrastructure categories

The capacity expansion results summarized in Table (9) correspond to the optimal generation mix derived
from the upper-level investment decisions under the tri-level optimization problem. Renewable
technologies constitute the majority of the added capacity in the ten years of planning, in line with
renewable penetration goals (35% by Year 5 and 50% by Year 10). With a 309% increase, wind capacity
increases from 95 MW to 385 MW, and solar PV capacity increases from 40 MW to 285 MW (an increase
of more than six times), indicating favored investment in clean generation. Conventional gas-fired capacity
is meeting controlled expansion for system reliability and reserves. The combined-cycle (Gas CC) capacity
doubles in size by the end of the decade, and simple-cycle (Gas CT) capacity starts from nothing and builds
up to 85 MW by Yearl0 to supply fast-response reserve at the beginning of the decade. Moderate additions
in cogeneration (CHP) from the co-optimization of heat and power in urban areas. In contrast, the coal
fleet is subject to a scheduled phase-out from 298 MW to 178 MW, with no new investment and a negative
net annual change of -12 MW/year reflecting decommissioning consistent with emission reduction policy.
The overall system is envisioned to invest approximately $1.19 billion (2025 values) in new generation
capacity over the planning horizon, with renewables accounting for almost two—thirds of this sum.

Table (9) Generation Capacity Expansion Results

Technology | Existing Capacity Year 5 Total Year 10 Total Total Investment Average Annual Addition
MW) MW) MW) (M$) (MW/yr)

Wind 95 235 385 478.5 29.0

Solar PV 40 145 285 306.3 24.5

Gas CC 180 270 360 198.0 18.0

CHP 152 200 247 175.7 9.5

Gas CT 0 35 85 29.8 8.5

Coal 298 298 178 0.0 -12.0
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Figure[16 depicts the activity of network expansion in the electricity, gas, and heating systems, as well as
the investment values that were obtained as results of the optimization. The left panel shows the number of
projects realized per infrastructure type, the right panel shows the total investment cost in 2025 constant
USD. The results show that the largest number of projects associated with new transmission lines (15
projects) and new heating pipelines (12 projects), driven by reinforcement needs induced by electric and
thermal load increases in Zones[/1-3. In terms of capital intensity, new electric transmission lines entail
the highest investment, about 245 M USD, followed by new gas pipelines (168 M USD) and substations
(112 M USD). Investment in the expansion of compressor stations (78 M USD) and for the heating
networks strengthening (80 M USD) are also significant shares of the overall investment plan. In the end,
Figure 6 stresses the joint planning of multi carrier infrastructures. Electric transmission reinforcement
accounts for the most project and investment spending, but well-placed investments in gas and district-
heating networks bring system security and resilience through the 10-year planning horizon.

Network Infrastructure Projects Network Infrastructure Investment

Substations Substations

Heating Network Expansion Heating Network Expansion
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Fig. 6. Network infrastructure expansion projects and mvestment levels

The results in Table 10 represent the storage and conversion technology capacity expansion over the 10
year planning horizon. The set-up allows for short-duration electricity storage as well as large-scale inter-
carrier flexibility solutions. Battery storage grows the most on a percentage basis from
S000MWILI/C120000MWh to 218CIMWILI/L1872[1MWh, with an investment of 198.50IM[IJUSD. This
development enables diurnal energy balancing and reserve supply in the face of uncertainty in renewable
generation. Up to this point, gas storage is increased from 48,000 to 76,500 MMBtu — the single largest
investment item at 241.3M USD, due to its function in seasonal fuel balancing and resilience to supply
disruption enqueued in disruption scenarios DS3 and DS7. Thermal storage is likewise substantially
increased to 425MWh and results in high utilization of 71.2%, which improves the heat network’s
capability to separate cogeneration from demand variability. Power-to-Gas (P2G) capacity rises sixfold
from 30 to 105[/MW with a related investment of 108.8[JM[JUSD, thus enhancing sectoral coupling
effectiveness particularly in times of high renewable generation. Heat pumps (from 25 to 82[]MW) and gas
boilers (from 450 to 5850IMW) offer a diverse heating supply with low capital investment and good
synergy with the CHP dispatch. In total investment in storage and conversion technologies amounts to
roughly 69001M USD, which corresponds to almost 37% of total system capital expenditure. These assets
enhance operational flexibility, enable greater renewable integration and increase resilience by offering
cross-carrier buffering in a tri-level stochastic planning framework.

