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ABSTRACT

Recent geopolitical disruptions and extreme weather events have underscored the importance of
resilience in global energy supply chains, particularly for import-dependent economies pursuing
ambitious energy transition targets. These events have exposed the limitations of supply chain
designs focused solely on cost minimization that lack the flexibility and redundancy required for
secure operation under stress. As energy systems evolve toward higher shares of variable renew-
able energy and increased demand uncertainty, episodic manual re-planning becomes inade-
quate, highlighting the need for modeling frameworks that integrate predictive modeling, optimi-
zation, and control to enable intelligent and adaptive supply-chain design and operations under
uncertainty. This work presents a comprehensive data-driven modeling and optimization frame-
work for adaptive energy supply-chain networks under evolving demand. The framework inte-
grates three layers: (i) a machine-learning model for demand forecasting and scenario generation;
(i) a multi-period stochastic optimization model for strategic network design and operations; and
a (iii) learning layer that monitors performance metrics and triggers strategic recourse when de-
mand patterns shift significantly. The operational stage, which acts as a learning layer, is posed
as a rolling horizon control problem determining necessary recourse decisions to adapt to changes
in demand patterns. An illustrative case study, encompassing multiple energy generation hubs,
energy carriers and transportation modes is shown to demonstrate the applicability of the frame-
work.
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INTRODUCTION

Recent years have highlighted the critical im-
portance of resilience in global energy supply chains, as
geopolitical conflicts and natural disasters have exposed
structural vulnerabilities, particularly in import-depend-
ent economies pursuing ambitious energy-transition tar-
gets. These disruptions have revealed the risks of supply
concentration and supply-chain network designs fo-
cused primarily on cost minimization, which often lack the
flexibility and redundancy required to ensure secure and
reliable operation under stress. As energy systems
evolve toward higher shares of variable renewable

https://doi.org/10.69997/sct.106345

energy and increased demand uncertainty, the intermit-
tency of renewable generation and emerging electrifica-
tion trends exacerbate spatio-temporal supply-demand
mismatches, motivating energy supply-chain networks
with seasonal storage as a multi-scale systems integra-
tion solution connecting resource-abundant regions to
industrial demand centers [1, 9]. Moreover, the rising fre-
quency of disruptions and changing demand patterns
render episodic, manual re-planning inadequate, moti-
vating the need for continuous, data-informed, and
adaptive decision-making frameworks.

The process systems engineering community has
developed a broad range of methodologies for planning
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and operating energy and process systems under uncer-
tainty. Foundational work established stochastic optimi-
zation frameworks for process synthesis and multi-pe-
riod supply chain planning under uncertainty [2, 3], in-
cluding applications to hydrogen and energy carrier sup-
ply chains [4]. At the operational level, model predictive
control (MPC) has been widely adopted for real-time en-
ergy system scheduling using receding-horizon formula-
tions [5]. More recently, data-driven approaches have
emerged that integrate machine learning with mathemat-
ical programming, enabling forecasting-informed optimi-
zation and scenario-based planning under deep uncer-
tainty [6-8]. Despite these efforts, the disruptions faced
in the recent decade have revealed the risks of supply
concentration and supply-chain network designs fo-
cused solely on cost minimization, lacking flexibility and
redundancy. As the power grid has been expanding with
intermittent renewable energy sources and the pace and
frequency of disruptions rise in supply-chain networks
and demand patterns change, episodic manual re-plan-
ning proves increasingly insufficient, motivating the need
for systems that anticipate short-horizon changes and
continuously update operating decisions. Addressing
these challenges calls for a shift from static planning to
continuous, data-informed, proactive operations capable
of adapting as conditions evolve. Therefore, there is a
clear need for modeling frameworks that integrate pre-
dictive modeling, optimization, and control to design and
operate intelligent supply-chain networks.

In this research, we present a data-driven model-
ing and optimization framework for the design and oper-
ation of adaptive energy supply-chain networks under
uncertainty. The framework integrates rolling demand
forecasting and scenario generation, multi-period sto-
chastic optimization, and a learning-based recourse
mechanism to enable proactive adaptation of supply-
chain structure and operations. An illustrative case study
with multiple energy hubs, energy carriers, and transpor-
tation modes is used to demonstrate the applicability of
the proposed approach.

