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Abstract

The decarbonization of energy systems at energy-intensive sites is an essential component of global climate

mitigation, yet such transitions involve substantial capital requirements, ongoing technological progress,

and the operational complexities of renewable integration. This study presents a dynamic strategic plan-

ning framework that applies multi-stage stochastic programming to guide clean electricity transitions at the

campus level. The model jointly addresses technology investment, storage operation, and grid interaction

decisions while explicitly incorporating uncertainties in future technology cost trajectories and efficiency

improvements. By enabling adaptive, stage-wise decision-making, the framework provides a structured

approach for large electricity consumers seeking to achieve self-sufficient and sustainable energy systems.

The approach is demonstrated through a case study of Middle East Technical University (Ankara, Turkey),

which has committed to achieving carbon-neutral electricity by 2040. Through the integration of solar

photovoltaics, wind power, and lithium-ion batteries, the model links long-term investment planning with

operational-level dynamics by incorporating high-resolution demand and meteorological data. Our findings

from the case study, sensitivity analyses, and comparisons with simplified models indicate that accounting

for uncertainty and temporal detail is crucial for both the economic viability and operational feasibility of

campus-scale clean electricity transitions.

Keywords: Clean energy transition, Strategic energy planning, Multi-stage

stochastic programming, Mixed-integer linear programming

1. Introduction

Global energy demand continues to increase, driven by population growth and sustained economic ex-

pansion. In 2023, primary energy consumption rose by approximately 2% relative to the previous year [1].

While the global energy mix is gradually diversifying through greater adoption of renewables, nuclear power,

and emerging options such as hydrogen and tidal energy, fossil fuels still supplied 81.5% of total demand.

This represents only a modest 0.4% decline from 2022, yet absolute fossil fuel use is still increasing, thereby
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aggravating global carbon emissions. In recognition of these trends, governments agreed to work together

to transition away from fossil fuels and increase the penetration of renewable energy systems to achieve

net zero emissions by 2050 [2]. Within this effort, distributed energy systems, in which the electricity is

generated where it is consumed, can play a pivotal role in fastening this transition.

Among these systems, large-scale facilities and campuses are particularly important due to their sub-

stantial electricity demand and reliance on fossil fuel–based grids. Such entities also offer some valuable

opportunities for distributed energy generation. For instance, roofs on campus buildings can be used for

small-scale solar panels, while idle land spaces can be allocated for larger-scale solar and wind farms. How-

ever, transitioning campuses to on-site renewable technologies is both capital-intensive and operationally

complex, making a one-step shift impractical. Instead, a phased strategic plan is required—one that identi-

fies optimal portfolios of electricity generation and storage technologies, schedules their deployment while

ensuring reliable operations.

There are two important considerations while making this strategic plan: i) techno-economic trends,

and ii) operational details. Ongoing techno-economical progress enhances renewable solutions by improv-

ing efficiency, lowering capital and operating costs, and increasing equipment reliability. However, these

advances are subject to considerable uncertainty. On the one hand, we need strategic planning methodolo-

gies for long-term investment decisions that take into account this uncertainty. On the other hand, since

renewable generation is intermittent, operational feasibility should also be guaranteed at a high temporal

resolution to meet campus electricity demand.

This study aims to obtain a dynamic strategic plan for transitioning to campus-scale clean electricity

systems. We propose a multi-stage stochastic programming model that guides decisions on technology

installations, salvage decisions, grid purchases, and storage operations, with the objective of minimizing

the expected total transition cost. By explicitly representing uncertainties in technological advancement and

linking long-term strategic decisions with short-term operational dynamics, our framework enables adaptive

and reliable planning. We demonstrate the applicability of our approach through a detailed case study of

Middle East Technical University (METU) in Ankara, Turkey, which has committed to generate its own

electricity using renewable technologies by 2040 [3].

1.1. Literature Review

Our work is closely related to two well-studied, strategic decision-making problems from the literature:

Strategic Energy Planning (SEP) and Clean Energy Transition (CET). SEP provides a long-term, high-

level framework that guides energy systems toward desired future configurations by optimizing the timing,

scale, and composition of investments and operations. Beyond cost minimization, SEP often integrates

secondary objectives such as decarbonization and energy security by incorporating technological trends,

policy directives, and operational dynamics across scales ranging from individual households [4] to national

power systems. Within this broader domain, CET has emerged as a growing subcategory aimed at achieving

100% renewable electricity supply.
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Table 1 summarizes selected SEP and CET studies. While many adopt extended and phased planning

horizons, they typically rely on deterministic formulations that do not explicitly capture uncertainty in tech-

nological progress. Among the subset of studies that adopt stochastic methods, uncertainties in fuel prices,

demand growth, or policy frameworks are more commonly emphasized [5, 6], whereas uncertainties in

technological cost and efficiency trajectories are underrepresented. Those that do consider technological

uncertainties generally omit efficiency improvements [7] and tend to rely on aggregated temporal reso-

lutions or representative days [8, 9]. This reliance can obscure critical operational mismatches between

variable renewable generation and fluctuating electricity demand—a challenge that becomes increasingly

severe as renewable penetration deepens [10]. Moreover, reference [11] shows that such representative-hour

approaches systematically underestimate peak-day ramping needs and storage requirements, reinforcing the

necessity of high-resolution chronological data to accurately capture short-term operational dynamics.

A related body of research is capacity expansion planning (CEP), which addresses the cost-effective

deployment of generation, storage, and transmission infrastructure to reliably meet future energy demand.

MSSP is frequently employed in CEP studies to support sequential investment decisions under various

uncertainties [12, 13], often leveraging decomposition methods [14, 15]. While prior studies explore diverse

uncertainty sources, they often rely on low temporal resolution and provide limited consideration to long-

term technological change [16, 17].

Table 1: An overview of SEP and CET literature.

Technology Temporal resolution

Reference Scope Opt. type Cost Efficiency Investment Operational Horizon

[18] SEP Heuristic D – One-phase Hourly 25 yrs
[19] SEP Heuristic D – 5-year Hourly 35 yrs
[20] SEP D MILP D – One-phase Hourly 1 yr
[21] SEP RO D – One-phase Monthly 1 yr
[7] SEP MSSP S – Annual Hourly 16 yrs
[5] SEP MSSP D – 10-year Monthly 30 yrs
[22] SEP* D MILP D – Annual Rep. days 35 yrs
[23] SEP* ADP D – Annual Hourly 20 yrs
[8] SEP* MSSP S – Annual Annual 15 yrs
[9] SEP* MSSP S – 5-year Rep. day 40 yrs
[24] CET D MILP D – 5-year Hourly 35 yrs
[25] CET D MILP D D 5-year Rep. days 30 yrs
[26] CET D MINLP D – Annual Monthly 15 yrs
[27] CET MSARO D – Annual Annual 20 yrs
[6] CET MSSP D – 5-year Rep. days 30 yrs

This study CET MSSP S S Annual Bihourly 15 yrs

D MILP: Deterministic Mixed-Integer Linear Programming, D MINLP: Deterministic Mixed-Integer Nonlinear Programming,
MSSP: Multi-stage Stochastic Programming, RO: Robust Optimization, MSARO: Multi-stage Adaptive Robust Optimization,
ADP: Approximate Dynamic Programming, D: Deterministic, S: Stochastic, Rep.: Representative, Note: SEP entries marked
with * refer to studies that support the clean energy transition through policy mechanisms—such as carbon taxes—but do not
explicitly target a 100% renewable energy transformation.

At the campus scale, energy transition research has increasingly emphasized the integration of renew-
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able generation and microgrid design [28]. Deterministic MILP models are commonly used to schedule

generation, storage, and demand response under varying tariff and outage conditions [29], whereas MINLP

formulations have been applied to optimize integrated electricity, heating, and cooling systems, as demon-

strated in Cornell University’s energy redesign [26]. Complementary approaches adopt simulation-based

techno-economic analyses to size systems, evaluating both financial performance and environmental out-

comes [30, 31]. Hybrid frameworks have also been proposed that link operational dispatch with financial

evaluation, enabling sensitivity analyses under alternative policy and incentive settings [18]. More recently,

multi-objective metaheuristic methods have been introduced for microgrid design, jointly optimizing re-

newable generation and storage to balance cost, reliability, and sustainability [32]. While most of these

campus-scale studies employ high temporal resolution, none account for uncertainty in the future cost and

efficiency trajectories of emerging technologies.

In summary, studies that simultaneously incorporate technological uncertainty and high-resolution op-

erational dynamics remain scarce. To the best of our knowledge, these issues are entirely overlooked in the

context of campus-scale transition studies. Our contribution is to address this gap by proposing a multi-stage

stochastic programming framework that models investment, operation, and decommissioning of solar PV,

wind, and battery storage technologies under uncertainty in both cost and efficiency. In contrast to prior

studies, our model adopts bihourly operational resolution and annual investment decisions over a 15-year

horizon. This enables the formulation of more adaptive and realistic transition strategies for large-scale

consumers, such as university campuses aiming to achieve carbon neutrality.

1.2. Approach and Contributions

This study develops a multi-stage stochastic programming model to provide a long-term, adaptive strat-

egy for campus-scale clean electricity transition. The framework simultaneously aims to ensure a self-

sufficient electricity system, minimize expected transition costs under uncertainty, and determine the optimal

timing and mix of technology investments. These objectives directly address practical challenges faced by

institutions—achieving sustainability targets under emission-reduction commitments, managing long-term

budgetary constraints, and coping with uncertainties in technological advancements and cost trajectories.

The proposed approach guides decision-makers toward flexible and cost-effective strategies that remain

responsive to evolving technological pathways while ensuring alignment with site-specific sustainability

goals. Figure 1 provides a graphical overview of the methodological framework, with the corresponding

steps described below.

• Data Acquisition: Assembly of high-resolution meteorological records, candidate technology parame-

ters, historical technology cost–efficiency series, and other site-specific inputs.

• High-Resolution Electricity Generation Simulation: Derivation of hourly electricity generation pro-

files for each candidate renewable technology to capture short-term variability using National Renewable

Energy Laboratory’s System Advisor Model (NREL SAM) [33].

• Technological Advancement Scenario Generation: Construction of probabilistic scenario tree by ap-

plying clustering methods to historical technology cost and efficiency trends.
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• Multi-Stage Stochastic Programming: Incorporation of scenario trees into multi-stage stochastic pro-

gramming model that jointly optimizes technology choice, investment timing, battery-storage operation,

and grid-electricity procurement at high temporal resolution.