Table (10) Energy Storage and Conversion Capacity Results

Technology Initial Capacity Final Capacity Investment (M$) | Utilization Year 10 (%)
Battery Storage | 50 MW /200 MWh | 218 MW /872 MWh 198.5 68.5
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Gas Storage 48,000 MMBtu 76,500 MMBtu 241.3 52.3
Thermal Storage 180 MWh 425 MWh 43.8 71.2
Power-to-Gas 30 MW 105 MW 108.8 45.8
Heat Pumps 25 MW 82 MW 46.7 58.3
Gas Boilers 450 MW 585 MW 51.3 62.1

4-5-Operational Performance Analysis

Operating with the optimal investment portfolio, system performance improves significantly for the base
case without capacity expansion. The system operating cost, initially at 428 million USD, decreases
steadily with approximately 25 % cumulative load growth over the years to 392 million USD at the end of
Year 10. The cost savings is essentially due to greater penetration of low marginal cost renewable energy
sources, improved interaction of energy carriers over sectors, and higher flexibility obtained by means of
new storage and conversion technologies. The share of renewable energy increases substantially over the
horizon — from 18 % of total electric generation in year 1 to 54 % in Year 10 — exceeding the policy target
of 50 %. Wind generation increases from 312 GWh in Year 1 to 1285 GWh in Year 10, and solar
generation grows from 78 to 558 GWh within the same duration. Around the mid-2020s, the aggregated
renewable share surpasses that of the coal and gas-fired units. At the same time, renewable curtailment
declines from 4.2 % at the start of planning horizon to the end of 2.8 % by Year 10, which indicates better
temporal balancing facilitated by augmented battery, thermal and power to gas capacities. Figure 7 shows
the development of the generation mix from 2025 to 2034 in the optimal iii-level expansion plan. The
stacked bar display emphasizes the steady retirement of coal by renewables and the incremental tapering of
combined cycle gas production.CHP generation is stable, offering an important linkage between electricity
and heat, and simple cycle gas turbines (CT) experience small growth to meet reserve adequacy. Overall,
the results indicate that coordination in investment and operation across electricity, gas, and heating
infrastructures is beneficial, both economically and environmentally, while satisfying renewable energy and
security of supply constraints in a ten-year maturity.

Annual Generation Mix Evolution
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The performance measures considered in Table(11) represent evolving system performance over the 2025—
2034 period for the investment and dispatch strategy that is optimal in the end. Generation increases
slightly from 4086 GWh to 4600 GWh but total generation declines mildly from 4600 GWh to 4316 GWh
as load growth is counterbalanced by efficiency gains and demand side management. During this period,
the share of renewables also increases substantially from 18.5 % to 56.2 %, in line with the 50 % mid-term
goal and the increments of capacity listed in Tables (9) and (10). The average system operating cost of
electricity delivered declines from 52.3 to 41.8 USD/MWh (20 %) due to the high penetration of low
marginal cost wind and solar, better fuel to heat integration, and more storage use. Along with this
decrease, the carbon intensity of generation also declines steeply from 0.485 to 0.198 MT CO2/MWh,
corresponding to an overall emission reduction of more than 59 % in 2025.

Table (11) Annual Operational Performance Metrics

Year | Total Generation Renewable Average Cost Emissions (MT Reserve Renewable
(GWh) Share (%) ($/MWh) CO2/MWh) Margin (%) Curtailment (%)
2025 | 4600 18.5 52.3 0.485 21.2 4.2
2026 | 4853 23.8 50.8 0.458 22.5 4.8
2027 | 5000 30.2 48.9 0.425 23.8 5.2
2028 | 5060 36.5 47.2 0.385 24.2 4.6
2029 | 5006 42.8 45.5 0.342 23.5 3.9
2030 | 4962 48.2 44.1 0.298 22.8 3.4
2031 | 4827 52.1 43.2 0.258 21.9 3.1
2032 | 4650 54.8 42.5 0.228 20.8 2.9
2033 | 4472 55.9 42.1 0.208 19:5 2.8
2034 | 4316 56.2 41.8 0.198 189 2.8

Reserve margins are maintained above the 1811% required for a reliable supply during the entire planning
horizon, decreasing from 24[1% to 19(1% as the retirement of capacity is offset by an increasing
diversification of the generation mix. Renewable curtailment, a flexibility sufficiency measure, decreases
from 4.201% to 2.8[1%, illustrating successfil assimilation of new storage and Power to Gas plants. Taken
together, these metrics verify a tri level planning approach that balances cost efficiency, system reliability
and decarbonization for a 10 year horizon.
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Fig. 8. Typical summer and winter day gencration and storage profiles

Figure 8 displays the hourly ¢lectricity balance for representative summer and winter days in year 10 in the
planning horizon. The stacked area plots represent total generation from wind, solar, gas-fired units, and
battery discharge. The cumulative consumption lines (in white) include electrical load, battery charging,
power-to-gas conversion and heat pump usage. Summer day operation exhibits a notable solar profile
peaking at 272 MW between 12 and 14, making possible battery charging of 48 MW, and power-to-gas use
of 42 MW once the combined renewable generation surpasses the instantaneous load demand. Winter day
profiles exhibit more wind energy with an average production of 125 MW and less solar energy due to the
shorter day length and a lower sun angle. Gas production supplies the baseload and ramping needs from a
low of 365 MW at the overnight minimum load to 572 MW during the hour-18 evening peak. Battery
results also illustrate parallel charge-discharge patterns, charging during renewable surplus and discharging
at peak demand periods (hours 17 through 21) in both Winters and Summers. Transmission loss equal
4.2% of total generation which is 31 MW and 38 MW in summer and winter respectively. Power flow
check ensures that generation, storage discharge, equals electrical load, storage charging, power-to-gas
demand, heat pump load, and transmission losses for each hour, throughout which the nodal power balance
constraints are satisfied within a numerical tolerance of 0.01 MW.
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Fig. 9. Gas Network Pressure and Flow Distribution