METHODOLOGY

The framework features: (i) a machine-learning
model that provides rolling demand forecasts and sce-
narios for stochastic optimization; (i) a multi-period sto-
chastic optimization framework for planning and opera-
tions; and (iii) a learning layer that tracks changes in de-
mand patterns and informs strategic recourse decisions.
The machine-learning layer supplies rolling-horizon pre-
dictions at each time step, and the stochasticity of de-
mand is captured through representative scenarios.
These scenarios are then utilized in the multi-period,
multi-stage stochastic optimization step considering
multiple production locations and transportation modes

Iseri et al. / LAPSE:2026.0250

for planning the optimal supply chain network. The oper-
ational stage, which acts as a learning layer, is modeled
as a rolling horizon control problem that determines the
necessary recourse decisions to adapt to changes in
short-term demand patterns and long-term forecasts.
Figure 1illustrates the overall structure of the framework
and the superstructure of possible energy transmission
solutions. The methodology follows a closed-loop archi-
tecture in which forecasting, optimization, control, and
learning layers interact iteratively. At each reassessment
epoch, updated demand information and operational de-
cisions are revised over a receding horizon, and system
performance indicators are evaluated to determine
whether the existing strategic design remains adequate
or whether strategic recourse actions are required.

In the proposed framework, strategic redesign deci-
sions are not triggered by instantaneous forecast-reali-
zation discrepancies or ad hoc threshold rules, but rather
by a structured interactions between rolling-horizon op-
erational control and a learning-based policy layer ena-
bling an “intelligent” network. At predefined reassess-
ment epochs, the operational layer provides two comple-
mentary signals: (i) a backward-looking measure of per-
sistent service stress; and (ii) a forward-looking ade-
quacy indicator reflecting the predicted inability to meet
future demand under the existing infrastructure. Only
when both conditions indicate sustained capacity inade-
quacy is a strategic reassessment activated. While this
adequacy gate determines when redesign is admissible,
the selection of how to adapt the network structure is
delegated to a learning-based recourse mechanism de-
scribed in Section 2.5. Unlike rule-based triggering
schemes, in which both the redesign trigger and the cor-
rective action are fixed ex ante, the proposed framework
decouples the admissibility of strategic redesign from the
selection of recourse actions, enabling adaptive re-
sponses learned from operational experience, thus ena-
bling data-driven and adaptive infrastructure evolution
under uncertainty.

2.1 Mathematical Notation

The renewable energy supply chain is modeled
through a superstructure, as shown in Figure 1(ii), that
captures multiple production locations, energy carriers,
conversion processes, transportation modes, and tem-
poral scales. Renewable electricity generation, energy
carrier production, storage, and transportation are ex-
plicitly represented to satisfy energy demand at desig-
nated sink locations. The renewable energy supply chain
planning problem is modeled as a MILP problem and
solved by the Gurobi optimizer. All processes and trans-
portation modes are assumed to be powered by renew-
able electricity and the energy carriers produced in the
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Figure 1. (i)Methodology and (ii) Superstructure of Energy Transmission Solutions

installed process plants.

The employed nomenclature is provided in Table 1.
L represents the set production locations, € represents
the set of energy carriers such as liquid hydrogen, meth-
anol, ammonia and compressed hydrogen. 2 represents
the set of processes to produce these energy carriers
such as liquefaction, compression plants and air separa-
tion, direct air capture, methanol and Haber-Bosch units
that are necessary in producing these energy carriers.
The process superstructure is modelled through the pa-
rameters of production processes and utilization of mass
and energy balance, capacity, transportation, demand
and contingency constraints. M represents the set of
transportation modes, either ship or pipe-line transport.
R represents the set of renewable sources, solar, wind,
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etc.

Table 1 Notation Table for Sets

Symbol
le L
cec
pe?P
reR
mem
teT; tegh
kexcr
w E Q)
aeA

Description

All locations

Energy carriers

Conversion processes
Renewable resources
Transport modes
Planning/Operational time steps
Reassessment epochs
Scenarios at epoch k

Strategic action space
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2.2 Demand Forecasting and Scenario
Generation

Uncertainty in demand is represented through a ma-
chine learning based forecasting model. Using historical
data, the forecasting layer generates demand trajecto-
ries by sampling quantile levels and mapping them
through the cumulative distribution function (CDF) for
each period. Then, scenarios corresponding to 25%, 50t
and 75% percentiles aligned with low, medium and high
demand levels are extracted. These scenarios are then
embedded into the multi-period stochastic optimization
framework to guide investment and operational decisions
under demand uncertainty [6].

