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ABSTRACT 
This work develops a high-spatial resolution multi-stage stochastic programming (MS) model for 
power grid capacity expansion that co-optimizes generation, transmission, and energy storage 
system investments under uncertainty. Traditional two-stage stochastic programming (TS) mod-
els determine all investments in a single stage, limiting their ability to adapt to changing conditions 
such as evolving capital costs, policies, or supply chain disruptions. In contrast, the proposed MS 
formulation introduces sequential decision stages where partial information is revealed over time, 
allowing for adaptive, scenario-contingent investments. We compare TS and MS formulations us-
ing a modified IEEE 24-bus case study to quantify the Value of the Multistage Solution, which 
measures the economic benefit of allowing investment decisions to adapt over time as uncertainty 
is progressively resolved. Results show that while MS models are computationally more challeng-
ing, they achieve lower expected costs and yield flexible investment strategies that better respond 
to geopolitical and market uncertainties. 

Keywords: Stochastic Programming, Capacity Expansion Planning, Power Systems Modeling, Mixed-Integer 
Linear Programming, Generation, Transmission,  Energy Storage Systems

INTRODUCTION 
Electric power systems require long lead times for 

the development of new infrastructure. Securing regula-
tory approvals, acquiring land, negotiating fuel supply 
contracts, and building new generation or transmission 
assets can take many years to a decade [1]. Planning en-
tities must make critical investment decisions before the 
full trajectory of technological, policy, and market condi-
tions is known. The challenge lies in acting under uncer-
tainty: delaying commitments until perfect information 
arrives is untenable, since long construction lead times 
require proactive expansion to maintain adequate capac-
ity and reliably satisfy electricity demand. This uncer-
tainty is characterized by volatile economic conditions, 
the rapid growth of energy-intensive data centers, and 
the increasing penetration of renewable energy sources. 
Neglecting uncertainty in planning models can lead to 
stranded assets or a power grid that is vulnerable to 
blackouts [2].  

To inform these long-term investment decisions, 
planners can rely on capacity expansion planning (CEP) 

models. CEP models provide optimal investment deci-
sions such as the size, timing, geographic location, and 
type of technology of new generation, transmission, and 
storage needed to meet future electricity demand at a 
minimum capital and operating cost [3]. Traditional for-
mulations often adopt a deterministic approach, in which 
the expansion of the power grid is planned for a single 
assumed future where parameters such as fuel prices, 
capital costs, and electricity demand are treated as 
known. A wide variety of research papers are available 
that solve CEP deterministically [4]. However, these 
plans are likely to fail if implemented, as the realization of 
these parameters may be different from what the planner 
initially expected [5].  

Stochastic Programming (SP) can hedge against 
certain outcomes by explicitly embedding multiple future 
realizations in the decision model. The model will produce 
plans that remain robust even when reality diverges from 
any single forecast [6]. Among SP formulations, two-
stage stochastic programming (TS) has become the 
standard approach for power grid expansion planning. 
Here, first-stage investment decisions are made before 
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uncertainty is realized, while second-stage recourse de-
cisions adjust operations after uncertainty resolution. 
This yields a block-angular structure that can be solved 
using decomposition algorithms such as Progressive 
Hedging and Benders Decomposition [7, 8].  

However, all investment decisions are made upfront 
in TS formulations, preventing the model, by definition, 
from adapting to information revealed in later stages. 
This limitation is critical in contexts where policies evolve 
over time, potentially leading to premature or suboptimal 
investments. To overcome this limitation, multi-stage 
stochastic programming (MS) introduces sequential de-
cision stages that unfold over time. Partial information is 
revealed at each stage, and nonanticipativity constraints 
ensure consistency across scenarios that share the same 
history. This structure captures the dynamic nature of 
long-term planning, allowing decision-makers to defer 
and revise investments as uncertainties materialize [9].  