• Case Study and Sensitivity Analysis: The framework is implemented for METU, which has adopted

a climate action plan targeting a 100% clean electricity generation by 2040 [3]. The analysis explores

investment and operational pathways for solar, wind, and battery technologies in line with METU’s sus-

tainability goals, and includes sensitivity analyses under varying emission limits, financial constraints,

and operational settings.

The results of our case reveal interesting insights: i) Site-specific conditions make solar power preferable

over wind turbines for METU, even under conservative solar technology improvement scenarios. ii) Battery

investments are typically deferred to later years, aligning with projected cost declines and rising renewable

penetration. iii) Across all scenarios, excess generation capacity combined with large battery installations

is needed to balance mismatches between electricity demand and renewable output. iv) As renewable pen-

etration increases, the marginal cost of meeting residual demand with clean technologies rises, driven by

the structural mismatch between electricity demand profiles and renewable generation patterns, along with

the growing need for battery deployment. The Emission Allowance Case sensitivity analysis demonstrates

that allowing just 1% of demand to be supplied by conventional grid resources reduces the total system cost

by 20.5%. v) Both the highly temporally aggregated and deterministic models fail to satisfy demand and

emission constraints, with the deterministic model additionally violating budget constraints.

Spatiotemporal Data

Techno-economical Data Preprocessing

Site–Specific Inputs
(electricity demand,
grid cost, site area)

Typical Meteorological
Year Data

(temperature, wind
speed, solar irradiance)

Candidate
Technologies

(solar, turbine, battery)

Technology Trends
(cost, efficiency)

NREL SAM [33]

Clustering Model

Multi–Stage Stochastic
Programming Model

Strategic Plan
(technology deployment

and management decisions)

Hourly Electricity
Generation Profiles

Scenario Tree

Figure 1: Overview of the proposed planning framework, illustrating data sources, preprocessing modules,
and their integration into the multi-stage stochastic programming model.

The primary contributions and innovations of the proposed approach are as follows:
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• Contrary to the majority of SEP and CET studies which consider a deterministic technology improve-

ment trajectory, we develop a multi-stage stochastic programming model that explicitly take into account

the uncertainty in technology development in terms of cost and efficiency.

• Although cost and efficiency developments are highly correlated, the stochasticity in efficiency improve-

ments of clean electricity generation technologies is overlooked in the literature. To forecast cost and

efficiency developments together, we propose a new approach, in which scenario trees are generated

through clustering methods applied to historical data. These trees represent plausible trajectories of re-

newable electricity technology advancements, enabling uncertainty-aware planning and establishing a

realistic foundation for strategic decision-making.

• Unlike conventional methodologies that aggregate temporal data, the proposed framework employs high-

resolution temporal profiles of electricity generation and consumption. Hourly renewable electricity

generation profiles are simulated using NREL SAM [33]. This allows us to realistically model detailed

operational aspects in our multi-stage stochastic program, enhancing the reliability and feasibility of

strategic-level decisions.

By combining site-specific data, technological uncertainty, and detailed operational dynamics, the frame-

work delivers investment strategies that are both economically viable and practically implementable. While

demonstrated on a campus-scale electricity transition at METU, the methodology is broadly applicable to

other sectors—such as transportation [34], industrial manufacturing, and smart grid modernization—where

long-term planning must account for technological uncertainty.

1.3. Paper Organization

The remainder of this paper is structured as follows. Section 2 describes the problem formulation and

proposes the multi-stage stochastic programming model. Section 3 provides the data sources, preprocessing

methodologies, and scenario generation process, including the construction of probability distributions and

scenario trees representing technological advancements. Section 4 presents comprehensive computational

experiments based on the METU case study, including extensive sensitivity analyses evaluating the adapt-

ability of the proposed approach under various cases. Finally, Section 5 summarizes the key findings and

outlines potential directions for future research.

2. Multi-Stage Stochastic Programming Model

This section describes the methodological framework developed for campus-scale clean electricity tran-

sition planning under technological uncertainty. A multi-stage stochastic programming model is formulated

to capture both the ambiguity of future technological pathways and the high temporal resolution of system

operations. There are three time levels in our model: i) stages, ii) investment periods, iii) operational sub-

periods. The scenario tree (Section 3.3) represents plausible trajectories of technological evolution across

multiple stages. Each stage comprises several time periods during which investment decisions are made.
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These periods are further subdivided into sub-periods to account for detailed operational decisions and sys-

tem constraints. To retain computational tractability while preserving practical relevance, the model relies

on a set of simplifying assumptions described below.

Stage-wise assumptions and simplifications:
• Technological advancements occur exclusively at stage transitions. Consequently, each stage is charac-

terized by distinct technological parameters and stochastic conditions.

Period-wise assumptions and simplifications:
• For each renewable electricity generation technology, multiple versions—characterized by differing

rated capacities, installation costs, and performance metrics—are considered for investment. All ver-

sions of a given technology follow an identical stochastic trajectory for cost and efficiency evolution.

• Investment and retirement decisions for electricity generation technologies are modeled by integer vari-

ables to reflect discrete choice among technology versions. Storage technology deployment, by contrast,

is modeled through continuous variables to reflect the unit-based installation of a single battery version.

• Newly installed technologies become operational in the same period in which they are commissioned.

Conversely, technologies designated for retirement are decommissioned at the start of the specified re-

tirement period.

• The investment portfolio is restricted to renewable generation and battery storage technologies; conven-

tional fossil fuel-based alternatives are deliberately excluded from consideration.

• All costs incurred over the planning horizon are discounted to present value using a predefined real

discount rate.

Sub-period-wise assumptions and simplifications:
• Electricity demand, grid prices, and renewable generation are specified as deterministic and exogenous

inputs in each sub-period. A supplementary sensitivity analysis introduces a safety demand margin to

assess system reliability against potential variability in demand and generation levels.

Tables 2, 3, and 4 provide a comprehensive overview of the sets, decision variables, and parameters

employed in the subsequent mathematical formulation.

Table 2: List of index sets.

Set Description
N Set of nodes in the scenario tree, N = {0,1, . . . ,N}.
T Set of investment periods, T = {0,1, . . . ,T}.
Tn Subset of investment periods associated with node n ∈ N .
Q Set of operational sub-periods within each investment period, Q = {0,1, . . . ,Q}.
J Set of renewable electricity generation technology types.
S Set of electricity storage technology types.
Vu Set of available technology versions for each technology type u ∈ J ∪S .

Tu,[t) Set of periods t ′ during which technology type u ∈J ∪S , installed in period t ∈T , remains operational,
i.e., t ≤ t ′ < t + τ(u,t).

T ′
u,[t ′) Set of possible installation periods t of technology type u ∈ J ∪S that is operational in period t ′ ∈ T ,

i.e., t ≤ t ′ < t + τ(u,t).

7



Table 3: List of decision variables.

Variable Description
v+
(u,v),t,n Number of installations of technology type u ∈ J ∪S , version v ∈ Vu, in period t ∈ Tn at node

n ∈ N .
v(u,v),t,t ′,n Number of technology type u ∈ J ∪S , version v ∈ Vu, that was installed in period t ∈ T ′

u,[t ′) and
remains operational during period t ′ ∈ Tn at node n ∈ N .

v−
(u,v),t,t ′,n Number of technology type u ∈ J ∪S , version v ∈ Vu, that was installed in period t ∈ T ′

u,[t ′) and are
salvaged in period t ′ ∈ Tn at node n ∈ N .

c(q,t),n Electricity stored at the end of sub-period q ∈ Q in period t ∈ Tn at node n ∈ N , carried forward to
the next sub-period.

z+
(q,t),n Electricity charged into storage during sub-period q ∈ Q in period t ∈ Tn at node n ∈ N .

z−
(q,t),n Electricity discharged from storage during sub-period q ∈ Q in period t ∈ Tn at node n ∈ N .

g(q,t),n Electricity purchased from the grid in sub-period q ∈ Q in period t ∈ Tn at node n ∈ N .

Table 4: List of parameters.

Parameter Description
πn Probability of node n ∈ N in the scenario tree.

µ(n,t) Ancestor node of n ∈ N in period t ∈ T .
κ(q,t),n Sub-period, period, and node immediately preceding sub-period q ∈ Q of period t ∈ Tn at node

n ∈ N .
βnominal Nominal discount rate applied to the periods.

ζ Inflation rate applied to the periods.
βreal Real discount rate, calculated as βreal =

1+βnominal
1+ζ

−1.
β Discount factor, calculated as β = 1

1+βreal
.

α
+
(u,v),t,n Installation cost of technology type u ∈ J ∪S , version v ∈ Vu, in period t ∈ Tn at node n ∈ N .

α(u,v),t,t ′,n Operation and maintenance cost of technology type u ∈ J ∪S , version v ∈ Vu, installed in period
t ∈ T ′

u,[t ′) and operated in period t ′ ∈ Tn at node n ∈ N .
α
−
(u,v),t,t ′,n Salvage value of technology u ∈ J ∪S , version v ∈ Vu, installed in period t ∈ T ′

u,[t ′) and salvaged
in period t ′ ∈ Tn at node n ∈ N .

λt Cost of purchasing grid electricity in period t ∈ T .
δ(q,t) Electricity demand in sub-period q ∈ Q of period t ∈ T .

Γ( j,v),q,t,t ′,n Renewable electricity generation from technology type j ∈ J , version v ∈ V j, in sub-period q ∈ Q
of period t ′ ∈ Tn at node n ∈ N , for installations made in period t ∈ T ′

j,[t ′).
υ(s,v),t,t ′,n Storage capacity from technology type s ∈ S , version v ∈ Vs, during period t ′ ∈ Tn at node n ∈ N ,

for installations made in period t ∈ T ′
s,[t ′).

η+,η− Charging and discharging efficiencies of storage technologies, respectively.
ρ(u,v),t Spatial requirement of technology type u ∈ J ∪S , version v ∈ Vu, in period t ∈ T .
τ(u,t) Economic lifetime of technology type u ∈ J ∪S installed in period t ∈ T .
ι(u,v) Number of technology type u ∈ J ∪S , version v ∈ Vu existing at the start of the planning horizon.