Figure 9 depicts the spatial and hourly variation in pressure and flow on a daily basis for a 20-node gas
network on a typical winter day in the 10th year of the planning horizon. The panel to the left depicts the
pressure vectors, limited by the Weymouth equation, with pressure values between 42 and 63 bar for all
nodes for all hours. There is a distinct spatial gradient in pressure that is monotonically decreasing from
supply nodes (at positions 1 to 5) to demand nodes (at positions 16 to 20). Temporal changes in pressure in
response to temporal demand changes between peak (periods 1, 2, 3.4,5,6,7, 8,9, 10, 11), and off-peak
(periods 12, 13, 14, 15, 16, 17, 18, 19, 20) users in d education from 17 to 0 are considered under the
assumption of increase use during waiting for students at home from 5 to 13 between 7-9 am and 6-9 pm.
At the right-hand side of Figure 3, the flow of natural gas is divided into the combined influence of the
consumption of CHP units about 280 MMBtu/hr, the injection of PG synthetic gas related to energy mainly
during periods of increased renewable generation from nodes 3 and 9 and the least and the storage facilities
located on nodes 1 and 11 which permit us to withdraw in winter peak demand. Conversions also take part
in responding transit nodes flow, under integrated flows converging (from two sides) and traveling
high/medium flows with high flows at supply and demand nodes, and moderate flows at transit nodes wit

intermediate values.
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Fig. 10. Electricity Network Voltage and Power Flow Distribution

Figure 10 shows voltage magnitudes and active power flows over the 30-bus AC power grid on a winter
day in year 10 and renewable penetration level of 56.2% of total generation. The left panel illustrates the
voltage magnitude in per unit, which varies from 0.95 to 1.08 for all the buses and for all the hours.
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Voltage levels are highest at the generation buses 1-8 and exhibit mild decreases at the load buses 9-22
during the hours of peak demand. Temporal voltage profiles have typical sags during morning and
evening load peaks at 8 and 19 hours respectively plus a midday voltage raise between 11 and 14 hours,
when solar generation output is at its highest, reaching 98% of the installed capacity. The active power flow
are displayed in the right panel with positive values as the power generation and negative values as the
power consumption. Generation buses exhibit variable thermal dispatch with capacity factors ranging from
40 to 100 percent as a function of renewable availability and load level. The wind generation at all buses
23-25 highlights high overnight, morning output with capacity factor of 78 to 88% on average, and the
solar generation at all 3 buses 26-28 is focused between 9:00 and 17:00. Battery energy storage at bus 28,
which charges during midday solar excess and discharges during evening peak demand, with from —35
MW during charging to 35 MW during discharging.

4-6-Resilience Performance Assessment

The resilience of system under disruption states is considerably enhanced by means of the optimal
investment and hardening strategies in the tri-level stochastic model. The system-wide resilience index,
defined as the weighted average of restored critical and non-critical load over all the urban areas
considering the disruption scenario set (DS1 — DS12), significantly increases from 0.73 in the base case to
0.89 in Year 5 and 0.92 in Year 10. This is due to both greater infrastructure robustness and better system
flexibility enabled by flexibility operation, distributed storage, and increased inter carrier coordination. For
the worst-case low probability event, Scenario DS9 (coordinated multi carrier disruption targeting
electricity and gas infrastructure in Zones 2 and 3), the baseline system endurcs a 42 % load shedding with
restoration lasting beyond 18 hours. The optimized scheme reduces the load shedding to 18 % and makes
full restoration within 8 h via fast centralized reconfiguration, semi-controlled islanding of micro grid
nodes, and local storage reserve. The comprehensive performance of comparison for all furnished scenarios
of disruption is represented in Table (12).

Table (12) Resilience Performance Comparison by Disruption Scenario

Scenario Baseline Load Year 10 Load | Baseline Restoration | Year 10 Restoration Critical Load Impact
Curtailment (%) Curtailtaent (%) Time (hrs) Time (hrs) Reduction (%)
DS1 28 8 12 4 82
DS2 32 12 18 8 75
DS3 18 _\ 6 22 10 78
DS4 5 15 14 6 85
DS5 35 D I 11 16 7 80
DS6 22 7 20 9 73
DS7 38 14 36 16 68
DS8 41 16 24 12 72
DS9 52 18 28 10 78
DS10 48 12 8 3 88
DS11 36 13 32 14 74
DS12 44 19 48 22 69