These probabilistic demand scenarios serve as the
primary input to the strategic and operational optimiza-
tion layers. By continuously updating scenario infor-
mation as new observations become available, the
framework maintains consistency between realized sys-
tem behavior and future planning assumptions. In the op-
erational layer, the forecasting model processes histori-
cal demand observations and generates regime-aware
monthly energy demand forecasts on a rolling horizon.
The model dynamically updates its feature set with each
realized month’s demand enabling adaptive learning.

2.3 Two-Stage Stochastic Optimization

Strategic investment decisions are determined us-
ing a two-stage stochastic optimization framework. First-
stage decisions correspond to long-term infrastructure
investments, including the portfolio of renewable power
plants, production, transportation infrastructure, and
storage capacities at each energy hub to generate
power, produce energy carriers and to transport them to
the demand center. Second-stage decisions represent
operational responses to scenario-specific demand real-
izations, such as production and transportation dispatch.

The objective function minimizes the sum of invest-
ment costs and the expected operational cost across de-
mand scenarios. Mass and energy balance, production
and transportation capacity, contingency, and demand
satisfaction constraints ensure physical and operational
feasibility. Moreover, resilience constraints ensure de-
centralization of multiple energy hubs, oversizing of ca-
pacity and redundancy in transportation infrastructure.
Investment lead-time constraints are explicitly enforced
so that newly installed capacities become available only
after realistic construction delays, preventing non-possi-
ble recourse actions in the operational layer. The result-
ing solution defines a robust baseline network design
that balances cost efficiency and flexibility under de-
mand uncertainty.

Objective function:

Iseri et al. / LAPSE:2026.0250
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where u is the unmet demand characterized by the Value
of Lost Load (VoLL).

Investment Cost (First-stage):
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In addition to the aforementioned constraints, an im-
proved resilience footprint is enforced at the strategic
design stage through constraints promoting decentrali-
zation, oversizing, and redundancy, applied across all de-
mand scenarios w.

Decentralization is imposed by limiting supply con-
centration from each hub and geographic dispersion is
further encouraged using a distance-weighted diversifi-
cation constraint inspired by electric charge repulsion:

D, wi; (DP+Dy) < y D@ Va.
(&)
Oversizing is enforced by requiring aggregate pro-
duction and transportation capacity to exceed delivered
demand:

. Ci > (14 B¥*) D V.
i

A composite resilience constraint combines struc-
tural diversity and capacity headroom:

| A | (K Dtarget (Z C DtOt) 2 Rmmvw

The composite resilience threshold is set to R, =
0.5, for the case study, which aims to provide a balanced
contribution of hub diversification and capacity head-
room. Higher values would enforce more conservative
designs with additional hubs or excess capacity at in-
creased system cost.

2.4 Rolling-Horizon Operational Control

The operational stage is posed as a rolling horizon
control problem that determines the necessary recourse
decisions to adapt to changes in short-term demand pat-
terns and long-term forecasts. At each control step, the
current system state, including installed capacities, in-
ventories, and realized demand, is observed, and an op-
timization problem is solved over a finite prediction
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horizon using the latest demand forecasts. Only deci-
sions within the control horizon are implemented, after
which the horizon is shifted forward and the procedure is
repeated. This rolling-horizon structure enables the sys-
tem to respond dynamically to short-term demand fluc-
tuations and operational disruptions, while remaining
consistent with long-term strategic investment decisions
made in the first stage. Importantly, the rolling-horizon
layer does not modify infrastructure decisions directly
but operates within the feasible region defined by the
strategic design layer, exploiting available production
and transport capacity across energy hubs as imposed
by resilience constraints. Operational disruptions are
modeled as time-dependent availability multipliers that
erode the effective capacity of affected assets during
disruption windows, scaling renewable availability, pro-
cess throughput capacity, and/or transport capacity at
the corresponding hub. At time z,, given measured inven-
tory and installed capacities, the optimization problem is
solved over the prediction horizon, and the resulting de-
cisions within the control horizon are implemented. For
the case study, the prediction horizon is selected to be
24h while the control horizon is 6h.