In this work, we develop a high-spatial resolution MS 
stochastic programming model for power grid expansion 
that co-optimizes generation, transmission, and energy 
storage system (ESS) investments under geopolitical un-
certainty. We then compare the TS and MS formulations 
to quantify the Value of the Multistage Solution (VMS) 
[10] on a modified IEEE 24-bus case study. Unlike the 
Value of the Stochastic Solution (VSS), the VMS does not 
measure the benefit of modeling uncertainty relative to a 
deterministic model. Instead, it quantifies the value of 
adaptability by allowing decisions to adjust over time as 
uncertainty is revealed. To our knowledge, this is the first 
study to report this metric in the context of power grid 
CEP, thus providing the basis for future research on de-
cision-making under uncertainty. 

BACKGROUND 
A wide range of multistage stochastic CEP models 

has been proposed in the literature, each designed to ad-
dress specific problem statements, system characteris-
tics, and computational trade-offs. These models vary 
widely in the level of network granularity (regional vs. 
nodal), the treatment of investment decisions (continu-
ous vs. discrete, with or without lead times), how opera-
tions are modeled (with or without unit commitment con-
straints), and the types of uncertainty (renewable power 
availability, loads, fuel prices, capital costs). 

Liu et al. (2018) developed one of the first multi-
stage, multiscale stochastic CEP models that co-opti-
mizes generation, transmission, and ESS investments 
[11]. Their formulation is linear and highly aggregated, re-
lying on a pipeline representation of transmission and 
continuous investment variables. These modeling 
choices allow the approach to scale well but limit its abil-
ity to represent discrete investment decisions, physical 
power-flow constraints, and delayed asset availability.  

Thomé et al. (2019) propose an integrated genera-
tion–transmission planning framework that couples a 
MILP investment module with an SDDP-based multistage 
operational model [12]. Their formulation includes binary 
investment variables, power-flow physics, and detailed 
hydrothermal dispatch. However, the model does not 
represent construction lead times or ESS, factors that are 
becoming increasingly important in modern systems.  

Hou et al. (2021) develop a multistage stochastic 
MILP linking long-term planning with hourly unit-commit-
ment operations [13]. Their model co-optimizes genera-
tion and transmission expansion, but uses a six-region 
aggregated network without power-flow physics, contin-
uous generator capacity additions, and no ESS or con-
struction delays. In addition, uncertainty is limited to re-
newable availability, despite the important role of fuel 
prices, capital costs, and demand growth in CEP.  

Apablaza et al. (2024) introduce a multistage sto-
chastic model that co-optimizes transmission and energy 
storage investments using a nodal power-flow represen-
tation and explicit construction lead times [14]. Uncer-
tainties are considered in fuel prices, load growth, and 
renewable availability. Because generator capacities are 
fixed, the model does not consider new generation in-
vestments and therefore cannot capture interactions be-
tween uncertain long-term conditions and generator sit-
ing, sizing, or technology choice.  

Hole et al. (2025) present a stochastic planning 
model for New Zealand’s hydro-dominated system that 
evaluates investments in wind and HVDC capacity using 
an SDDP-based operational framework [15]. The system 
is represented through an aggregated 11-node network 
with major corridors and key reservoirs, which supports 
large-scale hydrothermal modeling but omits finer spatial 
detail and storage technologies such as batteries.  

These studies illustrate the breadth of modeling as-
sumptions adopted in multistage stochastic CEP. None-
theless, recent evidence highlights where model fidelity 
matters: Glista et al. (2025) show that low-spatial-reso-
lution CEP models produce large errors and substantial 
generation under-investment relative to full-resolution 
formulations [16], while Watson et al. (2015) demonstrate 
that unit-commitment constraints have only limited influ-
ence on long-term system costs [2]. These insights help 
guide the modeling priorities of this work.  

Our formulation is a nodal multistage stochastic 
MILP with the DC power flow approximation, discrete in-
vestment decisions for thermal generators and transmis-
sion lines, continuous sizing for renewable and ESS in-
vestments, and explicit construction lead times across 
stages. This design preserves the spatial accuracy 
needed for reliable expansion outcomes while avoiding 
unnecessary operational complexity, enabling the model 
to capture the spatial and temporal features that shape 
realistic long-term planning under uncertainty. 