εt Emission factor of grid electricity in period t ∈ T .
θt Maximum permitted emissions in period t ∈ T .
φt Available budget for installations in period t ∈ T .
ψt Cumulative maximum installation area available up to period t ∈ T .

We propose the following multi-stage stochastic programming model, which is formulated as a mixed-

integer linear program:

8



minimize ∑
n∈N {0}

∑
u∈J∪S

∑
v∈Vu

∑
t ′∈Tn

∑
t∈T ′

u,[t′)

πnβ
(t ′−1)

(
α(u,v),t,t ′,nv(u,v),t,t ′,n −α

−
(u,v),t,t ′,nv−(u,v),t,t ′,n

)

+ ∑
n∈N {0}

∑
t∈Tn

πnβ
(t−1)

(
∑

u∈J∪S
∑

v∈Vu

α
+
(u,v),t,nv+(u,v),t,n + ∑

q∈Q

λtg(q,t),n

)
(1a)

subject to

g(q,t ′),n - z+(q,t ′),n + z−(q,t ′),n + ∑
j∈J

∑
v∈V j

∑
t∈T ′

j,[t′)

Γ( j,v),q,t,t ′,nv( j,v),t,t ′,n ≥ δ(q,t ′) n ∈ N {0}, t ′ ∈ Tn,q ∈ Q (1b)

v(u,v),t,t ′,n = v+(u,v),t,µ(n,t)
-

t ′

∑
t ′′=t

v−(u,v),t,t ′′,µ(n,t′′)
n ∈ N , t ′ ∈ Tn,u ∈ J ∪S , t ∈ T ′

u,[t ′),v ∈ Vu (1c)

c(q,t ′),n = cκ(q,t′),n + η
+z+(q,t ′),n -

z−(q,t ′),n
η− n ∈ N , t ′ ∈ Tn,q ∈ Q (1d)

c(q,t ′),n ≤ ∑
s∈S

∑
v∈Vs

∑
t∈T ′

s,[t′)

υ(s,v),t,t ′,n v(s,v),t,t ′,n n ∈ N , t ′ ∈ Tn,q ∈ Q (1e)

∑
q∈Q

εt g(q,t),n ≤ θt n ∈ N , t ∈ Tn (1f)

∑
u∈J∪S

∑
v∈Vu

α
+
(u,v),t,n v+(u,v),t,n ≤ φt n ∈ N , t ∈ Tn (1g)

∑
u∈J∪S

∑
v∈Vu

∑
t∈T ′

u,[t′)

ρ(u,v),t v(u,v),t,t ′,n ≤ ψt ′ n ∈ N , t ′ ∈ Tn (1h)

v+(u,v),0,0 = ιu,v u ∈ J ∪S ,v ∈ Vu (1i)

v+( j,v),t,n ≤ M( j,v),t,n, v+( j,v),t,n ∈ Z+ n ∈ N , t ∈ Tn, j ∈ J ,v ∈ V j (1j)

v−( j,v),t,t ′,n ≤ M( j,v),t,n, v−( j,v),t,t ′,n ∈ Z+ n ∈ N , t ′ ∈ Tn, j ∈ J , t ∈ T ′
j,[t ′),v ∈ V j (1k)

v+(s,v),t,n ∈ R+ n ∈ N , t ∈ Tn,s ∈ S ,v ∈ Vs (1l)

v−(s,v),t,t ′,n ∈ R+ n ∈ N , t ′ ∈ Tn,s ∈ S , t ∈ T ′
s,[t ′),v ∈ Vs (1m)

v(u,v),t,t ′,n ∈ R+ n ∈ N , t ′ ∈ Tn,u ∈ J ∪S , t ∈ T ′
u,[t ′),v ∈ Vu (1n)

c(q,t),n, g(q,t),n, z−(q,t),n, z+(q,t),n ∈ R+ n ∈ N , t ∈ Tn,q ∈ Q. (1o)

The objective function (1a) minimizes the expected total cost over the planning horizon. This cost

comprises installation expenditures, salvage values, operation and maintenance (O&M) expenses, and grid

electricity purchases. The stochasticity of the problem is explicitly incorporated through node probabilities.

Constraint set (1b) ensures that electricity demand in each sub-period is met through a combination

of on-site generation, grid purchases, and storage operations. Technology balance constraints (1c) cap-

ture operational continuity and aging dynamics of technologies, thereby ensuring intertemporal consistency.

Storage-related constraints include (i) the balance equations (1d), which incorporate charging and discharg-

ing efficiencies, and (ii) the capacity bounds (1e), which restrict stored electricity to remain within the
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operational capacity limits of storage technologies. Emissions are restricted by (1f) to remain below pre-

determined thresholds in each period. Financial and spatial feasibility are imposed respectively by budget

constraints (1g), which cap annual installations according to allocated budgets, and spatial constraints (1h),

which limit cumulative installed footprints. Integration of pre-existing technologies at the start of the horizon

is governed by (1i).

Non-negative integer decision variables defined in (1j)–(1k) govern installation and salvage decisions for

generation technologies. Logical upper bounds, specified in (2), are imposed to tighten the feasible region

and reduce redundancy. These bounds correspond to the maximum number of installations that would be

required if the entire residual demand over the horizon were met by a single technology version installed

within a single period.

M( j,v),t,n =

⌈
max

n′∈N , t ′∈T j,[t)∩Tn′ ,q∈Q

{
δ(q,t ′)

Γ( j,v),q,t,t ′,n′

}⌉
n ∈ N , t ∈ Tn, j ∈ J ,v ∈ V j. (2)

Continuous decision variables defined in (1l)–(1n) capture installation, retirement, and operation of

storage technologies s ∈ S . While operational decision variables for generation technologies u ∈ J , are

modeled as continuous decision variables (1n), their integrality is ensured through the technology balance

constraints formulated in (1c). Continuous decision variables defined in (1o) denote grid electricity pur-

chases
(
g(q,t),n

)
, stored electricity amount

(
c(q,t),n

)
, and charging/discharging amounts

(
z−(q,t),n,z

+
(q,t),n

)
in

each sub-period.

3. Data Collection and Scenario Tree Generation

This section details the data utilized in the METU case study and elaborates on the methodology em-

ployed for constructing scenario trees. Section 3.1 introduces key parameters and technological advance-

ment scenarios for each generation and storage technology, together with the simulation procedures used to

obtain hourly electricity generation profiles. Section 3.2 describes campus-specific parameters, encompass-

ing operational data required to address short-term mismatches between generation and demand. Section 3.3

then describes a systematic procedure for generating scenario trees that incorporate technological advance-

ments into the multi-stage stochastic programming model. The complete dataset and optimization model

developed in this research are publicly accessible in [35].

3.1. Electricity Generation and Storage Technologies

This subsection provides a comprehensive overview of the parameters associated with the evaluated

electricity generation and storage technologies, namely solar photovoltaic, wind turbine, and lithium-ion

battery technologies. We decide to use these technologies due to the availability of historical datasets and

the access to recent cost information from domestic firms. The parameters we acquire for each technology

include installation costs, O&M expenditures, projected lifespans, annual performance degradation rates,

and spatial land-use requirements.
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Technological advancements are explicitly modeled at stage boundaries, each corresponding to a five-

year planning interval comprising discrete decision-making periods, facilitating a thorough evaluation of

deployment and operational strategies. Technological advancement scenarios are derived from historical

cost and efficiency datasets sourced from relevant literature and technical reports. Drawing inspiration from

the exponential improvement trajectories described by Moore’s Law [36], logarithmic transformations are

applied to these historical data, yielding normalized logarithmic five-year-forward ratios. Subsequently, a

clustering model that minimizes the squared Euclidean distances between data points and cluster centroids

is implemented to construct technological advancement scenarios. The probability associated with each

scenario cluster is computed based on the proportion of historical data points assigned to it. Finally, ex-

ponential transformations of cluster centroids yield five-year technological advancement multipliers in cost

and efficiency, thus establishing a scenario-based representation of technological uncertainties throughout

the planning horizon. We note that a similar approach is used in [34] in the context of clean bus fleet

transition problem for generating technological advancement scenarios.

3.1.1. Solar Photovoltaic Technology

Technological progress in solar photovoltaic systems is evaluated using historical cost and efficiency

time-series data from [37]. Photovoltaic efficiency is defined as the proportion of incident solar energy

converted into electricity. Historical data, shown in Figure 2 (left), indicates a pronounced downward trend

in inflation-adjusted installation costs accompanied by steady improvements in module efficiency.

In the advancement scenarios employing a two-cluster configuration (see Figure 2, right), the first cluster

exhibits five-year logarithmic improvement rates of 0.0542 for efficiency and 0.1552 for cost, whereas

the second cluster demonstrates higher rates of 0.1247 and 0.5510, respectively. Exponentiation of these

rates yields multipliers of 1.0557 for efficiency and 0.8562 for cost in the first cluster, and 1.1328 for

efficiency and 0.5510 for cost in the second. Scenario probabilities, derived from cluster populations, are

4/12 and 8/12. These clusters delineate two distinct technological pathways: a conservative trajectory with

gradual efficiency improvements and modest cost reductions, and an accelerated trajectory characterized by

significant efficiency gains and pronounced cost declines over successive five-year intervals.

To identify appropriate technology versions for on-site deployment at the METU campus, six photo-

voltaic configurations with varying installed capacities and cost profiles are assessed. Data are obtained

from a domestic engineering, procurement, and construction (EPC) firm. Nominal capacities range from

0.018 to 12 MW, with the two smallest systems suitable for rooftop installation on campus buildings. The

selected panels comprise 144 bifacial cells, achieve a module efficiency of 21.17%, and have a design life

of 25 years. Technical documentation specifies a linear degradation rate of 0.5% per year, consistent with

the established literature [38]. Historical O&M cost data from [39] are fitted with an exponential function

to project annual O&M expenses per kW of installed capacity, resulting in an annual multiplier of 0.918.
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Figure 2: Historical trends in solar technology installation cost and module efficiency (left), and the resulting
two-cluster technological improvement scenarios derived from five-year improvement rates (right).

Hourly electricity generation profiles are simulated for each technology version using a typical meteo-

rological year (TMY) dataset for the METU campus site (39.84°N, 32.81°E), obtained from the National

Solar Radiation Database (NSRDB) [40]. Simulations employ the open-source NREL SAM [33], combined

with site-specific parameters and manufacturer specifications for panels and inverters. The resulting hourly

generation data are incorporated into the optimization model, providing a high-resolution representation of

the short-term variability inherent in solar photovoltaic output.