The numerical results in Table (12) demonstrate a clear pattern of improvement in both the magnitude and
the length of the perturbation effect. The load shedding percentage among all scenarios decreases from
36% in the base case to 12% in Year 10, and the average restoration time (ART) also reduces from 24 h to
10 h. The average critical load reduction is over 76%, with the maximum gain achieved under DS10 (EMS
systems). These results indicate that the coordinated planning/hardening approach not only reduces the size
of service disruptions but also infiltration rate, enabling the urban energy system to evolve from a reactive
formation to a proactive, self-healing state of operations, consistent with resilience design tenets.
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Zone-Level Resilience Index Progression
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Fig. 11. Zone-level resilience index across planning horizon

Figure 11 presents the 10 year evolution of resilience index for each zone. The outcomes indicate gradual
enhancement of all zones due to the cumulative effect of the investment and hardening options in the plan.
Zone 1 and 4, that corresponds to the management and data/communications, achieve the highest raise in
resilience index (from 0.68 to 0.96 and 0.72 to 0.94, resp.) due to the targeted hardening of feeders and
local generation backup. Zones 2 (commercial) and 3 (residential) show more modest gains, to 0.91 and
0.89, respectively, by Year 10 due to storage deployment and enhanced inter-sector coordination between
the electricity and gas systems. Zone 5 (mixed use) achieves 0.87 at the end of the horizon, which
represents a well-balanced improvement via secondary network strengthening and somewhat dispersed
generation assistance. In general, the zone level indices affirm system wide trends expressed earlier that the
weighted resilience index rises from 0.73 in the baseline to 0.92 in Year 10. The results indicate that the
improvements in resilierice are spatially uniform and do not suggest any concentration in a few zones
which highlights an efficient distribution of investment and adaptive operations strategies throughout the
coupled system.
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System Response to Gas Supply Disruption (Scenario DS7)
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Fig. 12. Comparison of system response to gas supply disruption

Figure[ 112 shows the system behavior during a prototypical gas transport supply disruption (DS7) for both
the base and best case plans. The vertical-shaded regions separate disruption management into three
phases: detection and assessment (0—4 h), response execution (4—10 h), and restoration (10-24 h). In the
reference case, the load-shedding increases rapidly and reaches a peak of about 42[1% after five hours and
stays above the level of 3001% for over ten hours, which indicates a slow gas—electric coordination with a
lack of flexibility. On the other hand, the best- case system reduces maximum curtailment to 16%, has a
steeper recovery path, and returns to full service at about 24 h. The improvements are mainly from the
inclusion of gas storage capacity, network reconfiguration, and Power to Gas conversion operation mode
which enable temporal substitution among the fuel carriers. These modifications improve the flexibility
between the carriers and the recovery time after the perturbation is reduced. In summary, the results in
Fig.[112 demonstrate that the integrated cross carrier investment planning enhances the system resilience
under gas disruption events substaniially by decreasing the severity and duration of load curb while at the
same time sustaining the continuity of services in the electricity and heating sectors that are dependent on
it.

4-7-Sensitivity Analysis

A sensitivity analysis was conducted to study the impact of changes in some important financial and
technical parameters on the best investment decision and long—run performance of the integrated multi-
carrier system. The considered parameters are the discount rate, the fuel prices, the renewable capital cost,
the load growth rate, and the probabilities of disruption. Among these, the discount rate has the largest
impact in the total investment amount and the technology mix. Changing the discount rate from 4 % to 8 %
is the summary of Table (13). Capital intensive technologies with long term benefits, e.g. renewable
generation, storage systems and infrastructure hardening, are favored by a lower discount rate. When the
rate goes up the optimization favors shorter payback assets - mostly gas fired generation and network
expansions - and this brings down renewable and storage deployment. At 4% discount rate investment
reaches 2.12 billion USD, renewable capacity increases to 752 MW, and storage capacity to 1185 MWh,
giving a resilience index of 0.94. At an 8% rate total investment is reduced to 1.58 billion USD, renewable
capacity is decreased to 582 MW, and storage to 598 MWh and the resilience index decreases to 0.88. The
average operating cost increases accordingly from 39.2 to 45.2 USD/MWh due to increased reliance on
fuel based generation and less system flexibility.

Table (13) Sensitivity Analysis - Discount Rate Impact
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Discount Total Renewable Storage Capacity Hardening Year 10 Average Year 10
Rate (%) Investment Capacity Year 10 Year 10 (MWh) | Investment (MS$) Cost ($/MWh) Resilience
(B%) (MW) Index

4.0 2.12 752 1185 342 39.2 0.94
5.0 1.98 698 1048 315 40.5 0.93
6.0 1.85 670 872 287 41.8 0.92
7.0 1.72 625 725 258 43.5 0.90
8.0 1.58 582 598 225 452 0.88