 

Bugosen et al. / LAPSE:2026.0271 Syst Control Trans 5:550-557 (2026) 552  

MODEL DEVELOPMENT 
In this section, we develop a multi-stage stochastic 

programming model for power grid capacity expansion 
planning. We begin by describing the deterministic opti-
mization model and subsequently extend it to MS and TS 
programs.  

Deterministic program 
The model described in this section is a multi-stage 

extension to the model described in [17]. For brevity, the 
detailed formulation, as well as notation for sets, param-
eters, and variables, is shown in the Supplementary In-
formation. We refer to equation numbers in the Supple-
mentary Information for completeness. 

The objective function shown in Eq. (1s) minimizes 
the expected net present value (NPV) of total system 
costs over a planning horizon, defined as the sum of (i) 
capital investments in each investment stage for new 
generators, transmission lines, and ESS and (ii) the prob-
ability-weighted operational cost for all representative 
operating days. The operating component is comprised 
of fixed operation & maintenance (O&M) costs, variable 
O&M costs plus fuel expenses for dispatched generation, 
and a penalty for shortfalls in meeting the Renewable 
Portfolio Standard (RPS). In addition, each MWh of un-
served energy is penalized with the Value of Lost Load 
(VOLL) – an economic proxy for the outage cost borne by 
customers. This penalty represents the loss of social wel-
fare from electrical blackouts, and some system opera-
tors value it at between 10 and 30 thousand $/MWh in 
planning models. 

Inter-stage linking is enforced through capacity ac-
cumulation constraints shown in Eqs. (2s) – (5s), which 
define installed capacity in each stage as the sum of pre-
viously available capacity and new investments, ensuring 
irreversibility of investment decisions. Consistent with 
this assumption, power plant retirements are not consid-
ered in this model.  

Generation dispatch limits, shown in Eqs. (6s) – (8s), 
constrain power produced by newly built thermal and re-
newable generators by capacity installed in the previous 
stage to reflect construction lead times, with renewable 
output further limited by representative-day availability 
profiles. Existing generators are bounded by fixed name-
plate capacities. 

Power flow limits, given in Eqs. (9s) – (11s), bound 
flows on existing transmission lines by their thermal limits 
and enforce construction lead times by restricting flows 
on candidate lines according to capacity installed in the 
previous stage. 

Power flow constraints, given in Eqs. (12s) – (14s), 
represent power-flow physics using a DC approximation 
of the AC power-flow equations, also known as the Bθ 
approximation, in which line flows are modeled as linear 

functions of phase angle differences. For candidate 
transmission lines, a disjunction implemented via big-M 
constraints enforces the DC power-flow relationship only 
when the line is available; in particular, the formulation 
links line availability to the prior-stage build decision, 
consistent with the assumed construction lead time. 

ESS constraints, given in Eqs. (15s) – (19s), limit the 
state of charge by installed energy capacity and bound 
charging and discharging rates by power conversion ca-
pacity. The state of charge evolves according to net 
charging and discharging decisions, accounting for effi-
ciency losses, with a cyclic condition imposed for each 
representative day. Unlike generation and transmission 
investments, ESS capacity is assumed to be immediately 
available upon installation, and therefore not subject to 
construction lead-time. This assumption is supported by 
the short project development timelines of modular bat-
tery technologies [18], which are negligible at the tem-
poral resolution of the investment stages considered in 
this study. 

The nodal balance constraint, given in Eq. (20s), 
equates the transmission inflows and local injections 
(generation and storage discharge) to transmission out-
flows and withdrawals (demand and storage charging), 
with load shed included to maintain feasibility under all 
operating conditions. 

The RPS constraint, given in Eq. (21s), establishes a 
lower bound on the total power dispatch that must origi-
nate from renewable sources. Finally, via Eq. (22s) – 
(23s), the model establishes a limit on the number of new 
builds allowed on each bus due to physical space and in-
terconnection capacity. 

