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Abstract

The rising frequency and intensity of extreme weather events introduce deep climate uncertainties that fun-
damentally challenge the resilience of urban power systems. Conventional deterministic planning approaches are
ill-suited to capture such uncertainties, often leading to maladaptive investments and system vulnerabilities. We
develop a data-driven robust planning framework to cope with climate uncertainties in power system. Specifically,
a hybrid framework combining a Graph Neural Network and a Conditional Generative Adversarial Network (GNN-
c¢GAN) is utilized to capture the spatiotemporal couplings of multiple meteorological variables, which provides a
more realistic characterization of deep climate uncertainties and compound extreme events. According to the Min-
imax Regret (MMR) criterion, a two-stage robust planning model is proposed to balance economic efficiency with
extreme climate resilience, which can effectively mitigates the excessive conservatism and prohibitive investment
premiums of traditional robust optimization. Applied to Lvliang City, China, the results demonstrate that the
proposed approach improves system resilience by avoiding investment lock-in and reducing the risk of performance
degradation under extreme conditions. Compared to conventional planning methods, the framework achieves a
more balanced trade-off between economic efficiency and climate adaptability.
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1. Introduction

Amidst global efforts to combat climate change and accelerate energy transition, variable renewable energy
(VRE), primarily wind and solar, is becoming central to future power systems (Zheng et al., 2025). However, its
strong intermittency and weather dependence pose significant challenges to system reliability and economic viability.
Traditional capacity expansion planning methods, which rely heavily on deterministic assumptions, are increasingly
inadequate under changing climate conditions (He et al., 2016; Alqurashi et al., 2016). As historical data no longer
reliably reflects future extremes (Perera et al., 2020), the heightened meteorological sensitivity associated with

large-scale integration of VRE has complicated real-time supply-demand balancing (Lund et al., 2015; Impram
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et al., 2020) and reshaped the planning paradigm (Hirth and Ziegenhagen, 2015; Shair et al., 2021). Speci cally,
the rising frequency and intensity of compound extreme climate events (Fang et al., 2025) can lead to abrupt output
drops and large-scale blackouts (Xu et al., 2025), severely threatening energy system resilience (Panteli et al., 2017;
Sturmer et al., 2024). Therefore, endogenously incorporating future climate uncertainty, especially high-impact,
low-probability (HILP) extreme weather risks, has emerged as a critical frontier in power system modeling (Bennett
et al., 2021; Yang and Wen, 2005; Khodaei et al., 2015; Sinsel et al., 2020).

The vulnerability of highly renewable power systems is magni ed during extreme climate events, which often
trigger simultaneous disruptions in wind and solar generation while driving spikes in energy demand. This compound
shock is most destructive at the city level, where the power grid serves as the backbone for highly interdependent
critical infrastructures, including healthcare, communications, and water supply (Kjglle et al., 2012; Nik et al.,
2021). Consequently, sudden mismatches in supply-demand driven by climatic factors can easily precipitate system
failures and result in socioeconomic losses (Zhuang et al., 2026; Paredes-Vergara et al., 2025; Jasunas et al., 2021).
To safeguard urban resilience, planning paradigms evolve toward coordinated source-grid-load frameworks that
leverage demand-side exibility to absorb these meteorological shocks (Impram et al., 2020; Denholm and Hand,
2011). Relying on deterministic models leaves urban grids exposed to high-impact extreme events (Ghodeswar et al.,
2025), whereas blindly hedging against absolute worst case scenarios yields prohibitive investment premiums that
can inadvertently hinder regional decarbonization e orts (Chen et al., 2022). Therefore, developing a robust plan-
ning framework that strategically adapts deep climate uncertainty, striking an optimal balance between economic
e ciency and resilience to extreme weather events, is urgently required.

To overcome deterministic planning limitations, stochastic programming (SP) and robust optimization (RO)
have been widely adopted. For instance, Gu et al. (2026) developed a multistage stochastic framework to minimize
expected costs. However, SP often struggles with unprecedented extremes under deep uncertainty (Dupa£ova,
2002), while traditional RO can be excessively conservative by focusing solely on worst-case scenarios (Yazdani
et al., 2023). This paper proposes a data-driven methodology using physically-de ned extreme states to identify
city level resilient portfolios. Our contributions are twofold: 1) a GNN-cGAN model generating physically consistent
climate scenarios that capture compound extremes at city level; and 2) a two-stage Minimax Regret (MMR) model
that integrates climate uncertainty into the SWITCH framework via Benders decomposition.