3.1.2. Wind Turbine Technology

Wind turbine efficiency is the capability of a turbine to convert the kinetic energy of wind into electrical

output. According to Betz’s law [41], the theoretical maximum efficiency achievable by any wind turbine

is 59.3%; however, practical efficiencies remain lower due to aerodynamic and mechanical limitations [42].

Given the scarcity of comprehensive historical efficiency data, we estimate wind turbine efficiencies across

different commissioning years using other technical specifications compiled from [43]. These specifications

include key parameters such as rotor diameter, rated power, rated wind speed, cut-in and cut-out wind

speeds, and commissioning year. The power curve approximation function available in the NREL SAM

[33] is used to derive the efficiency of each turbine. Analysis of the calculated efficiencies, plotted against

commissioning years (Figure 3b), revealed no discernible temporal trend. This result led us to assume a

constant wind turbine efficiency over time, in line with the literature [42, 44].

Following the efficiency assessment, technological advancement is quantified through the analysis of in-

stallation cost trends. Historical global weighted-average installed cost data for onshore wind power plants

[45] are presented in Figure 3a (left) as solid circles, alongside an exponential trend line projecting future

expenditures. This decline, analogous to Moore’s Law, provides a deterministic technological advancement

trajectory under the assumption of constant turbine efficiency. An exponential fit to cost data from 2009

to 2022 yields an annual cost multiplier of 0.9599, corresponding to a five-year multiplier of 0.8149. In-

stallation costs for wind projects are influenced by turbine specifications, hub heights, and administrative
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and logistical requirements. For the case study, a representative project scheduled for 2024 was selected.

Located approximately 222.5 kilometers from the METU campus, it consists of four Goldwind GW165-

6.0 turbines—the sole candidate model considered—providing a total capacity of 24 MW with an expected

operational lifetime of 25 years.

Historical O&M cost data, sourced from [46] and normalized by installed capacity, are shown in Fig-

ure 3a (solid diamonds). These costs are extrapolated using an exponential trend to forecast future O&M

expenditures. Additionally, turbines are assumed to degrade at a constant annual rate of 1.6% [47], account-

ing for performance losses due to mechanical wear and environmental factors. Site area requirements are

assumed to comply with national regulations [48], which specify that the minimum required area must be at

least equal to the turbine’s swept area for single-turbine installations.

To generate wind power simulation inputs, representative months and years from the TMY dataset [40]

are first identified. For these selected periods, hourly wind speed and direction data at 10 and 50 meters

above ground level are obtained from NASA meteorological datasets [49]. Since direct measurements at

the 100-meter hub height are unavailable, wind speeds are extrapolated using the shear formula of [50]. A

shear coefficient of 0.2215, derived from 42 years of NASA historical averages, yields an estimated annual

mean wind speed of 4.90 m/s at 100 meters. This estimate aligns closely with the Global Wind Atlas [51],

supporting the validity of the extrapolation. Finally, the extrapolated wind speeds are integrated with turbine

specifications to produce hourly generation data using NREL’s SAM.
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Figure 3: Techno-economical trends for wind turbines.

3.1.3. Lithium-ion Battery Technology

Lithium-ion battery storage systems are incorporated into this study. Time-series data on cost and energy

density trends are extracted from [52] using the WebPlotDigitizer tool [53], ensuring accurate representation

of historical and projected technological advancements. Advancement scenarios for battery technology

are represented through the clusters proposed by [34]. To establish a representative battery technology,
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technical specifications from various lithium-ion battery datasheets are reviewed, with key parameters from

[54] integrated into the model.

Within the modeling framework, batteries are assumed to reach end-of-life once their capacity declines

to 80% of the initial rated capacity, consistent with industry specifications. Battery systems are assumed to

have an operational lifetime of 20 years, corresponding to an average annual degradation rate of 1% [54].

Charging and discharging efficiencies are fixed at 90% [55, 25]. In the absence of project-specific cost data,

installation costs are assumed to be $350 per kWh, following [56]. A depth-of-discharge limit of 90% is

imposed by adjusting the installation cost to $388.89 per kWh [57, 58]. Consistent with the 0.9 divisor

used to express costs per effective usable capacity, we likewise divide the baseline spatial requirement by

0.9; accordingly, the model adopts 0.033 m2 per kWh of installed capacity [59]. Under these assumptions,

a single representative battery version is modeled, with deployment decisions formulated as continuous

variables representing installed storage capacity in kWh.

Table 5 summarizes the key specifications of the candidate technology versions considered for deploy-

ment at METU. Reported values include nominal capacities, installation costs, spatial requirements, and

annually aggregated electricity generation for the initial year of operation under the meteorological condi-

tions of the METU campus in Ankara, along with the corresponding capacity factors. In addition, the salvage

value of each technology is assumed to start at 20% of its installation cost [30] and to depreciate linearly to

zero by the end of its operational lifetime. Salvage values are further adjusted across stage transitions in line

with the respective installation cost multipliers.

Table 5: Candidate electricity generation and storage technology versions for deployment.

Technology Capacity Installation Cost Spatial Requirement Annual Electricity Generation Capacity Factor
Solar V1 18 kW $20,047 88 m2 0.029 GWh

18.32%

Solar V2 36 kW $32,570 177 m2 0.059 GWh
Solar V3 0.6 MW $631,742 2,837 m2 0.963 GWh
Solar V4 1.2 MW $945,275 5,674 m2 1.926 GWh
Solar V5 6 MW $3,190,170 28,370 m2 9.628 GWh
Solar V6 12 MW $5,832,190 56,739 m2 19.256 GWh
Wind V1 6 MW $5,430,435 86,409 m2 5.466 GWh 10.40%

Battery V1 1 kWh $388.89 0.033 m2 - -

3.2. Case-Specific Parameters

Hourly electricity consumption data for the METU campus are obtained directly from university records

for the years 2023 and 2024. The corresponding monthly consumption profiles are presented in Figure 4

(left), which reveal a clear seasonal pattern. Owing to the limited availability of historical records, the

average hourly consumption across 2023 and 2024 was adopted as the representative load profile for this

study. To address discrepancies arising from a one-day misalignment between the two datasets, records from

January 1, 2023, and December 30–31, 2024, are excluded. The finalized dataset therefore comprises 8,736

consecutive hourly observations, corresponding to a total annual demand of 34.44 GWh.

Electricity purchasing cost data for METU are obtained from the Energy Market Regulatory Authority

14



(EPDK), which governs the Turkish electricity market [60]. Specifically, the cost data are drawn from

the "Final Tariff Table" under the category "Distribution System Users, Single-Rate, Public and Private

Services Sector and Others", which accurately reflects the pricing scheme applicable to public universities

in Turkey. METU’s inflation-adjusted purchasing costs are depicted in Figure 4 (right). Given the absence

of a consistent long-term trend—due to volatility driven by fuel price fluctuations, regulatory revisions, and

seasonal demand changes, a three-year average was computed and adopted as the representative cost. This

value is calculated as $0.144 per kWh.
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Figure 4: Monthly electricity demand profiles at METU for the years 2023 and 2024 (left), and grid elec-
tricity tariffs from 2011 to 2025 with the last 3-year average shown in red (right).

The designated site for renewable electricity generation and storage deployment lies within the METU

campus, near Eymir Lake (39.84°N, 32.81°E). The area remains largely undeveloped, covered by steppe

vegetation, and offers ample space to accommodate the proposed installations without imposing spatial

constraints on the model.

3.3. Scenario Tree Generation

A technology tree is a stage-wise probabilistic structure that captures the uncertain evolution of key pa-

rameters—namely installation cost and efficiency—for a single electricity technology across the planning

horizon. Each node in the tree represents the state of the technology at a particular stage, while the outgoing

branches denote mutually exclusive technological advancement scenarios. The root node corresponds to the

initial state, where the baseline installation cost and efficiency values of all candidate technology versions

are initialized. For each subsequent node, parameter values are derived by applying technology-specific cost

and efficiency multipliers to the values of their parent node. These multipliers, which encapsulate techno-

logical progress between stages, are obtained through clustering methods as outlined earlier. The probability

associated with each branch reflects the likelihood of a given advancement scenario. By recursively applying

this process, comprehensive technology trees are formed, wherein all nodes at the same depth correspond to

a specific stage, thus capturing the stochastic dynamics of technological development over time.
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Illustrative examples of the technology trees are presented in Figure 5. For clarity, each example de-

picts a single candidate version of the respective technology. Specifically, the wind power technology tree

features a single branch, reflecting the assumption of exponential cost reduction coupled with determinis-

tic and constant efficiency over time. In contrast, the solar power technology tree includes two branches,

each corresponding to distinct advancement scenarios identified through clustering. The associated branch

probabilities, denoted as θ s
solar and θ

f
solar, reflect slow and fast technological advancement scenarios, respec-

tively. Similarly, the battery technology tree comprises two branches, each corresponding to distinct cost

and efficiency improvement scenarios, also derived from clustering. While the illustrative examples adopt

two clusters for solar and battery technologies, the model is extendable to incorporate additional clusters,

which would increase the number of branches emerging from each node proportionally.

Wind

ID: 1
Probability: 1

Efficiency: 45%
Cost: $500,000

ID: 2
Probability: 1

Efficiency: 45%
Cost: $450,000

Solar

ID: 1
Probability: 1

Efficiency: 20%
Cost: $100,000

ID: 2
Probability: 0.3
Efficiency: 21%
Cost: $85,000

ID: 3
Probability: 0.7
Efficiency: 23%
Cost: $80,000

θ s
solar θ

f
solar

Battery

ID: 1
Probability: 1

Efficiency: 40%
Cost: $350

ID: 2
Probability: 0.4
Efficiency: 42%

Cost: $300

ID: 3
Probability: 0.6
Efficiency: 45%

Cost: $250

θ s
battery θ

f
battery

Stage 1

Stage 2

Figure 5: Examples of technology trees with two stages.

Since each technology advances independently, it is essential to consider all possible combinations of

their respective advancement trajectories. This is accomplished by constructing a scenario tree [61], wherein

each stage consists of nodes formed by taking the Cartesian product of the nodes from the individual tech-

nology trees at that stage. Consequently, each scenario node represents a unique joint realization of the

technological states across all considered technologies. The probability associated with each scenario node

is computed as the product of the corresponding branch probabilities from the individual technology trees.