2.5 Learning Layer and Strategic Recourse

The learning layer is the component that enables the
system to learn from shifting demand patterns and dis-
ruptions to adaptively reconfigure its structure accord-
ingly to ensure future feasibility. A bandit-based learning
and monitoring component tracks system-level indica-
tors derived from the rolling-horizon operational layer
and evaluates whether observed deviations represent
transient fluctuations or sustained structural inadequacy.
Rather than directly controlling operations, the learning
layer determines when strategic recourse action is war-
ranted over predefined reassessment intervals (six
months in the present study).

At each reassessment epoch k, the learning layer
constructs a compact state vector,

S, = [aks Ouks gks ¢k’ ‘Pk]’

which summarizes backward-looking service stress and
forward-looking adequacy risk based on realized de-
mand, forecast accuracy, and projected demand trends.

When sustained threshold violations are observed
across reassessment periods, the learning layer activates
a strategic recourse decision. In response, the two-stage
stochastic design problem is re-solved using updated
demand forecasts and newly generated demand scenar-
ios, while respecting previously installed capacities and
construction lead-time constraints. Recourse actions
constrain the feasible investment set and include holding
the current design, expanding capacity at existing hubs,
or enabling new hub investments..
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Table 2 State Vector Components
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Table 3 Strategic Recourse Actions. The lite RL action
ay € A recourse actions:

Action Effect on Planning

HOLD AXy =0,z = Zp-x)
EXPAND AX) 2 0,25 = Zpjeqi
NEW Hub AXy > 0,z € {0, 1} With zp - < 2z

The recourse decision is determined by using a con-
textual bandit formulation. Given the state vector s, the
selected action maximizes an upper confidence bound on
the expected reward:

@), = arg max <éaTsk+oc1 / sZAglsk),
acA

where the action-specific parameters §, are updated
online based on system performance following previous
recourse decisions. The reward associated with action
a,is observed after investment effects become opera-
tional and is defined as follows at epoch k + W (after in-
vestments from k are operational):

k+L+W-1

Z [JtUP +‘0Utreal] +/1sw

ry=-— (ci"v(AXk) +
t=k+L

Ay # ak-ac)])

The reward signal combines improvements in ser-
vice adequacy with investment cost penalties, encourag-
ing actions that reduce persistent unmet demand while
avoiding unnecessary or overly aggressive investments.
Through repeated interaction, the learning layer adapts
the mapping between observed stress patterns and pre-
ferred strategic responses.

The overall information flow and interaction
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between the forecasting, planning, operational control,
and learning layers are summarized in the schematic
shown below:

Layer 0 (Forecasting) D ot D1}, Layer 1 (Planning)

KRE KP Q8,2
Layer 1 (Planning) KR Q8% Layer 2 (MPC)
jreal jop
Layer 2 (MPC) A Layer 3 (RLlite)

ap€{HOLD, EXPAND, NEW}

Layer 3 (RL-lite) Layer 1 (Planning)

ILLUSTRATIVE CASE STUDY

An illustrative renewable energy supply chain case
study motivated by the increasing energy demand of
highly industrialized European economies is considered.
Germany is selected as the demand region due to its am-
bitious decarbonization targets, limited domestic variable
renewable energy potential, and projected reliance on
imported renewable energy. The supply chain planner
aims to meet the monthly power demand discrepancies
with respect to renewable energy generation and de-
mand through a dedicated energy supply chain network
considering candidate hub locations of Spain, Norway,
Morocco, Egypt, and Saudi Arabia. The hourly renewable
energy profiles of these locations are utilized in the multi-
scale model to design and operate an energy supply
chain network consisting of multiple energy generation
hubs with optimal renewable portfolios, process facilities
to produce dense energy carriers, and transportation in-
frastructure to meet the monthly energy demand.