The remainder is structured as follows: Section 2 reviews related work; Section 3 details the assessment frame-
work, covering scenario generation, load forecasting, and the bi-level optimization model; Section 4 applies this

framework to Lvliang City's power planning; and Section 5 concludes.

2. Literature Review

Capacity expansion planning models are increasingly inadequate under growing climate uncertainty since they
grounded in deterministic assumptions (He et al., 2016; Alqurashi et al., 2016). Heightened meteorological sensitivity
with large-scale integration of VRE has complicated real-time supply demand balancing (Lund et al., 2015; Impram

et al., 2020) and reshaped the planning paradigm (Hirth and Ziegenhagen, 2015; Shair et al., 2021). More critically,



climate change ampli es High-Impact, Low-Probability (HILP) events, which can trigger widespread blackouts
through concurrent load surges and generation shortfalls (Perera et al., 2020; Panteli et al., 2017; Stirmer et al.,
2024). Addressing these challenges requires a transition from capacity-centric optimization toward resilience-oriented
planning that explicitly captures deep spatiotemporal uncertainties (Yang and Wen, 2005; Khodaei et al., 2015; Sinsel
et al., 2020). Evolving from a passive role, active load-side Demand Response (DR) (Impram et al., 2020) provides
exibility that defers grid investments and mitigates the declining market value of VRE (Konstantelos and Strbac,
2015; Hirth and Ziegenhagen, 2015). This drives a shift toward coordinated source grid load planning (Denholm and
Hand, 2011), although such frameworks introduce deep spatiotemporal coupling and high computational complexity
(Giannelos et al., 2018). Consequently, existing stochastic programming struggles to balance this complexity with
adequate tail risk representation, necessitating advanced uncertainty modeling techniques.

With consideration of uncertainties capacity expansion planning models, stochastic Programming (SP) minimizes
expected costs through scenario trees (Alqurashi et al., 2016; Khodaei et al., 2015), while Chance-Constrained
Programming (CCP) ensures reliability within probabilistic thresholds (Yang and Wen, 2005; Cao et al., 2018).
However, both methods are vulnerable under deep uncertainty, they require precise distributions that historical
data cannot provide under unprecedented climate extremes, and su er from exponential scenario growth (Zhao and
You, 2021). Robust Optimization (RO) avoids probabilistic assumptions by hedging against worst-case realizations
(Conejo and Wu, 2022; Dong et al., 2011), ensuring strict reliability (Gao et al., 2018; Xie et al., 2020) but at
the cost of excessive conservatism, often yielding prohibitive investment premiums (Liu et al., 2021). We adopt
the MMR criterion, which minimizes the gap between the current and ex-post optimal decisions, thereby guarding
against catastrophic losses under extreme scenarios while avoiding the economic ine ciencies inherent to worst-case
protection (Jiang et al., 2013). Regardless of the optimization paradigm, decision e ectiveness is fundamentally
contingent upon the physical delity and representativeness of the evaluated uncertainty sets (Wang et al., 2023).
Therefore, addressing these modeling challenges necessitates both an advanced optimization criterion and a highly
reliable scenario generation method.

In spatiotemporal scenario generation, decision quality fundamentally depends on how well input scenarios
capture future uncertainties. While traditional statistical models (e.g., ARMA, Copula) fall short in handling high-
dimensional nonlinearities (Chen et al., 2019; Diaz et al., 2016), Generative Adversarial Networks (GANs) have
advanced distributional learning (Wang et al., 2025; Morales et al., 2010). Yet, standard GANs often overlook
spatial dependencies among distributed resources, risking underestimation of correlated regional failures (Lai et al.,
2018). Graph Neural Networks (GNNs) address this by modeling topological correlations in non-Euclidean spaces
(Kipf and Welling, 2017), with Spatio-Temporal GNNs further capturing both temporal evolution and spatial
dynamics (Yu et al., 2018; Li et al., 2018). Enhanced by Graph Structure Learning, these models can adaptively
infer latent dependencies, enabling high- delity reproduction of extreme weather patterns without relying on perfect
prior topology (Wu et al., 2020; Deng and Hooi, 2021).

Despite notable progress, reliant on deterministic or oversimpli ed stochastic scenarios cannot adequately cap-

ture compound risks from extreme climate events, while optimization paradigms often struggle to reconcile compu-



tational e ciency with solution conservatism, and integrating deep-learning-derived spatiotemporal scenarios into
robust planning frameworks remains challenging, hindering the formation of a closed data-driven decision loop.
Thus, we propose a data-driven robust planning methodology that fuses GNN-cGAN scenario generation with the
MMR criterion to identify resilient, climate-adaptive investment portfolios at city level, which supports resilient

city development under extreme climate conditions.