In Figure(113 the results of a sensitivity analysis for natural gas price changes from[13.5 to 6.5
USD/MMBtu are shown. The analysis examines the impact of changes in fuel price on investment
decisions in renewable, combined heat and power (CHP) units, Power to Gas (P2G) installations, and on
overall system cost. As the gas prices rise, the renewable and P2G capacities increase slowly but steadily
and the gas reliant CHP capacity decreases. To be more precise, the renewable capacity increases
from(1612 MW at 3.5 USD/MMBtu to 785 MW at 6.5 USD/MMBtu. At the same time, the CHP capacity
is reduced from 298 1MW to 21500MW over the same interval, indicating a shift towards gas based
generation. Highlighting its emergence as a flexible conversion route that enables the leveraging of
renewables higher gas prices, P2G capacity grows from 88 MW to 142 MW. The total system cost shows a
mild increasing trend, rising from 8.52 billion USD to 9.82 billion USD as the price varies. This
demonstrates that while rising fuel prices encourage renewable investment, the higher capital costs
associated with these assets and route to other forms of conversion technologies offset a proportion of the
operational savings.
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Fig. 13. Investment sensitivity to natural gas price variations

The impact of an increase in annual electricity demand growth on total capacity planning, renewable
deployment, and overall financial commitment is presented in Table (14). The results indicate a growing
load growth results in a linear increase in capacity expansion and total capital, while the renewable
penetration is marginally constant up to the high level of growth. At a growth rate of 1.5 %, the total
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capacity attains 1458 MW in Year 10 with a renewable share of 56.2 % and an investment of 1.62 billion
USD. With a growth rate of 3 %, system capacity reaches 1825 MW, and investment climbs to 2.15 billion
USD ensuring sufficient supply and reserve margins. The corresponding reserve margin increases from
8.25 % to 10.12 %, such that the additional firm capacity is made available for maintaining the reliability
level under the high demand scenario. While the renewable share slightly decreases from 56 % to 53 %
with the highest growth rate, the decarbonization consistency of the model is kept. Results show that our
integrated planning formulation is able to adapt capacity mix and reserve margin to different load growth
patterns while incurring no/significant loss in renewables and reliability targets.

Table (14) Sensitivity Analysis - Load Growth Rate Impact

Annual Load Growth Year 10 Total Capacity Year 10 Renewable Share Total Investment Year 10 Reserve Margin
(%) MW) (%) (BS) (%)
1.5 1458 56.2 1.62 8.25
2.0 1582 55.8 1.75 8.68
2.3 1648 56.2 1.85 9.08
2.5 1705 55.5 1.92 9.35
3.0 1825 52.8 2.15 10.12

Figure 14 shows the sensitivity of all system investment results for different renewable energy penetration
targets from 40 % to 60 %. On the left axis, renewable and storage capacity needs are evolving, and on the
right axis is the average systems integration cost at each target level. With increasing renewable share,
renewable capacity increases from 512 MW to 795 MW, while the storage demand rises even faster — from
625 MWh to 1117 MWh — confirming the growing necessity for flexibility and balancing resources to
support elevated renewable shares. The related integration cost follows an increasing course, from 42.5
USD/MWh at 40 % penetration level to 51.2 USD/MWh at 60 %. This pattern is typical of the tradeoff of
reducing carbon and system economics. To reach higher renewable tairgets requires more investment both
in generation and in requisite storage and integration measures to provide assurances in the face of
variability in renewable supply. Results show that the cost increase over 55 % renewable share is getting
steeper due to increasing curtailment rate (growing trom 1.8 % to 6.5 %), which suggests diminishing
economic returns for each additional 5 % increase in renewable penetration.
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4-8-Scalability Analysis

The scalability of the proposed optimization framework is demonstrated by two sets of computational
experiments on system instances of growing size. Five typical test systems are derived from the benchmark
33 bus EDF configuration by increasing to a large scale 118 bus integrated electricity gas heat network.
The systems are scaled up each time by the same percentage on the heating and gas nodes, but keeping the
same structural ratios across energy domains. Detailed computational information on problem size (number
of total and binary variables as well as constraints), number of iterations for convergence, solution time,
memory consumption, and the final optimality gap can be found in Table (15). With an increasing system
size, the number of all variables increases from about[]146 thousand in 33 bus system to over(/1.12 million
in 118 bus system, and the number of binary variables increases from[18.4 thousand to 65 thousand. The
total number of constraints increases in the same way and is more than(]1.4 million constraints for the
largest one. As can be expected, the solution time increases with system size, from[114.7 hours for the base
case to[]125.2 hours for the 118 bus case, due to the increasing problem dimensions and number of
iterations to solution. Yet the rate of convergence is still in a reasonably good range of 28 and 48
iterations. Memory consumption increases in an approximately linear fashion and reaches a maximum of
1.54 GB for the largest instance, and the optimality gap remains below 1 %, corroborating the numerical
robustness of the proposed approach.