The framework is evaluated through a series of in-
stances that focus on the role of individual modeling
components. First, a baseline case without resilience
constraints is solved to find the lowest-cost transmission
strategy for a known demand of 10 TWh per month. Sec-
ond, resilience constraints that promote geographic di-
versification and capacity spread, as discussed in Sec-
tion 2.3, are introduced to create a resilient design for the
same demand. This instance aims to show the cost dif-
ferential of the resilient network design vis-a-vis the min-
imum cost design. Third, demand uncertainty is incorpo-
rated using a two-stage stochastic optimization frame-
work, in which demand forecasts and scenarios are gen-
erated from historical energy demand data (2019-2021)
of Germany to inform strategic planning for system oper-
ation commencing in 2024. Finally, the complete intelli-
gent and adaptive framework is evaluated by activating
all modeling layers in the integrated closed loop setting.
Building on the resilient network design under uncer-
tainty obtained using demand scenarios generated from
historical energy demand data, for system deployment
starting in 2024, the framework jointly executes rolling-
horizon forecasting, stochastic planning, operational
control, and learning-based strategic recourse. Following
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commissioning, the system operation is simulated under
a synthetic demand pattern that shows a steady increase
trend, from 10 to 12 TWh/month over a six-month period
with superimposed Gaussian noise to test the recourse
decisions. This setup allows for demonstrating learning-
triggered strategic actions in response to ongoing capac-
ity shortfalls. In summary, four increasingly complex con-
figurations are analyzed: (1) a deterministic cost-minimiz-
ing design; (2) a resilient deterministic design; (3) a sto-
chastic resilient design that accounts for demand uncer-
tainty; and (4) an intelligent and adaptive design and op-
eration with learning-based reconfiguration. This pro-
gressive structure helps to capture the added value of
resilience, stochastic planning, and adaptive responses.

RESULTS AND DISCUSSION

We provide the results of the four progressive cases
to illustrate the value of resilience and adaptive opera-
tion.

Deterministic Demand Minimum Cost Design: The

baseline energy transmission solution represents the
minimum-cost network design obtained under the as-
sumption of perfect information on renewable energy de-
mand of 10 TWh/month. Under these conditions, the
model invests in electrolyzer and hydrogen liquefaction
facilities in Spain powered by solar photovoltaics and
battery storage and 11 ships to transport liquid hydrogen
to meet the monthly demand. However, the simulation of
arandom disruption lasting 72 hours in energy hub shows
that the system experiences a severe shortfall with
nearly 75% of demand left unmet and a substantial value
of lost load.
Deterministic Resilient Network Design: In the second
case of supply chain design under known demand, we
utilize only the two-stage stochastic program component
with the composite resilience requirement of Rmin = 0.5 as
explained in Section 2.3 with multiple and geographic di-
versified energy hubs. The optimal resilient supply chain
for the known demand consists of two energy hubs lo-
cated in Spain and Egypt, with Spain producing and ex-
porting liquid hydrogen and Egypt supplying ammonia as
depicted in Figure 2. The network operates 10 vessels
from Spain and 2 from Egypt to meet the monthly de-
mand. Despite the added diversification, the total system
cost is observed to increase by only about 2% relative to
the minimum-cost deterministic solution.

Moreover, when the same disruption is simulated at
the Egypt hub as in the non-resilient design to observe if
the operational recourse actions suffice to meet demand,
the network ramps up production and transportation
from Spain within capacity limits, compensating for the
temporary loss of supply as demonstrated in Figure 3. As
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operations at the Egypt hub recover, production gradu-
ally rebalances across both locations, and monthly de-
mand is fully satisfied throughout the disruption period.
This response confirms that a diversified and flexible net-
work can absorb shocks to a certain extent and recover
smoothly, reinforcing the idea that resilience through re-
dundancy and geographic diversification is achievable at
relatively low cost.

Stochastic Resilient Design: When demand uncer-
tainty is introduced, the forecasting layer generates
probabilistic demand scenarios that are embedded in the
stochastic optimization model. The resulting network re-
tains two production hubs in Spain and Egypt, consistent
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with the resilient design under known demand, but with
moderately increased installed capacities to hedge
against uncertainty. In this configuration, approximately
89% of demand is supplied from Spain and 11% from
Egypt, reflecting the increased capacity at the Egyptian
hub. Relative to the resilient deterministic design, ac-
counting for demand uncertainty leads to an approximate
10% increase in total system cost. The cost comparisons
of deterministic, deterministic resilient and stochastic re-
silient cases are depicted in Figure 4 with the selected
energy carriers and locations.
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Intelligent and Adaptive Network Operation: Finally,
the complete intelligent and adaptive framework is eval-
uated under evolving demand conditions to observe in-
vestment recourse decisions. First, probabilistic demand
scenarios are generated using historical energy demand
data (2019-2021) and provided as inputs to the two-
stage stochastic optimization model described in Section
2.3. Solving this model yields an initial resilient network
design comprising liquid hydrogen production in Spain
Iseri et al. / LAPSE:2026.0250

Syst Control Trans 5:386-395 (2026)

supported by 10 ships and ammonia production in Egypt
supported by 2 ships, corresponding to a mean projected
monthly demand of approximately 10 TWh, which is con-
sistent with the results of the resilient design under de-
mand uncertainty. Once the strategic design is fixed, sys-
tem operation is then simulated using the rolling-horizon
control formulation described in Section 2.4. As the sup-
ply chain network becomes operational, a random de-
mand data set is introduced. The simulated demand data
set exhibits a persistent increasing trend from 10 to 12
TWh/month over a six-month period with superimposed
Gaussian noise as depicted in Figure 5.

