<@ sustainability

Article

Multi-Scenario Investment Optimization in Pumped Storage
Hydropower Using Enhanced Benders Decomposition and

Isolation Forest

Xu Ling !, Ying Wang !, Xiao Li 23, Bincheng Li

Tingyu Zhou 23

check for
updates
Academic Editor: Carlos

Vargas-Salgado

Received: 17 October 2025
Revised: 14 November 2025
Accepted: 16 November 2025
Published: 27 November 2025

Citation: Ling, X.; Wang, Y.;Li, X; Li,

B.; Tang, F; Ding, J.; Yu, Y; Jiang, X.;
Zhou, T. Multi-Scenario Investment
Optimization in Pumped Storage
Hydropower Using Enhanced Benders
Decomposition and Isolation Forest.
Sustainability 2025,17,10657. https://
doi.org/10.3390/su172310657

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

2,3,%(0, Fei Tang 237, Jinxiu Ding 23, Yixin Yu 23, Xiayu Jiang 2.3 and

1 Central China Branch of State Grid Corporation of China, Wuhan 430077, China

School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China

Hubei Province AC/DC Intelligent Distribution Network Engineering Technology Research Center, Wuhan
University, Wuhan 430072, China

*  Correspondence: 2025282070294@whu.edu.cn

Abstract

Under the global imperative for climate action and sustainable development, accelerating
the transition towards high-penetration renewable energy systems remains a universal
priority, central to achieving the United Nations Sustainable Development Goals. However,
the inherent uncertainty and volatility of renewables such as wind and solar PV pose
fundamental challenges to power system stability and flexibility worldwide. These chal-
lenges, if unaddressed, could significantly hinder the reliable and sustainable integration
of clean energy on a global scale. While pumped storage hydropower (PSH) represents a
mature, large-scale solution for enhancing system regulation capabilities, existing planning
methodologies frequently suffer from critical limitations. These included oversimplified
scenario representations—particularly the inadequate consideration of escalating extreme
weather events under climate change—and computational inefficiencies in solving large-
scale stochastic optimization models. These shortcomings ultimately constrained the
practical value of such approaches for advancing sustainable energy planning and build-
ing climate-resilient power infrastructures globally. To address these issues, this paper
proposed a bi-level stochastic planning method integrating scenario optimization and
improved Benders decomposition. Specifically, an integrated framework combining affinity
propagation clustering and isolation forest algorithms was developed to generate a com-
prehensive scenario set that covered both typical and anomalous operating days, thereby
capturing a wider range of system uncertainties. A two-layer stochastic optimization model
was established, aiming to minimize total investment and operational costs while ensuring
system reliability and renewable integration. The upper layer determined PSH capacity,
while the lower layer simulated multi-scenario system operations. To efficiently solve
the model, the Benders decomposition algorithm was enhanced through the introduction
of a heuristic feasible cut generation mechanism, which strengthened subproblem feasi-
bility and accelerated convergence. Simulation results demonstrated that the proposed
method achieved a 96.7% annual renewable energy integration rate and completely avoided
load shedding events with minimal investment cost, verifying its effectiveness, economic
efficiency, and enhanced adaptability to diverse operational scenarios.
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1. Introduction

Under the “carbon peak and carbon neutrality” strategy, building a new power sys-
tem with renewable energy at its core became the paramount direction of China’s energy
transition. Achieving these dual carbon goals necessitated a profound restructuring of
the energy sector, characterized by the large-scale integration of wind, solar, and hydro
power. This transition aimed not only for high penetration rates but also for leveraging
the complementary synergies among these variable sources to form a robust and efficient
energy supply matrix. However, the inherent randomness and volatility of renewable gen-
eration posed formidable challenges to power system stability. These energy sources were
non-dispatchable and often created substantial peak-shaving pressure when connecting
to transmission-constrained systems [1]. While conventional hydropower offered some
regulation capability, its flexibility was limited. Pumped hydro energy storage, as the
most technologically mature and economically viable large-scale storage solution, repre-
sented a key technical approach to enhancing system flexibility and supporting the reliable
integration of high renewable penetration [2].