3. Methodology Framework

The proposed framework couples high- delity scenario generation with a bi-level robust optimization structure
(Fig. 1). Through a decomposition mechanism, it upgrades the SWITCH power system planning model from a

deterministic simulator to a stochastic-resilient decision tool, comprising two core modules:

(1) High-Fidelity Climate Scenario Generation (Input Layer): This module integrates Graph Neural Net-
works with Conditional Generative Adversarial Networks to generate physically consistent, high- delity climate
scenarios. By learning complex spatiotemporal dependencies, it produces diverse scenario sets that serve as

boundary inputs for subsequent power system stress testing.

(2) Minimax Regret-Based Robust Planning (Decision Layer): A two-stage robust optimization model is
developed to manage the trade-o between investment economy and system resilience. In Stage | (Investment),
optimal capacity expansion is determined to minimize the maximum regret across the scenario set. Stage Il
(Operation) then leverages the SWITCH model as a high-resolution operational solver to verify supply-demand

feasibility and quantify costs for each climate scenario.

3.1. Data-Driven Uncertainty Modeling
3.1.1. Data-Driven Climate Scenario Generation

To quantify the uncertainty of future meteorological conditions, the proposed scenario generation module
generates high- delity climate time-series data by learning a generative mapping from historical observations

Sim ;:::;St, and conditional cues y (e.g., month, season labels) to future scenarios:$;:::;Swn that maxi-

tivariate spatio-temporal modeling challenge is addressed through a data-driven framework combining GNNs and
Conditional Generative Adversarial Networks (cGAN). By treating the meteorological vector S; 2 R™, where m is
the number of core meteorological variables, as a graph signal on a dynamic correlation graph, the GNN captures
complex multivariate dependencies across both feature and temporal dimensions. The proposed architecture embeds
GNNs within the cGAN adversarial framework (Fig. 2) to ensure high- delity climate scenario reproduction.

To explicitly capture the intrinsic correlations among multivariate meteorological variables, we abstract the high-
dimensional time series as a dynamic correlation graph G(t) = (V; E; W). Moving beyond traditional approaches
constrained by prede ned static adjacency matrices, we embed Graph Attention Networks (GAT) within both

the cGAN's generator and discriminator to dynamically capture latent asymmetric dependencies. Speci cally, the



Figure 1: Framework of scenario generation and two-stage robust optimization process.

Figure 2: Architecture and training logic of the GNN-cGAN for climate scenario generation.



generator employs a Recurrent Graph Neural Network (RGNN) architecture, integrating GAT with Gated Recurrent
Units (GRU) to jointly model spatial multivariate coupling and temporal evolution. To ensure training stability
and enforce physical consistency, this adversarial training is optimized using the Wasserstein distance with Gradient
Penalty (WGAN-GP) alongside a customized feature matching loss (Qiu et al., 2023). This combination drives the
generator to emulate the real meteorological process in both probability density and statistical moments. Complete
theoretical and mathematical formulations are detailed in Appendix B.

The GNN-cGAN is trained on ERA5 reanalysis data (2000 2024) (Mufioz Sabater, 2019). The optimized gener-
ator is embedded in a Monte Carlo framework to generate 10,000 high- delity annual climate scenarios. Compared
to limited historical records, this high-density augmentation of the climate distribution e ectively mitigates small-
sample bias, ensuring the statistical stability and representativeness of the extracted typical and extreme states.
This scenario repository supports rigorous post-optimization validation: simulating system operations across di-
verse meteorological conditions yields reliability metrics, e.g. Loss of Load Probability (LOLP) and Energy Not
Served (ENS), to assess whether the planning decisions ensures supply reliability within acceptable bounds. To
incorporate these high-dimensional scenarios into a computationally tractable planning framework, the generated

data are categorized based on meteorological intensities to construct a discrete scenario tree.

3.1.2. Construction of Climate Scenario Tree and System Inputs

The planning horizon is segmented into year-based intervals with a decision node at each stage. Le{, Nlenote
the total number of decision stages and N denote the number of discrete climate states extracted from the generated
pro les at each stage (e.g., Typical Data Year (TDY), Extremely Warm Year (EWY), and Extremely Cold Year
(ECY) based on Perera et al. (Perera et al., 2020)). As illustrated in Fig. 3, this yields a multi-stage scenario
tree rooted in a baseline, generating (N)N» distinct pathways that span stable typical conditions to sequences of
persistent extremes. The resulting scenario structure ensures that both typical patterns and extreme climate events
are systematically incorporated into the optimization, providing a rigorous stress-test for the subsequent Minimax
Regret optimization. Temperature extremes are selected as the primary benchmarks for identifying extreme states
due to their dominance over urban load surges, while the GNN-cGAN captures the physically coupled variations in
wind and solar potential under these stress conditions.