The formulation shown in the Supplementary Infor-
mation can be compactly represented as 

min ∑ (𝛼𝛼�⊤𝑢𝑢�
�
�=1  +  𝛽𝛽�

⊤𝑦𝑦�)    (1) 

𝑧𝑧�  =  𝑧𝑧�−1 + 𝑢𝑢� ∀ 𝑘𝑘 =  1, … ,𝐾𝐾 

𝐵𝐵�𝑦𝑦� ≤ 𝑏𝑏� + 𝐺𝐺�𝑧𝑧�−1 ∀ 𝑘𝑘 =  2, … ,𝐾𝐾 

𝐸𝐸�𝑦𝑦� ≤ 𝑟𝑟� + 𝑇𝑇�𝑧𝑧�  ∀ 𝑘𝑘 =  1, … ,𝐾𝐾 

𝑄𝑄�𝑦𝑦�  ≤  𝑞𝑞�   ∀ 𝑘𝑘 =  1, … ,𝐾𝐾  

𝐷𝐷�𝑦𝑦� = 𝑑𝑑�   ∀ 𝑘𝑘 =  1, … ,𝐾𝐾 

0 ≤  𝑢𝑢� ≤ 𝑢𝑢��   ∀ 𝑘𝑘 =  1, … ,𝐾𝐾 

𝑧𝑧0 = 𝑧𝑧̅         

where 𝑢𝑢� denotes the vector of investment deci-
sions made in stage 𝑘𝑘, with elements representing the 
number of new thermal generators and candidate lines, 
as well as the capacity of new renewable generators and 
ESS. The vector 𝑧𝑧� denotes the corresponding cumula-
tive installed capacity available at the beginning of stage 
𝑘𝑘, with 𝑧𝑧0 denoting the initial system capacity prior to any 
new investments. The vector 𝑦𝑦� collects all operational 
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variables in stage 𝑘𝑘, including generation dispatch, power 
flows, phase angles, ESS charging and discharging, and 
slack variables such as unserved energy and RPS non-
compliance. The one-stage construction lead time is en-
forced by applying capacity-dependent operational limits 
using the lagged state 𝑧𝑧�−1; specifically, the inequality 
block with matrices 𝐵𝐵� and 𝐺𝐺� ensures that capacity built 
in stage 𝑘𝑘 cannot be used for dispatch or candidate line 
operation until stage 𝑘𝑘 + 1. This lead time is not enforced 
for ESS constraints, as shown in the inequality block with 
matrices 𝐸𝐸� and 𝑇𝑇�. The subsequent equality and inequal-
ity constraints represent constraints such as nodal bal-
ances, state-of-charge of ESS, and other bounds on the 
operational variables 𝑦𝑦� and stage-wise build limits 𝑢𝑢�. Fi-
nally, the vectors 𝛼𝛼� and 𝛽𝛽� contain investment and oper-
ational cost coefficients applied to 𝑢𝑢� and 𝑦𝑦�, respec-
tively.  

Multi-stage stochastic program 
To capture the value of sequential decision-making 

under uncertainty, we now present the MS formulation in 
which investment decisions are allowed to adapt over 
time as uncertainty is gradually revealed.  

 
Figure 1. The scenario tree used in both MS and TS 
formulations. The TS model enforces stage-wise non-
anticipativity of investment decisions (green dashed 
line), whereas the MS model allows node-dependent 
investments. 

Uncertainty is represented by a scenario tree, as 
shown in Figure 1, whose nodes correspond to realiza-
tions of higher-level structural uncertainty, such as geo-
political events that affect long-term investment deci-
sions. Let 𝒩𝒩 denote the set of investment nodes of the 
scenario tree, with root node 𝑛𝑛 =  0, and let 𝒩𝒩� denote 
the set of investment nodes at stage 𝑘𝑘. Each node 𝑛𝑛 has 
an associated probability Π�, and 𝑝𝑝𝑝𝑝(𝑛𝑛) denotes its parent 
node. Investment decisions 𝑢𝑢� are made at each node 
and are therefore adaptive to the information revealed up 
to that node; nonanticipativity is enforced implicitly by 

the tree structure.  
Short-term operational uncertainty such as fuel 

prices and load and renewable power availability profiles 
is represented through a finite set of operational realiza-
tions Ωn with associated probabilities {𝜋𝜋�,�}