The quest for optimal energy storage configuration has spurred extensive research.
Current research on pumped storage planning predominantly employed optimization
models based on operations research methods. For instance, reference [3] used stochastic
optimization for coordinated capacity planning of hybrid renewable energy systems with
pumped storage. Reference [4] proposed an integrated transmission expansion planning
model incorporating pumped storage, solved using multi-objective optimization. Refer-
ence [5] jointly optimized capacity allocation and operational strategies considering renew-
able uncertainty and multi-timescale operational characteristics. Beyond pumped storage,
recent studies explored various other storage technologies and optimization methodologies.
Reference [6] conducted a comparative life-cycle optimization of hybrid battery /hydrogen
storage systems, highlighting the economic and technological trade-offs. Similarly, refer-
ence [7] demonstrated the significant enhancement in peak-shaving capability achieved
by coupling coal-fired power plants with a compressed carbon dioxide energy storage
system. For operational coordination, reference [8] proposed an improved PSO algorithm
to optimize the charging/discharging strategies of battery storage paired with PV sys-
tems. On the algorithmic front, machine learning techniques were increasingly applied to
address system complexities. Reference [9] and reference [10] both utilized the Isolation
Forest algorithm, the former for anomaly detection in big data and the latter for mineral
prospectivity mapping, showcasing its efficacy in identifying rare and critical patterns—a
capability highly relevant for detecting extreme operational scenarios in power systems.

Nevertheless, existing studies on pumped storage often suffered from two critical
gaps. Firstly, their scenario construction was often oversimplified, failing to systematically
incorporate low-probability, high-impact events like extreme weather. Prevailing methods
like K-means clustering [11] or scenario reduction techniques [12] frequently neglect these
anomalous conditions, resulting in planning solutions with inadequate real-world adapt-
ability. Although reference [13] attempted to include anomalous scenarios using K-means
clustering, the requirement for a predetermined cluster number introduced subjectivity that
compromised objectivity and representativeness [14]. Secondly, the resulting optimization
models constituted large-scale mixed-integer linear programming problems with numerous
variables and constraints, posing high computational difficulty [15]. While decomposition
algorithms like Benders decomposition were widely adopted [16], and references [17-19]
incorporated regularization strategies and cut plane enhancement techniques to address
convergence and infeasibility issues, their effectiveness in complex power system planning
with a comprehensive scenario set required further validation and improvement.
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This research was situated within the critical context of sustainable energy transition.
By advancing the planning methodologies for pumped storage hydropower—a key enabler
for renewable energy integration—this work directly contributed to building resilient and
low-carbon power systems. The proposed method aimed to enhance grid reliability and
renewable energy utilization, thereby supporting the overarching goals of sustainable
development and climate change mitigation, which were core to the scope of Sustainability.

To address these challenges, this paper proposed a novel pumped storage planning
method that integrated advanced scenario optimization with an improved Benders de-
composition algorithm. A key contribution lay in developing a combined “clustering-
anomaly detection-re-clustering” framework. Unlike traditional methods that required a
pre-defined cluster number, the study first employed Affinity Propagation (AP) clustering to
autonomously extract typical daily operational scenarios. Then, inspired by the application
of anomaly detection in reference [9] and reference [10], it utilized the Isolation Forest algo-
rithm to systematically identify potential anomalous operating days from the residual data,
effectively capturing extreme weather events. These anomalous days were subsequently
re-integrated into the scenario set via a final clustering step, yielding a comprehensive and
representative scenario set that fully characterized system operational uncertainty.

This paper employed a two-layer programming model. The outer layer handled
pumped storage capacity investment decisions with an economic objective, while the inner
layer employed a unique “max-min” framework: the max layer generated a complete spec-
trum of scenario types through scenario combination optimization to achieve maximum
scenario difference, and the min layer aimed to minimize operational costs, renewable
energy curtailment, and load shedding, while considering constraints such as line power
flow, unit security, renewable integration, and power supply reliability. Constructed based
on a DC power flow framework, this model was solved using an enhanced Benders decom-
position algorithm where the outer layer served as the master problem and each scenario
in the inner layer constituted a subproblem. To address the convergence challenges faced
by traditional Benders decomposition when solving such complex problems, this study
introduced a heuristic feasible cut updating mechanism that significantly strengthened
the feasibility handling capability of the subproblems, thereby improving the overall con-
vergence performance of the algorithm. Case studies verified that the improved solution
method maintained economic efficiency while effectively enhancing the system’s adaptabil-
ity to diverse operational scenarios, significantly improving power supply reliability and
renewable energy integration capability.