Table (15) Computational Scalability Analysis

System | Electrical Gas Heating Total Binary Constraints | Solution | Iterations Peak Optimality
Size Nodes Nodes | Nodes Variables | Variables Time | to Memory Gap (%)
I (his) Converge (GB)

33-bus 33 20 15 145,820 8,420 182,340 | 14.7 28 287 0.42
Base - \ S

57-bus 57 34 26 318,650 18,340 398,720 28.3 32 458 0.48

69-bus 69 42 31 425,380 24,650 531,850 42.8 35 612 0.52

89-bus 89 54 40 672,450 38_“20—_|_ 841,230 68.5 41 895 0.58
118- 118 72 53 1,125,840 65,180 1,408,950 125.2 48 1,542 0.68
bus L

The computational size scalability of the proposed solution framework with respect to system size (in terms
of electrical buses) is demonstrated 1 Figure 15. Solution time and peak memory usage grows nonlinearly
with increasing system size. The empirical data are fitted by power-law functions, enabling us to
determine the main computational trends. The solution time scales as something like a x n[] where the
fitted b is super linear. Similarly, peak memory usage exhibits a similar power-law behavior, with a larger
exponent due to the higher dimensionality of the scenario-based subproblems. These results illustrate that
the decomposition approach remains manageable at least for medium scale systems, while the
computational expense for large-scale problems is very high in term of both running time and memory
usage. The scalability results highlight the importance of parallelization, problem-specific cuts and less
detailed scenario representations when extending the tri-level stochastic model to much larger networks.
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Computational Time Scaling
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Fig. 15. Computational scalability with fitted power laws

The observed super-linear growth in computational time indicates that a fully centralized solution of the tri-
level model may become prohibitive for very large-scale systems (e.g., exceeding 200-250 electrical buses
within a fully integrated electricity-gas-heat network). This is an expected consequence of the model's
combinatorial complexity and high fidelity. For practical application to national or inter-regional planning,
the proposed framework can serve as a foundational module within a hierarchical or distributed planning
architecture. For instance, a large system could be decomposed into interconnected regions, each planned
using a local instance of the tri-level model, with coordination constraints enforced at the boundaries via
decentralized optimization algorithms. This would preserve the detailed representation of multi-carrier
interactions and resilience within regions while managing the overall computational burden. The
development of such multi-scale decomposition techniques constitutes a valuable direction for future
research, building upon the integrated planning paradigm established in this work.

4-9-Comparative Analysis

In this section, the tri-level stochastic optimization approach is compared with six alternative planning
methodologies to investigate the effects of multi-carrier integration, stochastic modeling, and resilience
internalization on overall system performance. The benchmarks encompass a range of philosophies for
handling uncertainty and resilience: independent planning (Benchmark 1), integrated but resilience-
agnostic planning (Benchmark 2), deterministic simplification (Benchmark 3), sequential decision-making
(Benchmark 4), worst-case robust optimization (Benchmark 5), and deterministic rule-based security
(Benchmark 6). A summary of numerical results is shown in Table 16.

Benchmark | —planning the energy carriers independently within a single area: the electricity, gas and
heating networks are planned individually, with no coordination between carriers. From Table 16, it can
be observed that this corresponds to a total NPV cost of 10.85 B$, being 19.5% higher than the suggested
technique. The additional cost is largely attributed to non-coordination across carriers which leads to
increased operational expenses and lower resilience index (0.78).

Benchmark 2 — Combined multi-carrier planning without resilience: This benchmark enables joint planning
of all carriers but omits resilience in the optimization formulation; resilience is evaluated solely by post-
processing the investment decisions. The total NPV cost is 9.3 2 BS$, which is 2.6% higher than our
proposed approach (Tablel6). The Year-10 resilience index is 0.84, meaning that neglecting resilience in
the planning phase results in inferior disturbance performance.

Benchmark 3 — Deterministic single-scenario optimization: Planning now is based on a single scenario,
and not the full stochastic set. The total is 9.58 B$, which is 5.5% higher than the proposed approach.
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When the solution is examined over the entire scenario set, it produces higher expected operation costs and
higher curtailment costs associated with limited flexibility. The Year-10 resilience index is 0.86.

Benchmark 4 — Progressive planning: The method captures the classical investment planning, then
operation optimization, and then resilience evaluation. The total NPV cost increases to 10.12 B$ (11.5%
above the proposed tri-level approach) as seen from Table 16. This framework misses the coupling of
investment, operation, and resilience, which results in inferior solutions. The final resilience index is 0.81.

Benchmark 5 — Worst-Case Robust Optimization (RO): This method employs a robust optimization
framework where the planner considers the worst-case realization from a bounded uncertainty set of
operational and disruption parameters, without assigning probabilities. The objective is to minimize
investment and operational costs under this worst-case scenario, leading to a plan that is immunized against
extreme outcomes but potentially overly conservative.

Benchmark 6 — Deterministic N-1 Security Criterion: This benchmark represents a standard rule-based
reliability approach. The system is planned to meet all demand under the loss of any single critical
component (N-1 contingency) in a deterministic setting. Resilience to high-impact events involving
multiple failures or cross-carrier cascades is not explicitly modeled or co-optimized.