The root node at stage 0 serves as the initialization point for the optimization model and adopts parameter

values consistent with those of its immediate successors. For example, combining the three-stage versions

of the three distinct technology trees depicted in Figure 5 yields a fully expanded three-stage scenario tree

as illustrated in Figure 6.

Combining the three-stage versions of the three technology trees illustrated in Figure 5 results in a fully

expanded scenario tree, as shown in Figure 6. Since two branches are defined for two of the technologies,

there are four branches extending from each scenario node. Specifically, the probability associated with

scenario node ID 3 at the second stage is calculated as π3 = θ s
solar × θ

f
battery, and this node corresponds to

technology nodes with IDs 2, 2, and 3 in the wind, solar, and battery technology trees, respectively.

Each path from the root to a leaf node defines a distinct scenario path, denoted by Si, representing a
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trajectory of technological advancements over the planning horizon. For instance, scenario path S3, char-

acterized by the sequence ss× f s, indicates a trajectory in which the solar technology experiences slow

advancement followed by fast advancement, while the battery technology undergoes two consecutive stages

of slow improvement.

N: 0

N: 1

N: 2 N: 3 N: 4 N: 5

N: 6

S1: ss× ss

N: 7

S2: ss× s f

N: 8

S3: ss× f s

N: 9

S4: ss× f f

N: 18

S13: f f × ss

N: 19

S14: f f × s f

N: 20

S15: f f × f s

N: 21

S16: f f × f f

1

ss sf fs ff

ss sf fs ff ss sf fs ff

Stage 0

Stage 1

Stage 2

Stage 3

Figure 6: Scenario tree instance with three stages.

By embedding the constructed scenario trees into the multi-stage stochastic programming framework,

decision-making concerning the transition and deployment of renewable electricity technologies is opti-

mized while explicitly accounting for uncertainties in technological progress. This integration facilitates the

determination of the optimal timing, scale, and mix of technology investments across a diverse set of tech-

nological advancement trajectories, thereby enabling adaptive and economically efficient strategic planning.

4. Computational Experiments

This section details the computational experiments conducted using the multi-stage stochastic program-

ming framework, specifically tailored to the METU case study, accompanied by a comprehensive sensitivity

analysis. All experiments are executed using the Gurobi solver integrated through Python, on a 64-bit work-

station equipped with two Intel® Xeon® Gold 6248R CPUs operating at 3.00 GHz, and 256 GB of RAM.

All runs use a 24-hour time limit and a 1% optimality-gap tolerance. Here, the optimality gap is defined as

100× (1− LB
UB), where UB is the objective function value of the incumbent solution reported by the solver

and LB is the proven lower bound given by the solver obtained via the branch-and-bound procedure.

4.1. Base Case

In the Base Case, we obtain a dynamic strategic plan of METU’s transition to a clean campus, assum-

ing a planning horizon of 15 years (2026-2040). This is consistent with METU’s target of having a 100%
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renewable electricity supply by 2040. The planning horizon is divided into three stages, each spanning a

five-year interval. Each year comprises 4,368 bihourly sub-periods, corresponding to consecutive intervals

during which electricity load, generation, and storage activities are aggregated. Investment decisions are

taken yearly whereas the operational decisions are taken bihourly. We utilize the input data described in

Sections 3.1 and 3.2. We set the investment budget as 5 million USD for the first five-year period, followed

by an increased budget of 10 million USD for the subsequent ten years. All costs are discounted using

an annual discount factor of β = 0.97. In alignment with METU’s sustainability objectives, the maximum

allowable emissions level is set to zero at the end of the 15-year planning horizon. In this context, achieving

zero emissions for electricity implies complete independence from grid electricity, as the model considers

only renewable technology installations and treats grid electricity as a carbon-emitting source due to its

predominantly conventional generation mix. Technological advancements of both solar photovoltaic and

lithium-ion battery systems are modeled using two distinct scenarios, categorized as slow and fast techno-

logical advancements for each stage. These scenarios are structured within a scenario tree comprising 16

leaf nodes and 16 corresponding scenario paths, as shown in Figure 6. Our optimization model comprises

1,400,967 constraints, 1,864,027 continuous variables, and 9,989 integer variables. The base optimization

model yields an objective value of 69.3 million USD, representing the total expected cost, including in-

stallation ($47.1 M), grid electricity procurement ($20.0 M) and O&M costs ($2.2 M) across all scenario

paths.

The decision tree presented in Figure 7 clearly illustrates annual technology installations for solar PV,

wind power, and usable battery (i.e., the effective storage capacity available after accounting for depth-of-

discharge limits) at each year and scenario node throughout the planning horizon, which can serve as the

dynamic strategic plan for METU. We can roughly categorize the installation decisions as economically-

driven and environmentally-driven. Economically-driven decisions, which are typically made in the first

years of each stage, take advantage of the reduced costs and improved efficiencies. For example, we observe

technology installations in the first two years of the third, fourth, and fifth nodes (i.e., years 6-7), and the

allowed budget is not utilized at all in year 8. This suggests that at those technological levels, the model

opts for cleaning only some portion of the demand, and waits for future technological advancements to

make more economical decisions. In contrast, environmentally-driven decisions are typically made in the

last years of the planning horizon just to meet the emission target. Note that such decisions might be

quite costly: Even in scenario S16, in which the technology improvements are always fast, 12-MW wind

turbine, 12-MW solar, and 21.5-MWh battery investments are made in year 15, which have a cost of more

than 6 million USD. Environmentally-driven decisions are observed not only in the final stage but also

in node 2, where deployment occurs in every year of the interval (i.e., years 6–10). These deployments

are driven by the insufficiency of the total budget in years 11–15 to meet the emission target in scenario

path S1. Consequently, the model undertakes additional installations in the preceding stage. This behavior

signifies the intrinsic complications of simultaneously accounting for emission targets, budget limitations

and economical considerations at the same time.
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Solar (MW) Wind (MW) Battery (MWh)

Year 1 6 - -

Year 2 6 - -

Year 3 - - -

Year 4 - - -

Year 5 - - -

Year 6 - 6 22.6

Year 7 12 - 18.1

Year 8 - 6 -

Year 9 12 6 -

Year 10 24 - -

6 6 21.0

- - 11.8

- - -

- - -

- - -

- 6 22.6

12 - 16.4

- - -

12 - -

12 - -

12 - 45.6

- - -

- - -

- - -

- - -

Y. 11 - - 63.9
Y. 12 - - 63.9
Y. 13 - - 63.9
Y. 14 - - 63.9
Y. 1512 - 36.6

N: 6
S1: ss× ss

- - 27.5
- - 1.0
- - 52.4
- - 116.3
- - 116.3

N: 7
S2: ss× s f

- - 29.8
- - 63.9
- - 63.9

24 - 28.7
36 - 11.2

N: 8
S3: ss× f s

- - 27.5
- - 1.0
- - 52.4
- - 116.3
- - 116.3

N: 9
S4: ss× f f

12 - 47.1
12 - 63.3
12 - 66.6
- - 116.3
- 12 32.4

N: 10
S5: s f × ss

12 - 80.3
- - 2.2

12 - 62.0
12 - 121.3
- 12 59.1

N: 11
S6: s f × s f

24 - 45.7
- - 39.9

12 - 84.3
- 6 74.4
- 6 74.4

N: 12
S7: s f × f s

24 - 89.7
- - 1.4
- - 14.5

12 - 153.6
- 12 59.1

N: 13
S8: s f × f f

13 - 43.5
36 - 11.2
36 - 11.2
24 - 28.7
6 - 54.3

N: 14
S9: f s× ss

- - 38.1
- - 32.3

12 - 84.3
- - 116.3
- 12 32.4

N: 15
S10: f s× s f

- - 23.1
12 - 27.0
- - 63.9

48 - 18.6
60 - 7.3

N: 16
S11: f s× f s

- - 38.1
- - 0.8

12 - 40.4
36 - 54.5
60 - 13.3

N: 17
S12: f s× f f

24 - 42.2
12 - 13.2
- - 116.3
- - 116.3

1212 0.4

N: 18
S13: f f × ss

18 - 83.4
- - 1.4
- 6 6.9

12 - 153.6
- 12 59.1

N: 19
S14: f f × s f

24 - 42.2
- - 0.9
- 6 42.6

36 - 54.5
60 - 11.8

N: 20
S15: f f × f s

24 - 91.5
- - 1.4
- - 1.7

12 - 164.4
1212 21.5

N: 21
S16: f f × f f

ss sf fs ff

ss sf fs ff ss sf fs ff ss sf fs ff ss sf fs ff

N: 1

N: 2 N: 3 N: 4 N: 5

Figure 7: Decision tree for the Base Case (see Figure 6 for the corresponding scenario tree). Node indices and stage transitions are written
in boldface. For each node in the tree, we provide a 5×3 matrix, in which a cell gives the installation decision for solar (MW), wind (MW),
and usable battery storage (MWh) technologies (given by the columns) for each investment period (indexed by the rows). For example, 6 MW
solar PV, 6 MW wind turbine and 21.0 MWh battery storage are installed in year 6 of node 3.
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Over the 15-year planning horizon, procuring electricity exclusively from the grid without any technol-

ogy installations results in a total cost of 58.8 million USD. By contrast, the optimization model yields a

cost of 69.3 million USD, corresponding to a 17.8% increase. The additional 10.5 million USD represents

the premium required to facilitate the transition to clean electricity technologies while ensuring full demand

satisfaction. From a cost–benefit perspective, this premium internalizes environmental benefits, reduces

long-term dependence on grid electricity, and enhances energy self-sufficiency. The model prescribes a

phased transition toward 100% renewable technologies, such that no early retirements or salvage decisions

are economically justified, since all installed assets are retained to meet the final year’s demand entirely

with renewable sources. These findings underscore the economic viability of renewable deployment even

within a 15-year horizon. Moreover, the extended lifetimes of renewable assets beyond the modeled period

indicate that benefits will continue to accrue after the planning horizon, further strengthening the long-term

cost-effectiveness of the clean energy transition.