2. Scenario Combination Optimization Method

To accurately identify the complex operational patterns in power systems formed
by factors such as load, photovoltaic, and wind power, a scenario optimization method
considering both normal and abnormal days was proposed. Abnormal days were typically
caused by extreme weather conditions like typhoons, blizzards, prolonged rain, or windless
periods. Their generation profiles for wind and solar power showed significant differences
compared to normal days. Although accounting for a small proportion of the year, these
days were crucial for enhancing system resilience against extreme events.

The proposed scenario combination optimization method primarily involved three
steps: data preparation and preprocessing, initial clustering and outlier detection, and
data integration and re-clustering. Finally, a combined and optimized scenario dataset
was established. This dataset was used for solving the pumped storage planning model in
power systems with a high penetration of renewable energy. The optimization framework
is shown in Figure 1. The original data for the three types of data were shown in Figure 2.
The utility-scale photovoltaic power, wind power, and load power profiles were obtained
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from 366 days of data for the year 2024, provided by Elia, the Belgian electricity grid
operator [20].

Data | Input the original load, wind power, and photovoltaic data.
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Sort origin data to ensure they are aligned on the time axis.
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Figure 1. Scenario Combination Optimization Framework.
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Figure 2. Three Types of Origin Data.
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2.1. Data Preparation and Preprocessing

To transform the raw, multi-source time-series data into a structured and standardized
feature matrix, the input net load, utility-scale photovoltaic, and wind power data were
first precisely sorted by timestamp. Missing or anomalous values were processed to ensure
complete synchronization of the three power curves on the time axis.

Subsequently, the three types of data for each day were combined into a high-
dimensional feature vector. Assuming each data type had NT sampling points per day, the
daily net load, utility-scale photovoltaic, and wind power data could be represented as
vectors, as shown in Equations (1)—(3), respectively.

Pianyx1= [Pur, Piaa, -+ Pran, )" 1)
PpvNyx1= [Ppv1, Ppva, -+ Poyng]” 2)
PdeTx1: [Pwdll Pz, - - - PdeT]T (©)

Equations (1)—(3) were concatenated along the feature dimension to form a compre-
hensive feature vector x. This vector fully describes the operational characteristics of the
day, as shown in Equation (4):

X = [Piang <1, PPvNg <1, Pudny x1] 4)

Through this method, a raw dataset containing x was ultimately transformed into a
sample matrix x composed of Ny, daily samples x. Its dimensions were N;, X Nr X 3.
Each sample x represented a point in the data space, characterizing the combined daily
operational scenario of wind, solar, and load.

Significant differences existed in the numerical ranges and fluctuation amplitudes of
net load, photovoltaic, and wind power. If used directly in clustering algorithms, features
with larger numerical values (such as load) would dominate the process. This would
compromise the objectivity of the clustering results. To eliminate the influence of different
feature dimensions, Z-score standardization was applied to process the data, as shown in
Equation (5):

¥ = ij _ Hj
7j

(5)

2.2. Initial Clustering and Isolation Forest Detection

All preprocessed daily samples were input into the Affinity Propagation (AP) clus-
tering model. The model automatically determined the optimal number of clusters and
assigned each daily sample to a cluster, forming preliminary typical daily scenarios.

AP clustering is an algorithm based on message passing between data points. It
iteratively exchanges information among all daily sample vectors and eventually selects
the exemplars that best represent the group as the cluster centers (typical days) [21]. The
main steps are as follows:

Initialization: All availabilities a (x;, x;) were initialized to 0.

Responsibility Update: The availabilities a and similarities s were used to calculate
and update all responsibilities 7 (x;, xy).

Availability Update: The responsibilities » were used to calculate and update all
availabilities a (x;, xy).

Exemplar Selection: For each sample x;, the data point x; that maximized the sum
r (xi, xx) + a (x;, x) was selected as its exemplar. All data points sharing the same exemplar
formed one cluster. The process terminated if the convergence criterion was met; otherwise,
it returned to Step 2.
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The methods for calculating similarity s, responsibility r, and availability a were given
in Equations (6)—(8):
(i, x0) = =l — xel|® (6)

r(xi, xx) = s(xi, xx) — r]?%{a(xi, xpr) +s(xi, xp) } 7)

a(x;, xg) = min{0,r(x, x¢) + Y max|0,r(xy, x¢)]}, Vi #k
i'¢{ik} (8)
a(xg, xx) = Y, max[0,r(x;, x)]
i 2k

Similarity s measured the suitability of sample xy, to serve as the exemplar for sample x;.
It was calculated using the negative squared Euclidean distance. A larger value indicated
greater similarity between the operational scenarios of the two samples.