�∈Ω�
. Opera-

tional decisions 𝑦𝑦�,� are variables that adapt to the varia-
bility within each node. The scenario tree captures stra-
tegic uncertainty that drives investment adaptability, 
while Ωn captures operational variability conditional on 
each investment node. The formulation is as follows: 

min∑ Π�� ∈ � �𝛼𝛼�⊤𝑢𝑢�  +  ∑ 𝜋𝜋�,�𝛽𝛽�,�
⊤𝑦𝑦�,��∈��

 � (2) 

z�  =  zpa(�) + u�    ∀ 𝑛𝑛 ∈  𝒩𝒩  

B�y�,ω ≤ b�,ω + G�zpa(�) ∀ 𝑛𝑛 ∈  𝒩𝒩;  ω ∈ Ω� 

E�y�,ω ≤ r�,ω + T�z�  ∀ 𝑛𝑛 ∈  𝒩𝒩;  ω ∈ Ω� 

Q�y�,ω  ≤  q�,ω    ∀ 𝑛𝑛 ∈  𝒩𝒩;  ω ∈ Ω�  

D�y�,ω = d�,ω    ∀ 𝑛𝑛 ∈  𝒩𝒩;  ω ∈ Ω� 

0 ≤  u� ≤ u�� ;  ω ∈ Ωk   ∀ 𝑛𝑛 ∈  𝒩𝒩 

𝑧𝑧0 = 𝑧𝑧̅           

Two-stage stochastic program 
The TS model is obtained as a special case of the 

MS model by restricting investment decisions to be 
stage-wise non-anticipative. While the strategic scenario 
tree and the operational recourse structure is identical to 
that of the MS model, the TS model enforces that all in-
vestment decisions taken at the same investment stage 
are identical across strategic nodes. As a result, invest-
ment decisions do not adapt to the realized strategic un-
certainty and are selected in a here-and-now fashion. In 
other words, the TS model does not allow any flexibility 
in the investment plan with respect to the realized state 
of the world.  

Formally, let 𝒩𝒩�  ⊂  𝒩𝒩 denote the set of investment 
nodes associated with investment stage 𝑘𝑘. The TS model 
imposes the following stage-wise non-anticipativity con-
straint: 

u� = u� ;  ω ∈ Ωk   ∀ 𝑛𝑛,𝑚𝑚 ∈  𝒩𝒩�;  𝑘𝑘 ∈  𝐾𝐾 (3) 

Equivalently, a single stage-level investment deci-
sion 𝑢𝑢� may be introduced for each stage 𝑘𝑘.  

u� = u� ;  ω ∈ Ωk   ∀ 𝑛𝑛 ∈  𝒩𝒩�   (4) 

Under this restriction, the complete investment plan 
{𝑢𝑢�}�=1

�  is identical across all strategic scenarios, while op-
erational decisions remain adaptive and are treated as 
recourse variables conditional on the realized operational 
uncertainty, such as fuel prices and load and renewable 
power availability profiles. 
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PROBLEM STATEMENT 
We study a long-term power grid CEP under uncer-

tainty to determine optimal generation, transmission, and 
ESS investments, and associated operational decisions, 
that minimize the expected NPV of total system costs.  

The study is conducted on a modified IEEE 24-bus 
system over an eight-year planning horizon divided into 
three investment stages. Stage k=1 corresponds to the 
base year 2025, stage k=2 to 2029, and stage k=3 to 
2033. Investment decisions include new open-cycle gas 
turbines (OCGT), combined-cycle gas turbines (CCGT), 
coal-fired power plants, small modular reactors (SMR), 
wind turbines, solar panels, 4h ESS, 2h ESS, and thirty-
four candidate transmission lines.  

Generators and transmission assets have a con-
struction lead time of one stage, whereas ESS invest-
ments are assumed to be immediately available. System 
operations within each investment stage are represented 
using two representative days, one winter and one sum-
mer, to capture seasonal variability. This simplified 
choice is intentional, as the study is primarily methodo-
logical and designed as a proof of concept to demon-
strate the proposed framework and analyze the VMS. In 
practical planning applications, a larger set of repre-
sentative days would generally be needed to better cap-
ture operational variability. The value of lost load is set to 
$10, 000/MWh, the RPS is set to 40%, and the discount 
factor used in the NPV objective is 8%.  