The median usable battery storage capacity across all scenario paths is 338.2-MWh. The full effective

capacity is sufficient to cover 42.9 consecutive average sub-period demand, underscoring both the critical

role and heavy reliance on storage technologies in enabling system flexibility. However, the prominence

of battery storage in the optimization outcomes also highlights a methodological limitation: relying on

representative days for modeling is inadequate to capture the full extent of storage dynamics. Since battery

performance and utilization are inherently tied to consecutive sub-periods variations, simplifications through

representative days risk underestimating or misrepresenting the system’s actual dependence on storage. This

result therefore emphasizes the need for modeling approaches that preserve chronological detail to more

accurately reflect the operational and economic significance of clean energy transition.

Figure 8 depicts electricity generation from solar PV and wind power technologies, and the total elec-

tricity demand satisfied by grid procurement in each scenario path. This figure also provides a detailed

breakdown of costs for each scenario path, distinctly categorizing installation expenditures, grid procure-

ment costs, and O&M expenses. Installation costs constitute the largest portion of total scenario path expen-

ditures, underscoring the capital-intensive nature of renewable energy technology deployment, while O&M

costs account for a comparatively minor share.

The total installed capacities of renewable and storage technologies, along with scenario path costs,

demonstrate significant sensitivity to technological advancement trajectories whereas the total grid procure-

ment is insensitive to uncertainty realizations. Across all scenario paths, renewable generation capacities

exceed electricity load requirements significantly, particularly in the later years of the planning horizon.

The need for substantial electricity generation capacity arises from notable temporal mismatches between

renewable electricity generation and campus demand profiles. Consequently, electricity storage technologies

are critical for managing excess generation and ensuring a stable balance between intermittent renewable

supply and campus electricity demand. Furthermore, wind power installations remain relatively limited due

to lower simulated capacity factors at the campus location. Despite wind energy’s comparatively limited

economic competitiveness relative to solar PV systems, wind power is strategically implemented in smaller
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capacities to complement the generation profile provided by solar PV. As expected, the electricity generation

from wind turbines is the highest in scenario paths S1–S4, in which both solar PV and storage technology

improvements are slow after the first state transition.

Considering scenario paths characterized by slow first stage transition (i.e., the transition from Stage 1

to Stage 2) in solar technological advancement, the expected cost for the reduced scenario tree (i.e., S1–S8)

is $76.2 million, whereas for scenario paths involving fast first stage transition in solar advancements (i.e.,

S9–S16), the expected cost amounts to $65.8 million. In comparison, scenario paths regarding battery tech-

nology advancements in the first stage transition result in expected costs of $76.8 million for slow advance-

ment (i.e., S1–S4, S9–S12) and $60.6 million for fast advancement (i.e., S5–S8, S13–S16). These outcomes

indicate that total scenario path costs are considerably more sensitive to advancements in battery technology,

despite the relatively similar overall contributions from battery and solar installations to the total expected

costs, amounting to $20.6 million and $20.5 million, respectively.
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Figure 8: Cumulative electricity generation and grid electricity procurement, along with scenario path cost
components, for each scenario path under the Base Case. Diagonally patterned bars represent cumulative
renewable electricity generation from wind power and solar PV technologies, while horizontally lined bars
denote cumulative grid electricity procurement summed across the entire planning horizon

.

Figure 9 further presents a detailed annual breakdown of electricity source contributions and corre-

sponding cost components across four representative scenario paths. These selected paths represent extreme

technological advancement scenarios characterized by either two consecutive periods of slow or fast techno-

logical improvements for solar PV and storage technologies. Grid electricity procurement is similar across

all scenario paths and is primarily concentrated in the initial years, common to all paths. As mentioned ear-

lier in relation to Figure 7, annual installation patterns distinctly favor technology deployments at the onset

of each stage. This trend aligns with anticipated technological advancements occurring between stages, in-
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centivizing early investments to capitalize on projected cost reductions sooner as much as the budget allows,

and thereby reduce reliance on grid electricity procurement. We observe that the proportion of renewables

in the annual supply mix increases steadily, starting from the initial years. On the other hand, the battery

storage deployments typically occur later in the planning horizon. One of the underlying reasons for this

strategy is to increase renewable generation first, and then, when surplus occurs, invest in battery storage to

manage intermittency.
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Figure 9: Annual electricity supply mix percentages and cost breakdowns for extreme scenario paths in the
Base Case. The stacked bars show the annual proportions of electricity demand satisfied by renewable
generation (solar PV and wind power), battery storage utilization, and grid electricity procurement. Cost
components—including installation, grid procurement, and O&M expenses—along with the total annual
total costs, are depicted on the secondary (right) axis.

Notably, even though we only have a single emission target at the end of the planning horizon, the de-

ployment of renewable electricity generation technologies begins immediately. Across all scenario paths,

emissions decrease to less than 26% of the total supply mix in year 7 and further reduce to below 10%

in year 12. This outcome highlights a critical trade-off: early installations, despite incurring higher initial

costs, extend the duration during which renewable generation meets electricity demand, whereas delayed

installations, although initially less expensive, result in increased reliance on grid electricity procurement
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and consequently higher grid purchasing costs. Thus, these investment decisions demonstrate the economic

competitiveness of renewable technologies relative to conventional grid electricity procurement, emphasiz-

ing their viability in both environmental and economic terms. However, we also note that our stringent

emission constraint enforced for the last year entails a large investment amount at the end of the planning

horizon. For example, in S16 where the technological advancements are always fast, the grid procurement

amounts to 1.22% of the total demand in year 14. As previously mentioned in relation to Figure 9, cleaning

up this portion of the demand requires an investment of more than 6 million USD in the last year.

4.2. Sensitivity Analysis

To evaluate the adaptability of the proposed multi-stage stochastic programming framework, we per-

form a set of sensitivity analyses under four distinct cases: i) Relaxed Budget, ii) Relaxed Emission,

iii) Safety Margin, and iv) Low Turbine Price. These cases are designed to evaluate the effects of in-

creased financial flexibility, modified emission policies, enhanced system reliability constraints, and policy-

induced cost reductions on optimal investment and operational decisions. Summary statistics of expected

cost components and solution times are reported in Table 6. Comprehensive results—including cumulative

electricity generation and cost components for each node, as well as annual electricity supply mixes and cost

breakdowns for extreme scenario paths-are provided in Appendix B.

Table 6: Expected cost components, optimality gap (%), and solution time (seconds) for each sensitivity
analysis case.

Case Total Cost Installation Cost Grid Purchase Cost O&M Cost Optimality Gap Time
Base $69.3 M $47.1 M $20.0 M $2.2 M 0.92% 6706 s

Relaxed Budget $65.4 M $45.2 M $17.5 M $2.7 M 0.72% 39785 s
Relaxed Emission $55.0 M $29.2 M $24.3 M $1.6 M 0.97% 9384 s
Safety Margin $76.6 M $53.8 M $20.3 M $2.6 M 0.99% 39809 s

Low Turbine Price $67.0 M $46.0 M $18.6 M $2.5 M 0.81% 41565 s

In the Relaxed Budget Case, we increase the installation budget to $15 million for all periods. This

adjustment reduces the objective value to $65.4 million, primarily due to the model’s ability to allocate in-

vestments earlier in the planning horizon, thereby extending the utilization of renewable electricity sources

and decreasing reliance on grid procurement. The expanded budget consistently lowers grid usage across

all scenario paths, with the expected cost of grid purchases declining by $2.5 million. Moreover, the ad-

ditional budget enables the installation of 12-MW PV and 6 MW wind capacity in the first year, (see Fig-

ure B.11), compared to the Base Case, in which 12 MW of PV capacity is distributed across the first two

years. In the second-stage nodes, technology deployment occurs exclusively in the sixth year, reflecting

economically-driven decisions. This outcome arises because the less stringent budget constraints provide

sufficient flexibility for environmentally-driven investments to be deferred to the third-stage nodes. Al-

though the improvements are moderate, this case highlights the advantages of enhanced financial flexibility

in accelerating the transition toward clean energy.
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In the Relaxed Emission Case, we allow up to 1% of university’s electricity demand to be met from

grid sources during the final period to examine the trade-off between strict decarbonization targets and

economic viability. The resulting objective function value decreases to $55.0 million, underscoring the

cost of stringent clean energy targets. In the Base Case, the requirement to fully align generation and

demand profiles leads to substantial investments in technologies whose capacities remain underutilized.

By permitting limited grid usage, the model reduces this investment burden, particularly in later periods.

In particular, by increasing the expected grid purchase cost by $4.3 million, the model is able to reduce

the expected installation cost by $14.3 million compared to the Base Case. Notably, most reductions in

deployment occur in battery technologies across scenario paths (ranging between 28.8-58.5%), reflecting a

shift away from overcapacity in storage technologies (see Figure B.14).

Figure 10 further illustrates the cost breakdown under varying emission allowance levels. The results

indicate that the total expected costs, installation costs, and O&M costs decline as the emission allowance

increases, whereas the expected grid purchase costs rise and eventually surpasses the expected installation

costs. Furthermore, the marginal reduction in expected total cost diminishes with higher allowance levels

(e.g., a 20.5% reduction from 0% to 1% allowance, compared to a 5.6% reduction from 1% to 2%), thereby

underscoring the cost implications of pursuing more stringent clean energy targets. Notably, the total ex-

pected cost results with different emission allowance levels, 1% to 5% allowance results in $55.0, $52.0,

$50.1, $48.9, $48.1 million, is less than cost of fullfilling demand via grid electricity procurements ($58.8

million). This result also shows the economic viability of transitioning to clean energy technologies.
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Figure 10: Cost breakdown under the Relaxed Emission Case for different emission allowance levels.

In the Safety Margin Case, a buffer is introduced for each sub-period to explicitly account for uncertain-

ties arising from high-resolution stochastic inputs related to electricity demand and renewable generation.

Accordingly, the demand allocated to each sub-period is increased by 8%. Beyond addressing uncertainty,

this adjustment also mitigates potential mismatches between supply and demand within individual sub-

periods. Under this case, the objective value increases to $76.6 million, representing a moderate additional

cost for enhanced system reliability. Across all scenario paths, battery installations rise relative to the base

case. In 13 of 16 scenario paths, solar installations also increase, ranging from 6.7% to 20%. In the two

scenario paths where solar capacity remains unchanged relative to the Base Case (S1 and S14), significant
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increments in battery installations are observed, amounting to 11.3% and 17.9%, respectively. In the only

scenario path where solar capacity decreases relative to the Base Case (S13), an additional 6-MW wind

turbine is installed in year 11, alongside a 9.4% increase in battery capacity. Moreover, in the tenth year of

node 4, a 36-MW solar installation is observed, indicating that higher demand partially shifts environmen-

tally driven decisions from descendant nodes back to the parent node. In the first stage, an 8.1-MWh battery

installation is introduced, which is not present in the base case. These findings underscore the importance of

incorporating a safety margin to address potential mismatches and renewable generation variability. How-

ever, they also highlight that such measures impose significant costs, thereby influencing long-term strategic

investment decisions.