Responsibility r represented the message sent from sample x; to candidate exemplar
xg. It reflected the cumulative evaluation of x; serving as the representative day for the
category of x;, considering all other possible candidate exemplars.

Availability represented the message sent from candidate exemplar x; to sample x;. It
indicated the general suitability of x; as an exemplar, how much support it received from
other samples—making it appropriate for x; to choose it as a representative.

For the initial clustering results, the Isolation Forest algorithm was independently
applied to each typical daily scenario cluster. It evaluated the local density deviation of
each sample x; within the cluster relative to its neighboring samples. If the anomaly score
of a sample vector x; exceeded a predefined threshold, it indicated a significant deviation
in its core pattern. Consequently, such a sample was identified as an outlier [22,23].

2.3. Data Integration and Re-Clustering

All identified outlier daily sample vectors were concatenated into a separate outlier
sample matrix. To further investigate the inherent patterns within these anomalies, the AP
clustering algorithm was applied again to this outlier dataset. This process grouped the orig-
inally scattered abnormal occurrences into several interpretable abnormal daily scenarios.

For each initial cluster after the removal of outliers, the central sample was computed.
These central samples were then combined with the central samples from the abnormal
daily scenarios to form a complete set of scenarios. The probability of occurrence for
each scenario was represented by a mixture weight w, calculated as the proportion of
samples in that scenario cluster relative to the total number of samples. Thus, the sum of all
probabilities weighted equaled 1. The combined central samples of the scenarios and their
corresponding weights formed the optimized scenario dataset, as shown in Equation (9):

wl w2 .« o wNS

center | center (9)

Xg =
X N

center
Gl

3. Bi-Level Pumped Storage Planning Model

The bi-level planning model established in this study was structured as illustrated
in Figure 3. The outer model served as the master problem, aiming to minimize the total
investment and expected operational costs, with its decisions constrained by investment
considerations such as pumped storage power station capacity and siting. The model
was solved using an improved Benders decomposition algorithm, which dynamically
incorporated optimality cuts and feasibility cuts into the master problem based on feedback
from the lower-level subproblems. This iterative process progressively refined the solution
toward the optimal planning scheme, with convergence controlled by strict upper and
lower bound error criteria.
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Inner Model
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L

Final Pumped Storage Power Station Investment Plan

Figure 3. Two-layer planning model for pumped storage.

The inner model featured a two-layer inner structure dedicated to scenario generation
and operational simulation. In the Max layer, a comprehensive set of scenarios encom-
passing all typical and extreme conditions was generated through scenario combination
optimization, with the primary objective of maximizing scenario dissimilarity. The sub-
sequent Min layer then performed detailed power system operational simulations for
each generated scenario, aiming to minimize operational costs, renewable energy curtail-
ment, and load shedding. These simulations had to satisfy a complete set of operational
constraints, including line power flow, generator operating limits, renewable energy inte-
gration, and power supply reliability requirements. Through this integrated approach, the
model effectively evaluated the adaptability and robustness of the upper-level investment
decisions across diverse operating conditions.

3.1. Master Problem
3.1.1. Objective Function
The objective of the master problem was to minimize the total cost, as shown in
Equation (10):
minCyp = Y Chr* Cp + Nays * Y s - 6 (10)
b s

3.1.2. Constraints

The investment constraints included the pumped storage capacity constraint and the
siting constraint, as specified in Equations (11) and (12), respectively:

CPetl.y, < ¢, < Pl y, (11)

min max
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Yp < Xp (12)

Benders decomposition constraints included optimality cuts and feasibility cuts. When
all subproblems were solvable, an optimality cut was added for each scenario. If a subprob-
lem was infeasible, a feasibility cut was introduced to eliminate the investment decisions
that led to the infeasibility.

For feasibility cuts, the conventional approach combined cuts using Farkas multipliers.
However, this method was nearly impractical for the planning problem addressed in this
paper. The subproblems incorporated numerous and complex power system operational
constraints, each potentially generating Farkas multipliers. Identifying the key constraints—
those actually causing the infeasibility—proved extremely difficult, making it challenging
to form an effective constraint combination. Furthermore, extracting Farkas multipliers
from mixed integer programming (MIP) models was inherently unstable [24].