Once the scenario tree is established, the meteorological conditions of each discrete pathway must be translated
into boundary parameters for the power system optimization. To operationalize this, we quantify the impact of
generated meteorological scenarios on two critical system inputs, electric load and renewable generation potential.
To ensure physical consistency under extreme climate conditions, hourly load is predicted using a pure weather-
driven deep learning model (Bi-LSTM) that relies solely on meteorological variables, independent of historical load
features. Wind and solar capacity factors are derived from physical models applied to the same meteorological
outputs. This phase yields core inputs for the subsequent SWITCH optimization model. Detailed methodology,

including model architecture and physical formulations, is provided in Appendix C.



Figure 3: Data-driven spatiotemporal uncertainty modeling framework

3.2. Two-Stage Robust Planning Model

We formulate the generation capacity expansion problem under deep climate uncertainty as a two-stage robust
planning model based on the Minimax Regret (MMR) criterion. The goal is to identify an initial investment
strategy that minimizes the maximum regret across all potential climate pathways within the constructed scenario
tree. Regret represents the opportunity loss: the gap between the total system cost of the adopted plan under
a speci ¢ uncertainty realization, and the cost of the ex-post optimal plan (e.g. the plan that would have been
selected had that realization been known beforehand). By optimizing this metric, the model balances the economic
e ciency of the base plan with its adaptability to extreme climate events. The formal mathematical structure is

de ned as follows:
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where the total system cost Goiais (X) under scenario s is determined by the coupling of investment and operational

decisions: !
X X
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The second-stage operational cost &, (X ) represents the minimum system operation cost under a specic



climate trajectory s, formulated as a sub-optimization problem:

X
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In this formulation, B ¢ is a constant parameter representing the optimal baseline cost for scenario s under

perfect information, pre-calculated as:
Bs =minfCiny (X)+T 0p(Xiys) I X 25y s 2Y(Xis)g (7

where Equation (1) minimizes the maximum regret cost to ensure that the investment decision remains robust
against distributional ambiguity. Constraint (2) de nes the feasible investment space by incorporating physical
capacity limits and carbon emission caps. Constraint (3) guarantees the existence of a feasible dispatch solution
for every scenario s in the uncertainty set , thereby ensuring system reliability under diverse meteorological
patterns. This nested optimization framework identi es a resilient investment portfolio X that avoids both excessive

conservatism and catastrophic failure under extreme conditions.

3.3. Solution Strategy for Minimax Regret Optimization Problem via Benders Decomposition

The problem involves coupled investment-operation timescales and a nested minimax structure, where the
operational cost Q;, (X) is an implicit function of the investment decision X, making direct solution computationally
prohibitive. To maintain solvability and computational e ciency in large-scale power grid contexts, an improved
Benders decomposition is thus employed, decoupling the problem into an investment master problem (MP) and an
operation subproblem (SP). Speci cally, The MP determines a system-wide capacity plan to minimize the maximum
regret, while the SP, solved by the SWITCH model, assesses this portfolio across diverse extreme climate scenarios
and feeds operational constraints back as Benders cuts. By iteratively incorporating these dynamically generated
cuts into the MP, the algorithm progressively re nes the approximation of the true regret cost curve. The detailed
mathematical formulations, derivations of the optimality cuts, convergence proofs, and pseudocode are detailed in

Appendix D.

4. Case Study

4.1. Lvliang Data Description

We validate the proposed framework through a case study of Lvliang City, Shanxi Province. Initial hourly
demand pro les for 2025 are derived by downscaling provincial macroeconomic projections from the National Devel-
opment and Reform Commission (NDRC) (National Development and Reform Commission, 2019). For subsequent
periods, hourly load pro les under di erent climate states are dynamically predicted by Bi-LSTM model. This
ensures strict synchronization with the meteorological scenarios generated by the GNN-cGAN, e ectively capturing

the non-linear climate-demand coupling.



To generate the synthetic wind, temperature, and solar pro les required for capacity expansion simulations, we
train the GNN-cGAN model utilizing 25 years (2000 2024) of meteorological reanalysis records from the ERA5
dataset (Mufioz Sabater, 2019) and the National Climate Center (National Climate Center, 2024). Furthermore,
to accurately capture nonlinear load surges during extreme weather events, we incorporate a physical correction
mechanism based on temperature sensitivity. This mechanism calibrates demand responses to heatwaves and cold
spells in accordance with local heating and cooling policies.