Uncertainty in the problem is revealed sequentially 
and operates at different time scales. The uncertainty 
structure is chosen to reflect commonly observed drivers 
of long-term uncertainty in power system expansion 

studies. At stage k=2, strategic uncertainty is realized in 
the form of geopolitical events that affect capital and fuel 
costs. We consider three geopolitical events with equal 
probabilities. At stage k=3, demand-side uncertainty is 
realized through load growth trajectories reflecting the 
expansion of data centers and AI-driven electricity de-
mand. We consider two equiprobable load growth reali-
zations at stage k=3, corresponding to moderate and 
high demand growth scenarios. A summary is provided in 
Table 1 and the full scenario tree in Figure 2. 

 
Figure 2. Problem-specific scenario tree.  

IMPLEMENTATION 
We compare two modeling paradigms. In the TS for-

mulation, the entire investment plan across all stages is 

Table 1: Summary of scenarios considered in this case study.  

Stage (𝒌𝒌) Narrative Parameter materializa-
tion 

Node 

 

 Policies that favor rapid deployment of low-
carbon technologies such as SMR solar pan-
els and wind turbines Reduced demand for 
fossil-fuel-based generation 

Fuel cost ↓  

   A disruption in renewable energy supply 
chain that shifts policy support toward fossil-
fuel-based generation Increased demand for 
fossil-fuel-based generation 

Fuel cost ↑↑  

    Broad advancements across all generation 
technologies Moderately high fossil fuel 
costs given no strong shift in generation mix 

Fuel cost ↑ 
Investment costs ↓5%  

 

  Moderate demand growth tamed datacen-
ter growth Demand ↑ (x)    

    High demand growth driven by AI datacen-
ter proliferation Demand ↑↑ (x)      
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selected prior to the realization of geopolitical events and 
load growth. In contrast, the MS formulation allows in-
vestment decisions to adapt sequentially: investments 
made at stage k=2 respond to the realized geopolitical 
event, while investments at stage k=3 further adapt to 
the realized load growth trajectory. 

The formulations were implemented in Pyomo 6.9.5 
[19]. The stochastic formulations were constructed using 
the mpi-sppy package [20], which was used to manage 
nonanticipativity constraints and assemble extensive-
form models. The resulting MILP for TS and MS formula-
tions were solved to optimality gaps of ~2% using aca-
demic license of Gurobi v12 [21] on an Apple M4 Pro 
workstation with 48 GB of RAM. In long-term infrastruc-
ture planning, optimality gaps on the order of 1 – 3% are 
commonly considered acceptable, as they are broadly 
consistent with the uncertainty in input cost data and are 
sufficient to support investment and policy analysis. 

RESULTS  

Investment decisions 
Investment decisions for the TS and MS formula-

tions are shown in Figures 3a and 3b, respectively. For 
brevity, we omit the expansion decisions for investment 
stage k=3. We also note that none of the optimal solu-
tions recommend investing in new transmission lines. 

This outcome is consistent with the findings reported in 
[17], which show that when generation, transmission, and 
ESS are co-optimized, ESS often defers the need for new 
transmission expansions. 

In the first stage, we note that the MS model invests 
in 1027 MW of solar panel capacity and defers 550 MW 
of early CCGT that the TS model builds, preserving the 
option to reallocate capital once uncertainty resolves. 
This difference highlights one advantage of the MS for-
mulation: it acknowledges that future cost shocks will in-
fluence the relative attractiveness of thermal vs renewa-
ble investments. By waiting, the MS model preserves the 
option to redirect or delay capital depending on how con-
ditions evolve at later stages. 