In the Low Turbine Price Case, wind turbine installation costs are assumed to be 80% of their base-

line level, reflecting a potential policy-driven incentive. Relative to the Base Case, this reduction promotes

earlier deployment of wind capacity, with a 6-MW turbine installed in year 2 (see Figure B.20), as wind en-

ergy becomes more cost-competitive. The increase in wind-based electricity generation ranges from 17.6%

to 819.2%, with a median of 78.9%, particularly along scenario paths featuring rapid improvements in solar

PV and battery technologies during the first-stage transition. Across all scenario paths, total system costs,

installation costs, and grid purchase costs decline, whereas O&M costs rise relative to the Base Case.

Moreover, the share of emissions in the total supply mix decreases to below 8% by year 11, compared to

12% in the Base Case. These findings highlight wind power’s complementary role to solar PV in enhanc-

ing generation portfolio diversity. Nevertheless, even under favorable cost assumptions, solar technologies

remain the more economically attractive option for the campus site, where wind potential is constrained by

relatively low capacity factors.

4.3. Temporally Aggregated Models

To investigate the effects of temporal resolution on strategic-level clean energy planning, we develop

alternative models with varying degrees of temporal aggregation—specifically 24-hour, 12-hour, 8-hour,

and 4-hour intervals. The solutions of these models are then evaluated against our bihourly framework

to assess the impacts of temporal aggregation on model outcomes. Table 7 summarizes the expected cost

components, average electricity demand violations, and the average cost of fulfilling unmet demand through

grid procurement for each level of aggregation. Notably, the 24-hour, 12-hour, 8-hour, and 4-hour models

experience demand shortfalls corresponding to 24.2%, 20.3%, 0.9%, and 0.8% of total demand, respectively,

when averaged across scenario paths.

As temporal aggregation increases, the model’s objective value decreases, while demand constraint vio-

lations become more pronounced. This inverse relationship arises from the reduced visibility of short-term

fluctuations in electricity demand and renewable generation profiles, which limits the model’s ability to

accurately align supply with demand. High-resolution models capture variability more effectively, thereby

motivating substantial investments in both generation and storage technologies. In contrast, aggregated mod-

els obscure these dynamics, reducing the perceived need for storage capacity and additional generation. In

particular, battery storage investments decrease substantially as temporal resolution is reduced, underscoring
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the critical role of storage technologies in mitigating renewable intermittency and ensuring demand–supply

alignment. Furthermore, an increase in aggregation leads to a marked reduction in wind turbine investments.

This outcome reflects the relatively weak competitiveness of wind power compared to solar in the selected

installation site, as the diminished temporal resolution conceals the complementary role of wind observed

in the Base Case.

Temporal aggregation not only compromises the fulfillment of electricity demand but also leads to vio-

lations of emission restriction constraints. Even when accounting for grid procurements and incorporating

the associated average costs of unmet demand, the total system cost reported by aggregated models remains

artificially lower than the actual cost of transitioning to a clean electricity system. This discrepancy arises

because supplying even the final, relatively small portion of electricity demand exclusively with clean tech-

nologies entails disproportionately high costs, as demonstrated in the Emission Allowance Case sensitivity

analysis. These findings highlight the importance of employing high temporal resolution models, despite

their higher computational burden, to ensure realistic and reliable strategic-level clean energy planning de-

cisions.

Table 7: Objective values, demand constraint violations, cost of fulfilling unmet demand via grid procure-
ments, optimality gap (%), and solution time (seconds) for temporally aggregated models simulated under
the base model with bihourly resolution.

Operational
Resolution

Objective
Value

Average Demand
Violation

Average Cost of
Demand Violation

Optimality Gap Time

24-hour $52.5 M 124.92 GWh $15.10 M 0.86% 284 s
12-hour $54.7 M 105.00 GWh $12.76 M 1.00% 86407 s
8-hour $67.5 M 4.48 GWh $0.54 M 0.75% 2635 s
4-hour $68.0 M 3.98 GWh $0.48 M 0.79% 6325 s

4.4. Deterministic Model

To assess the importance of incorporating uncertainties in technological advancements, we construct

a deterministic model by assigning a single representative cluster center to each technology. This deter-

ministic model yields an objective value of $67.1 million, with the solution obtained in 483 seconds. By

utilizing a single deterministic trajectory to represent technological advancements, this approach models

average improvements in cost and efficiency. However, in practice, realized scenarios may involve slower

cost reductions and more limited efficiency gains. Consequently, when applied to such realizations, the

deterministic solution may fail to satisfy budget, demand, and emission constraints, thereby rendering it

infeasible within the multi-stage stochastic programming framework.

Table 8 presents the annual installation decisions for solar PV, wind power, and battery storage derived

from the deterministic model. Unlike the stochastic model, only a 6-MW solar PV installation occurs in

the first stage. Battery investments are postponed, with most capacity added in the final five years. Mod-

erate amounts of wind power are installed in years six and seven, whereas the stochastic model exhibits

delayed wind power deployment across most scenario paths. This divergence arises from the deterministic
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model’s exclusion of extreme technological advancement trajectories that would otherwise strongly favor

solar or battery technologies, leading instead to more balanced investments across technologies. Notably,

the deterministic model generates economically-driven decisions in the second stage, resulting in unrealistic

outcomes under slow technological improvement scenarios, where last stage deployments alone are insuf-

ficient to achieve a full transition to clean electricity. These findings highlight the deterministic model’s

limited ability to adapt to actual realizations of technological progress.

Table 8: Installation decisions in the deterministic model.

Technology
Year 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Solar (MW) 6 - - - - 12 - - - - 24 - - 12 36
Wind (MW) - - - - - 6 6 - - - - - - - -

Battery (MWh) - - - - - 9.9 9.2 - - - 55.4 0.8 103.0 85.0 32.0

Tables A.9 and A.10 summarize the extent of budget and demand violations that arise when applying the

deterministic solution across different scenario paths, thereby underscoring the limitations of the determinis-

tic approach compared with the more flexible stochastic programming framework. For example, in scenario

S1, characterized by slow technological progress throughout the planning horizon, the deterministic solution

would require more than an additional 20.7 million USD to implement its prescribed strategic plan.

Slower-than-anticipated improvements in technological efficiency lead to reduced electricity generation,

resulting in demand constraint violations in 12 of the 16 scenario paths. In these cases, minor violations

occur in the final year of the planning horizon due to insufficient renewable electricity supply. This shortfall

must be compensated through conventional grid-based generation, thereby preventing a complete transition

to clean electricity. The results are further misleading because, as discussed in Section 4.1, addressing this

residual demand with renewable technologies in the final year would be prohibitively expensive.

The deterministic model not only risks infeasibility under scenarios of slow technological advancement

but also tends to induce overinvestment and excessive grid electricity procurement in cases of rapid techno-

logical progress. These inefficiencies highlight the deterministic model’s inability to dynamically adapt to

diverse and evolving technological conditions.

5. Conclusion

This study develops a comprehensive multi-stage stochastic programming framework for long-term

clean energy transition planning, with particular emphasis on technological uncertainty and high-resolution

temporal dynamics. By explicitly modeling uncertainties in both the costs and efficiencies of renewable

technologies and embedding detailed operational constraints, the framework effectively links strategic in-

vestment planning with short-term system operations. Over the planning horizon, the model jointly opti-

mizes investment and operational decisions, thereby enabling large-scale consumers to pursue ambitious

decarbonization targets in a cost-effective and operationally feasible manner. A central methodological con-
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tribution lies in aligning strategic decision-making with both evolving technological developments and the

temporal variability of electricity demand and generation.

The case study of METU demonstrates the applicability of the proposed framework in a university cam-

pus setting. Our results show that solar photovoltaic technology is the most economically advantageous

option, reflecting METU’s strong solar potential and expected cost reductions in PV systems. By contrast,

the relatively low capacity factor of wind turbines at the study site constrains their role to a complementary

resource. These findings highlight the strong sensitivity of transition strategies to site-specific conditions,

emphasizing the importance of localized data in energy planning. At the same time, the analysis yields gen-

eralizable insights: battery storage is indispensable for addressing intermittency between renewable gen-

eration and demand. Substantial lithium-ion battery investments are therefore required to ensure system

reliability and to cover demand during periods of low renewable output.

Sensitivity analyses further enrich these insights. A clear trade-off emerges between economically driven

and environmentally driven decisions. In trajectories of rapid technological progress, the model prioritizes

early, cost-effective deployments, whereas under slower progress it defers investments and makes more

environmentally motivated choices toward the end of the horizon. The relaxed emission case illustrates

this trade-off: allowing 1% of demand to be met by grid electricity reduces total expected cost by 20.5%,

underscoring the economic burden associated with stringent zero-emission targets.

The results also demonstrate the importance of incorporating both stochastic technological advance-

ments and high-resolution temporal detail. Comparison with a deterministic model reveals that ignoring

technological uncertainty may lead to demand shortfall and severe budget overruns under slow technolog-

ical advancement trajectories. Similarly, coarser temporal resolutions underestimate storage requirements,

leading to significant demand violations. These findings underscore that high temporal resolution and ex-

plicit stochastic modeling are critical for producing transition strategies that are both economically viable

and practically feasible.

The framework is designed to be adaptable to diverse energy systems and consumer categories, includ-

ing university campuses, industrial facilities, and institutional complexes. Its flexible structure supports

customization across different geographic regions, system sizes, and technology portfolios. In contexts

where planners must balance long-term sustainability goals with short-term operational reliability under un-

certain technological pathways, the proposed model offers a systematic and adaptive decision-support tool.

Although this study focuses on electricity transitions at the campus scale, the framework can be extended

to integrate multiple energy vectors and sustainable technologies. Particularly, there are two specific future

work directions that are promising. Firstly, we plan to develop a model that jointly optimizes both electricity

and thermal energy transition for the METU campus. Secondly, we aim to explore how our model can be

used for policy-making in order to design mechanisms for renewable generation incentives, especially in the

case of large energy consumers. As these future directions are pursued, the complexity of the problem is

expected to increase, and we will therefore focus on developing and applying more advanced modeling and

solution techniques (such as decomposition algorithms) tailored to our context.
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[50] E. Fırtın, Önder Güler, S. A. Akdağ, Investigation of wind shear coefficients and their effect on elec-

trical energy generation, Applied Energy 88 (11) (2011) 4097–4105.