On the supply side, technical parameters for thermal units are sourced from the Global Coal Plant Tracker
dataset (Global Energy Monitor, 2024), while renewable potentials are constrained by regional land-use data.
Additionally, we explicitly model industrial Demand Response (DR), scaling its available capacity based on the
economic footprint of Lvliang's energy-intensive sectors (e.g., electrolytic aluminum processing) as reported in
the Lvliang Statistical Yearbook (Lvliang Municipal Bureau of Statistics, 2020). Detailed parameter settings are

provided in Appendix E.

4.2. Validation of Extreme Scenario Generation

To verify the delity of GNN-cGAN generated scenarios, we conduct multi-dimensional comparisons between the
generated scenarios and ERA5 reanalysis data (2000 2024) (Mufioz Sabater, 2019). We use Wasserstein Distance
(WD) to quantify distributional discrepancies, with the normalized relative error (RE) de ned as RE = %,
where Dmax and Dp, are the physical boundaries of each variable.

As shown in Fig. 4, the model accurately preserves key physical couplings, such as temperature-irradiance
(Real: 0.41 vs. Gen: 0.44) and wind-irradiance correlations (Real: 0.39 vs. Gen: 0.46), while maintaining near-
zero coe cients for weakly correlated features. Furthermore, Fig. 5 and Table 1 demonstrate that the generated
distributions closely align with historical ground truth. All RE values remain below 4%, con rming that the
GNN-cGAN can generate physically consistent and statistically high- delity extreme states that exceed routine

operational ranges.

Table 1: WD Score and Error Metrics for Key Variables.
Variable WD Score Data Range Relative Error

rsds 18.48 0 1012 1.83%
temp_c 2.00 -23 38 3.28%
v80m 0.59 0 24 2.46%
pr 0.40 0 10 4.00%

4.3. Robustness Assessment and Cost-Reliability Trade-o Analysis

To rigorously evaluate planning scenario performance and vulnerability, this section conducts a multi-dimensional
operational stress test.Here, we de ne Deterministic (DET) models as benchmark solutions optimized for a single

climate trajectory with perfect foresight. The 27 generated pathways are categorized into two groups: 9 Grim



Figure 4: Veri cation of physical coupling characteristics.

Scenarios that begin with Extremely Cold Year (ECY) in 2030, representing periods of high demand and low
VRE availability, while 18 Gentle Scenarios begin with Typical or Extremely Warm Years (TDY/EWY). This
division enables targeted assessment of the MMR scenario's resilience against high-risk, coupled supply-demand
imbalances, comparing it against DET benchmarks speci cally for grim or gentle conditions. Fig. 6 illustrates the
regret distribution for the MMR model and all 27 DET con gurations. Serving as a direct metric for robustness,
the regret values clearly validate the superiority of the MMR framework in mitigating risk. The MMR regret
distribution exhibits a highly concentrated spread, with a maximum regret substantially lower than that of any
DET counterpart. This con rms that strategic hedging during the initial investment stage successfully constrains
risk exposure across most potential climate evolution paths, ensuring robust decisions under deep uncertainty.

To evaluate the performance of the MMR scenario under di erent macro-climate scenarios, we benchmark it
against three representative DET solutions at the initial 2030 decision node: DEF'™ , DET'" |, and DETWT .
These benchmarks assume typical data years for subsequent periods, which isolates the impact of the initial 2030
climate shock on long-term investment robustness (full results for all 27 pathways are provided in Appendix G). Fig.
7 illustrates the cumulative installed capacity con guration of the four planning scenarios at di erent decision nodes,
the capacity con guration of the DET scenarios exhibits signi cant path lock-in risks, as their capacity expansion
strategies are highly dependent on the initial climate state assumed in 2030. The investment in grim scenarios prior-
itizes winter supply reliability, which results in a massive wind power capacity surge in 2030. However, this scenario
su ers from severe investment stagnation, with no additional capacity expansion from 2030 to 2040. In contrast,
decisions guided by optimistic scenarios re ect a conservative investment logic focused on minimizing upfront costs,
resulting in persistently low capacity expansion and delayed resource deployment (e.g. the DET' scenario). By
maintaining a balanced wind-solar-storage mix from the outset and leveraging resource complementarity, the MMR

scenario strengthens resilience and sustains continuous growth rather than reactive, one-o adjustments, which
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Figure 5: Comparison of probability density curves between real data and generated data.
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