In the second stage, the MS model selects one of 
three investment plans that directly reflect the realized 
geopolitical shock, allowing it to tailor its mix of thermal, 
renewable, and ESS additions to the actual cost in each 
branch. Importantly, these decisions correspond to for-
ward-looking investments whose capacity becomes 
available in the next stage (except for ESS). This flexibil-
ity lets the MS model capitalize on low-cost opportunities 
in some branches while avoiding overly expensive tech-
nologies in others. In contrast, the TS model must commit 
to a single CCGT-heavy plan that applies to all futures, 
regardless of which shock occurs. Because it cannot ad-
just to branch-specific cost changes, the TS formulation 

 

 
Figure 3. a) Top left corner: Investment decisions for the TS formulation; b) Top right corner: Investment 
decisions for the MS formulation; c) Bottom left corner: Supply trend for the TS formulation; d) Bottom right 
corner: Supply trend for the MS formulation;  
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might overinvest in thermal capacity and overlook 
cheaper renewable or ESS options, incurring opportunity 
costs in branches where a different portfolio would have 
been more economical. 

Operational decisions 
The MS formulation also provides a cheaper operat-

ing schedule. For instance, when the disruption in renew-
able energy supply chain materializes, the dispatch merit 
order shifts in stage k=3, so CCGT and solar panels serve 
most hours while the existing OCGT is mostly idle. In con-
trast, the TS formulation relies more on OCGT, which has 
elevated fuel costs, given that it did not invest previously 
on solar panels. This can be seen in Figures 3c and 3d.  

Value of multistage solution  
As described in [10], we also denote by 𝑣𝑣�� and 𝑣𝑣�� 

the optimal objective values of the TS and MS formula-
tions, respectively. Thus, the VMS is defined as: 

VMS =  ��� − ��� 

���
   (5) 

In addition, we can infer that 𝑣𝑣��  ≥  𝑣𝑣��, since the 
MS formulation offers more flexibility in the investment 
decisions with respect to the set of strategic and opera-
tional sets of uncertainty [10]. The objective values ob-
tained for the TS and MS formulations are 393, 857 
USD/h and 381, 474 USD/h, respectively. To report costs 
on standard units, the optimal objective values are nor-
malized by a representative system load, obtained by av-
eraging loads along each root-to-leaf scenario path and 
then taking expectations over the scenario tree. For the 
TS and MS formulations we obtain objective values of 
0.1179 and 0.1141 USD/kWh.  

This reduction in expected electricity prices reflects 
the value of deferring and adjusting investments in re-
sponse to realized outcomes. The resulting VMS, defined 
as the relative improvement of the MS solution over the 
TS solution, is 3.3%. This result quantifies the economic 
benefit of modeling investment decisions dynamically 
and highlights the importance of capturing intertemporal 
flexibility when planning under long-term uncertainty. For 
context, retail electricity prices in the United States have 
been increasing on the order of 2.5 % per year according 
to EIA data [22], indicating that the modeling difference 
is economically meaningful. 

CONCLUSIONS 
This paper demonstrates the value of multi-stage 

stochastic programming for long-term power grid capac-
ity expansion planning. By allowing investment decisions 
to adapt to realized geopolitical events and operational 
uncertainty, the multi-stage formulation produces more 
flexible investment paths and improved operational 

schedules relative to a two-stage stochastic program-
ming model. In the case study, this added flexibility yields 
a 3.3% reduction in expected electricity costs, highlight-
ing the economic benefit of dynamically adjusting invest-
ments rather than committing to a single static plan. 

From a practical standpoint, this multi-stage sto-
chastic programming framework is best interpreted as a 
rolling-horizon planning tool. At each investment stage, 
planners can redefine the scenario tree based on expert 
judgment, policy insights, and emerging information 
about technology costs, fuel markets, and demand 
growth. In this setting, scenario construction plays a cen-
tral role and reflects structured expert assessments of 
plausible future conditions. Although the multi-stage sto-
chastic programming formulation is computationally 
more demanding than its two-stage counterpart, ad-
vances in decomposition methods are expected to sup-
port its use in realistic planning contexts. 

DIGITAL SUPPLEMENTARY MATERIAL 
The model formulation for the deterministic program 

can be found in the Living Archive for Process Systems 
Engineering with LAPSE ID 2026.0017.  
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