Table (16) Comparison with Alternative Planning Methodologies

Approach Total Investment Operating Resilience Year 10 Year 10 Solution
NPV Cost (BY) Cost (BS) Cost (BS) Renewabie Resilience Time (hrs)
Cost (B$) (%) Index

Proposed Tri-level | 9.08 1.85 6.82 0.41 [ 562 0.92 14.7

Single-carrier 10.85 1.92 8.28 0.65 —I 18.5 0.78 42

Independent DA

Multi-carrier No 9.32 1.72 7.15 0.45 54.8 0.84 12.8

Resilience . N

Deterministic 9.58 1.68 7.35 T 0.55 52.2 0.86 2.5

Single Scenario -

Sequential 10.12 1.78 7.68 0.66 50.8 0.81 8.3

Planning o

Worst-Case 10.41 2.15 AT 1.14 51.5 0.93 9.1

Robust

Optimization N\

Deterministic N-1 | 9.87 | 1.95 7.25 0.67 49.1 0.82 3.8

Criterion N ¢

The results from the two additional benchmarks provide critical insights. Benchmark 5 (Robust
Optimization) yields the highest investment and total resilience cost due to its focus on preparing for the
absolute worst-case scenario, resulting in significant over-investment in redundancy and hardening. While
it achieves a resilience index (0.93) comparable to the proposed method, it does so at a 14.6% higher total
cost, demonstrating the economic inefficiency of pure worst-case planning when probabilistic information
is available. Benchmark 6 (Deterministic N-1) performs better economically than the robust approach but
fails to match the proposed framework, with a 8.7% higher total cost and a lower resilience index (0.82).
This is because the N-1 criterion, while improving baseline reliability, does not account for the probabilistic
nature of disruptions, cross-sectoral cascades, or the value of operational flexibility for recovery, leading to
under-investment in the very storage and conversion assets that enable cost-effective resilience.

Figure 16 shows a decomposition of the investment, operation and resilience cost for each of the five
planning schemes considered before. The results illustrate how the distribution of system costs is
influenced by the choice of model. The proposed tri-level scheme results in the minimum total cost, which
benefits from the moderate investment levels and the lowest operating costs. The cost for r-elated
component is minimal as compared to other approaches due to more efficient planning of flexible and
robust systems. For the single-carrier independent planning, the operating cost is high, which results in the
biggest total cost with all the approaches. This outcome is consistent with the absence of coordination
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across energy carriers. The multi-carrier planning (non-resilience) model decreases evolving cost for the
single carrier problem, but increases resilience cost as perturbations are not considered and accounted for in
investment planning, while uncertainty is not accounted for. The deterministic single-scenario curtailment
approach also yields low investment costs; yet the component relating to operating and resilience is larger
than in our approach. This suggests that when applying simplified deterministic models, the needed
flexibility is underestimated. Lastly, the sequential planning approach produces a cost pattern comparable
to the deterministic approach, but its corresponding operating and resilience cost components are higher
because it cannot perform joint optimization of investment, operation and resilience.

Total System Cost Comparison Across Planning Approaches

s Investment $10.85B
W Operating

B Resilience $10.12B

10 A

$9.08B

NPV Cost (Billion $)

Proposed Single-carrier Multi-carrier Deterministic Sequential
Tri-level Independent No Resilience Single Scenario Planning

Fig. 16. Cost breakdown comparison across planning methodologies

Figure 17 demonstrates the resuits of the planning solution for the four versions of the regional system
model: the baseline, the high-wind-resource system, the urban heating-dominant system, and the high-
threat operating environment. Three metrics are considered: the cost savings over traditional planning, an
enhancement in the resilience index, and penetration of renewable energy at year 10 of operation. The
percentage reduction in cost occurred between 9.8% and 14.5%, the greatest reduction was found in the
high-wind-resource configuration, which resulted from the more availability of cheap renewable
generation. In addition, resilience enhancements are between 0.12 and 0.19, with the maximum
enhancement realized in the high-threat environment where the model invests more in flexible and robust
assets. In the high-wind case, renewable penetration attains 68.5%, while in the urban heating scenario
slightly less integration is achieved due to greater thermal demand and coupling requirements.

57



Cost Savings vs Traditional Planning Resilience Enhancement Year 10 Renewable Integration
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Fig. 17. Performance across different regional system configurations
4-10-Robustness of Scenario Selection and Algorithmic Convergence

A valid concern in stochastic optimization is whether the set of considered scenarios is sufficiently
representative to ensure robust planning decisions. This subsection explicitly addresses the robustness
guarantees inherent in the proposed C&CG framework and provides empirical evidence from our case
study.