Demand (Tvh)

Q 5 |1 15 0 25 0 ]
Month

Figure 5. Simulated demand profile

At each operational step, the current system state
including inventories, energy storage levels, and commit-
ted transportation flows, is observed, and short-term de-
mand forecasts are incorporated to optimize production,
storage, and transportation decisions over a finite pre-
diction horizon. Only decisions within the control horizon
are implemented before the horizon is advanced,
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ensuring operational adaptability, while strictly respect-
ing the production and transportation capacities dictated
by the strategic design. At the sixth month of operation,
corresponding to the predefined reassessment interval,
system-level performance indicators obtained from the
operational layer are evaluated. These include both
backward-looking measures of persistent service stress,
such as rolling unmet demand ratios, and forward-look-
ing adequacy indicators reflecting the rolling-horizon
controller's predicted inability to meet future demand un-
der the installed infrastructure. After six months, the roll-
ing unmet demand ratio approaches 25%, while both re-
alized and forecasted future inadequacy indicators ex-
ceed approximately 6.7%, indicating that no feasible op-
erational policy can satisfy projected demand within the
existing network configuration. This persistent and fore-
cast-consistent capacity inadequacy activates the learn-
ing-based recourse layer described in Section 2.5. The
learning layer, implemented as a multi-armed bandit al-
gorithm, evaluates admissible strategic actions, including
maintaining the current design, expanding capacity at ex-
isting hubs, or enabling new hub investments, and trig-
gers a re-solution of the two-stage stochastic design
problem using updated demand scenarios. Re-solving
the design problem under revised scenarios with a mean
monthly demand of 11.5 TWh results in the activation of
a new liquid hydrogen production hub in Morocco, along
with an additional transportation asset. The redistribution
of demand shares across energy hubs before and after
the recourse action is shown in Figure 6. The introduction
of the Moroccan hub improves both capacity adequacy
and the geographic diversification of the supply chain,
demonstrating the framework’s ability to adapt strategic
investment decisions over time by learning from realized
demand patterns and proactively maintaining long-term
energy security.

I Liquid Hydrogen (Morocco)
12 | HEE Ammonia (Egypt)
3 Liquid Hydrogen (Spain)

10 1 _ _

Delivered energy (TWh/month)

0

Reconfigured Design

Figure 6. The final demand share of energy hubs

Initial Design
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CONCLUSION

This work presents an initial attempt towards the
design and operation of intelligent and adaptive energy
networks capable of responding to the increasing volatil-
ity and uncertainty characteristic of modern energy sys-
tems. By integrating hybrid machine-learning forecast-
ing, multi-period stochastic optimization, and rolling-
horizon operational control with adaptive recourse mech-
anisms, the framework addresses critical gaps in existing
approaches that rely on static planning paradigms. The
proposed methodology enables energy supply chains to
function as intelligent systems that continuously predict,
optimize, learn from demand patterns, potentially antici-
pate disruptions, and adapt their configuration and oper-
ations as conditions evolve. Through its multi-layered ar-
chitecture, the framework balances cost efficiency with
resilience and security of supply, a balance increasingly
vital for modern energy systems operating with increased
variable renewable energy share and geopolitical uncer-
tainties. The illustrative case study demonstrates the
framework's applicability to a multi-carrier energy supply
chain network, showing how the integration of predictive
modeling, stochastic optimization, and adaptive control
can transform energy supply chains from reactive net-
works requiring episodic manual intervention into proac-
tive, data-informed systems capable of maintaining reli-
able operations in the face of sustained uncertainty and
disruption. Future work will focus on enriching the learn-
ing layer with causal and context-aware signals to distin-
guish between transient operational shocks and persis-
tent structural mismatches requiring new investments.
While demonstrated here for renewable energy supply
chains, the proposed closed-loop forecast, optimize,
learn and adapt paradigm naturally extends to other
large-scale systems with evolving uncertainty, including
financial portfolios, critical material supply chains, and in-
frastructure planning.
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