[51] Global wind atlas, accessed Sep 20, 2025 (2015).

https://globalwindatlas.info/en/

32

https://www.thewindpower.net/index.php
https://www.thewindpower.net/index.php
https://www.mevzuat.gov.tr/mevzuat?MevzuatNo=21189&MevzuatTur=7&MevzuatTertip=5
https://www.mevzuat.gov.tr/mevzuat?MevzuatNo=21189&MevzuatTur=7&MevzuatTertip=5
https://power.larc.nasa.gov/
https://power.larc.nasa.gov/
https://power.larc.nasa.gov/
https://globalwindatlas.info/en/
https://globalwindatlas.info/en/


[52] D. Walter, K. Bond, S. Butler-Sloss, L. Speelman, Y. Numata, W. Atkinson, X-change: Batteries —

the battery domino effect, Tech. rep., Rocky Mountain Institute (RMI) (2023).

[53] A. Rohatgi, Webplotdigitizer, version 5.2 (2024).

https://automeris.io

[54] Sungrow Power Supply Co., Ltd., Hefei, China, Energy Storage System Products Catalogue, europe

edition; Version 1.1 / 2021–2022 (2021).

https://vas-co.com/wp-content/uploads/2024/05/EN-BR-Sungrow-Energy-Storage-System-

Products-Catalogue.pdf

[55] Y. Zhao, Y. Zhang, Y. Li, Y. Chen, W. Huo, H. Zhao, Optimal configuration of energy storage for

alleviating transmission congestion in renewable energy enrichment region, Journal of Energy Storage

82 (2024) 110398.

[56] W. Cole, V. Ramasamy, M. Turan, Cost projections for utility-scale battery storage: 2025 update, Tech.

rep., National Renewable Energy Laboratory (2025).

[57] A. A. R. Mohamed, R. J. Best, X. Liu, D. J. Morrow, Residential battery energy storage sizing and

profitability in the presence of pv and ev, in: 2021 IEEE Madrid PowerTech, IEEE, 2021, pp. 1–6.

[58] J. A. Tejero-Gómez, Á. A. Bayod-Rújula, Sizing of battery energy storage systems for firming pv

power including aging analysis, Energies 17 (6) (2024).

[59] D. Reber, S. R. Jarvis, M. P. Marshak, Beyond energy density: flow battery design driven by safety

and location, Energy Advances 2 (9) (2023) 1357–1365.

[60] Enerji Piyasası Düzenleme Kurumu [Energy Market Regulatory Authority], Elektrik faturalarına esas

tarife tabloları [tariff tables underpinning electricity bills], https://www.epdk.gov.tr/Detay/Icerik/3-

1327/elektrik-faturalarina-esas-tarife-tablolari, accessed Sep 23, 2025 (2025).

[61] A. Shapiro, D. Dentcheva, A. Ruszczynski, Lectures on stochastic programming: modeling and theory,

SIAM, 2021.

33

https://automeris.io
https://automeris.io
https://vas-co.com/wp-content/uploads/2024/05/EN-BR-Sungrow-Energy-Storage-System-Products-Catalogue.pdf
https://vas-co.com/wp-content/uploads/2024/05/EN-BR-Sungrow-Energy-Storage-System-Products-Catalogue.pdf
https://vas-co.com/wp-content/uploads/2024/05/EN-BR-Sungrow-Energy-Storage-System-Products-Catalogue.pdf
https://www.epdk.gov.tr/Detay/Icerik/3-1327/elektrik-faturalarina-esas-tarife-tablolari
https://www.epdk.gov.tr/Detay/Icerik/3-1327/elektrik-faturalarina-esas-tarife-tablolari


Appendix A. Deterministic Model Constraint Violations

Table A.9: Budget constraint violations (thousand USD, 2024) of the solution given by the deterministic
model under different scenarios.

Y6 Y7 Y8 Y9 Y10 Y11 Y12 Y13 Y14 Y15 Total

S1: ss× ss 1554 - - - - 5169 - 4121 4947 4966 20757
S2: ss× s f 1554 - - - - 2371 - - 1032 3534 8492
S3: ss× f s 1554 - - - - 2989 - 4121 3952 2071 14687
S4: ss× f f 1554 - - - - 191 - - 37 639 2422
S5: s f × ss 635 - - - - 2371 - - 1032 3534 7573
S6: s f × s f 635 - - - - 835 - - - 2748 4219
S7: s f × f s 635 - - - - 191 - - 37 639 1503
S8: s f × f f 635 - - - - - - - - - 635
S9: f s× ss 72 - - - - 2989 - 4121 3952 2071 13204
S10: f s× s f 72 - - - - 191 - - 37 639 939
S11: f s× f s 72 - - - - 1586 - 4121 3312 207 9298
S12: f s× f f 72 - - - - - - - - - 72
S13: f f × ss - - - - - 191 - - 37 639 867

Table A.10: Demand constraint violations (MWh) of the solution given by the deterministic model under
different scenarios.

Y6 Y7 Y8 Y9 Y10 Y11 Y12 Y13 Y14 Y15 Total

S1: ss× ss 97.5 87.7 88.0 88.6 89.5 138.0 140.8 95.2 21.7 22.6 869.5
S2: ss× s f 97.5 87.7 88.0 88.6 89.5 138.0 140.8 95.2 21.7 22.6 869.5
S3: ss× f s 97.5 87.7 88.0 88.6 89.5 50.9 52.5 26.6 5.7 6.9 593.8
S4: ss× f f 97.5 87.7 88.0 88.6 89.5 50.9 52.5 26.6 5.7 6.9 593.8
S5: s f × ss 97.5 87.7 88.0 88.6 89.5 138.0 140.8 95.2 21.7 22.6 869.5
S6: s f × s f 97.5 87.7 88.0 88.6 89.5 138.0 140.8 95.2 21.7 22.6 869.5
S7: s f × f s 97.5 87.7 88.0 88.6 89.5 50.9 52.5 26.6 5.7 6.9 593.8
S8: s f × f f 97.5 87.7 88.0 88.6 89.5 50.9 52.5 26.6 5.7 6.9 593.8
S9: f s× ss - - - - - 14.4 14.7 7.5 2.5 4.5 43.6
S10: f s× s f - - - - - 14.4 14.7 7.5 2.5 4.5 43.6
S13: f f × ss - - - - - 14.4 14.7 7.5 2.5 4.5 43.6
S14: f f × s f - - - - - 14.4 14.7 7.5 2.5 4.5 43.6
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Appendix B. Detailed Results of Sensitivity Analyses

Solar (MW) Wind (MW) Battery (MWh)

Year 1 12 6 -

Year 2 - - -

Year 3 - - -

Year 4 - - -

Year 5 - - -

Year 6 - 6 10.8

Year 7 - - -

Year 8 - - -

Year 9 - - -

Year 10 - - -

6 - 36.0

- - -

- - -

- - -

- - -

12 - 27.9

- - -

- - -

- - -

- - -

12 - 40.8

- - -

- - -

- - -

- - -

Y. 1118 - 45.7
Y. 1212 - 68.2
Y. 1312 - 68.5
Y. 14 - - 95.8
Y. 15 - 1249.8

N: 6
S1: ss× ss

12 - 57.9
- - 2.6

12 - 124.8
12 - 124.8
- 6 132.6

N: 7
S2: ss× s f

24 - 49.8
- - 10.3

12 - 78.3
24 - 60.7
60 - 7.9

N: 8
S3: ss× f s

24 - 66.7
- - 0.8
- - 17.1

12 - 142.5
12 6 100.5

N: 9
S4: ss× f f

12 6 41.9
- - 2.4
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12 - 124.8
- 6 132.6
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- - 1.5

12 - 95.7
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N: 13
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S15: f f × f s
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- 6 -
- - 0.4

48 - 167.7

N: 21
S16: f f × f f
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N: 1

N: 2 N: 3 N: 4 N: 5

Figure B.11: Decision tree for the Relaxed Budget Case.
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Figure B.12: Cumulative electricity generation and grid electricity procurement, along with scenario path
cost components, for each scenario path under the Relaxed Budget Case.
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Figure B.13: Annual electricity supply mix percentages and cost breakdowns for extreme scenario paths in
the Relaxed Budget Case.
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- - -

- - -

- - -

12 - 40.1

- 6 -

- - -

- - -

- - -

Y. 1112 - 36.6
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Figure B.14: Decision tree for the Relaxed Emission Case.
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Figure B.15: Cumulative electricity generation and grid electricity procurement, along with scenario path
cost components, for each scenario path under the Relaxed Emission Case.
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Figure B.16: Annual electricity supply mix percentages and cost breakdowns for extreme scenario paths in
the Relaxed Emission Case.
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Solar (MW) Wind (MW) Battery (MWh)

Year 1 6 - 3.4
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Figure B.17: Decision tree for the Safety Margin Case.
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Figure B.18: Cumulative electricity generation and grid electricity procurement, along with scenario path
cost components, for each scenario path under the Safety Margin Case.
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Figure B.19: Annual electricity supply mix percentages and cost breakdowns for extreme scenario paths in
the Safety Margin Case
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Solar (MW) Wind (MW) Battery (MWh)

Year 1 6 - -

Year 2 - 6 -

Year 3 - - -

Year 4 - - -

Year 5 - - -

Year 6 12 - 20.3

Year 7 - 6 21.5

Year 8 12 - 3.7

Year 9 - 6 -

Year 10 24 - -

12 - 37.0

- - -

- - -

- - -

- - -

12 - 27.5

12 6 8.5

- - -

- - -

12 - -

12 - 37.8

- - -
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Y. 11 - - 63.9
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- - 24.4
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- - 75.3
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Figure B.20: Decision tree for the Low Turbine Price Case.
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Figure B.21: Cumulative electricity generation and grid electricity procurement, along with scenario path
cost components, for each scenario path under the Low Turbine Price Case.
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Figure B.22: Annual electricity supply mix percentages and cost breakdowns for extreme scenario paths in
the Low Turbine Price Case.
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