Algorithmic Guarantee of Representativeness: The C&CG algorithm does not merely evaluate a static, pre-
selected list of scenarios. Its iterative structure embeds a robustness assurance mechanism. In each iteration,
the resilience subproblem (third level) acts as an adversarial oracle. For a given investment plan, it
identifies the disruption scenario & € =—from the entire defined probability distribution—that leads to the
highest system cost (primarily via load curtailment). If this identified "worst-case" scenario demonstrates
that the current investment plan is suboptimal or infeasible, it is incorporated into the master problem via
an optimality cut (Eq. 6b). This process ensures that the final investment plan is not just optimal for a fixed
set, but is provably robust against the most challenging scenarios discoverable from the underlying
uncertainty model. Convergence is achieved only when no new scenario can be found that meaningfully
violates the plan's optimality or feasibility, guaranteeing that all critical risk drivers have been addressed.

Empirical Validation from Case Study Execution: The execution of the algorithm for our test system
confirms this property. The process was initialized with a small set of 7 representative scenarios (3
operational, 4 disruption) chosen via k-means clustering. Over 28 iterations, the subproblems identified and
the master problem incorporated additional critical scenarios. The final solution, therefore, accounted for a
broader set of challenging futures than the initial list. The convergence to a tight optimality gap (0.42%)
under this process confirms that the resulting plan is economically robust and resilient. The number of
scenarios in the initial pool is thus a starting point for the algorithm; the C&CG mechanism itself ensures
the final solution's robustness by dynamically expanding the considered set to include all scenarios that are
pivotal for the investment decisions.

Sensitivity to Scenario Set Generation: To further validate that our results are not an artifact of a particular
initial scenario sample, we conducted an additional sensitivity test. We re-ran the C&CG algorithm from
three different initial scenario sets (derived from different random seeds for the clustering algorithm).
While the specific "critical scenario” sets identified during iteration differed slightly, the final investment
decisions, total NPV cost (variation < 1.2%), and Year-10 resilience index (variation < 0.02) showed
negligible sensitivity. This confirms that the algorithm consistently converges to the same robust planning
strategy regardless of the initial scenario sample, as it is driven by the underlying optimization structure and
uncertainty distributions, not by the initial sample list.

In summary, the robustness of the optimal plan generated by our framework is ensured by the adversarial
cut-generation logic of the C&CG algorithm, not by an exhaustive a priori enumeration of scenarios. This
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makes the approach both computationally tractable and fundamentally robust for integrated energy system
planning under deep uncertainty.

5-Conclusion and Future Work

This paper has developed a stochastic tri-level optimization framework that covers the planning for
electricity, gas, and heating systems, considering resilience aspects explicitly. The presented model
performs joint optimization of investment decisions, operational dispatch, and post-disruption
reconfiguration strategies over an extensive set of operational and disruption uncertainties. The use of a
customized column-and-constraint generation algorithm, with decomposition and acceleration techniques
embedded, confirmed the computational feasibility of the complicated problem structure for the real-size
test systems. A pivotal contribution is the formulation of resilience not as an external constraint or a post-
hoc assessment, but as an endogenous, optimizable objective integrated within the economic planning
calculus. This allows for explicit monetary trade-offs between preventive investments and the expected cost
of disruptions, ensuring that resilience measures are economically justified and that operational flexibility
is leveraged to enhance system robustness. This approach marks a shift from treating resilience as a
qualitative add-on to making it a core, quantitative driver of cost-effective infrastructure design. The results
show unambiguously that the integrated and resilient aware planning solution results in great improvements
over the conventional approaches. Over a ten-year planning period, the results show that the maximum
renewable energy penetration can be increased from 18% to 54%, the operating cost can be reduced by
8.4%, and the total expected resilience penalties can be decreased by more than 40%.This highlights the
importance of synergistic investment coordination across energy carriers and the integration of resilience as
a fundamental objective in the planning process for a more sustainable, cost-effective, and resilient multi-
energy system. Several avenues for promising future work are pointed out. First, the model can be
extended to reflect a more detailed level of distribution networks, and to consider new energy carriers such
as hydrogen which is expected to have a meaningful contribution in long-term storage and sector coupling.
Second, the methodology could be generalized to include dynamic and adaptive investment pathways in the
face of deep uncertainty by employing approaches such as robust optimization or multi-stage stochastic
programming with the use of decision rules. Third, a promising direction for future research can be the
investigation of the interplay between decentralized market mechanisms and the potential contribution of
active demand-side response to system robustness. Finally, it is also a promising direction to develop more
sophisticated decomposition algorithmis and learning-based scenario reduction methods to further enhance
computational efficiency, which wiil facilitate application of the proposed framework to even larger size
national level integrated cnergy systems. The current model optimizes infrastructure and operational
response. A vital extension 1s to incorporate active demand-side participation during disruptions, modeling
adaptive consumer behavior, emergency demand response, and the value of community engagement. This
would integrate the human dimension of resilience into the planning framework, leading to potentially
more robust and cost-effective solutions that leverage both supply-side and demand-side resources.

Data availability

The data and materials used in this study are available from the corresponding author, Taher Niknam, upon
reasonable request. Please contact niknam@sutech.ac.ir.
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