Therefore, this paper improved the Benders decomposition process by adopting a
heuristic algorithm to update feasibility cuts. These cuts were expressed in the form of
increased investment. The constraints for optimality cuts and feasibility cuts were shown
in Equations (13) and (14), respectively:

0s > fs(Y,C)+ )_ Aps- (Cp — Cp) (13)
beB
Y Cp > ke (14)
beB

3.1.3. Convergence Condition

The premise for the convergence judgment was that all subproblems across scenarios
had feasible solutions. In the k iteration, the convergence of the algorithm was evaluated
by calculating the error between the upper bound UBy and the lower bound LBy. This
included both relative error and absolute error, as specified in Equations (15) and (16).
Convergence was considered achieved when either error fell below a predefined tolerance.
In this paper, €, was set to 1 x 107° and e, was set to $1000.

|UBy — LBy
O = ———— 21 <
rel |LBk| = €rel (15)
Jabs :|UBk - LBk|§ €abs (16)

The upper bound U By and lower bound LBj were obtained by solving the subprob-
lems and the master problem, respectively. Their calculation methods were given in
Equations (17) and (18):

UBy = Y CES™- Cp + Nyays - Y ws - fo(Ye, Cr) (17)
beB seS

LB, = min(z CgsvH'Ch‘FNdays' Zws.gs) (18)
Y.CO peB ses

The upper bound U By, represented the actual weighted total cost of the system under
the planning scheme provided by the master problem. This value corresponded to the total
cost of a feasible solution and was therefore necessarily greater than or equal to the global
optimal cost. The objective of the algorithm was to iteratively identify an investment plan
that minimized this upper bound cost.

The lower bound LB indicated the theoretically achievable minimum total cost of
the system based on the operational cost information expressed by the Benders cuts. As
the number of iterations increased, more Benders cuts were added, leading to increasingly
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accurate estimates of the future operational costs. Consequently, the value of LB; monoton-
ically non-decreasing and progressively approached the true optimal solution. The iterative
process was illustrated in Figure 4:

( Start )

\
| Initialize UB, LB |

Y |
Generate Benders cuts and add them
to the constraints of the master
problem

Solve the master problem, update LB and the
investment decision

\
Solve the subproblem, update UB

Convergence Check?

A

Calculate UB based on the results of the master
problem and subproblems

Figure 4. Flowchart of the Improved Benders Decomposition Solution Process.

3.2. Subproblem
3.2.1. Subproblem’s Objective Function

The objective of the subproblem was to minimize the comprehensive cost under each
scenario. This cost incorporated penalties for renewable energy curtailment and load
shedding, while the operational costs of renewable energy sources were neglected, as
shown in Equation (19):

minCsps = Y (Y ¢ Pt + Ceurtt + Cshed,t) (19)
T

3.2.2. Subproblem’s Constraints

The operational simulation constraints represented by the subproblem included power
flow constraints of the grid, security and stability operation constraints for various types of
generation units, as well as constraints related to renewable energy integration and power
supply reliability.

The nodal power balance constraint was given by Equation (20):

wt

Y P+ Y Pue+ Y P+ Y Pait = P — pghed 4 PR — PR Y P(ﬂb%,t (20)
i h po n

Constraints for conventional units were given by Equations (21) and (22). These
included the upper and lower output limits and ramping constraints for thermal power
units. The daily energy generation constraint for hydropower units was also included, as
shown in Equation (23).

Pmin,i < Pi,t < Pmax,i (21)

|Pit — Piy_1|< R; (22)

hyd
thi < Eh (23)
t
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In Equations (21) and (23): Ppin; and Pp,y ; represented the lower and upper output
limits of thermal unit 7, respectively; R; denoted the ramping power limit of thermal unit i;
Ej, indicated the total daily energy generation of hydropower unit /.

The operational constraints for the pumped storage units were given by Equations (24)—(29):

5= Lty PP R 2
0< L < T, 25)
Lyt = Loty =B Co (26)
{ Pt < P Upy o
P < Pl b,

Upy + U, <Yy (28)

DU = Uty < NG
E(Uf™ — Ufm) < NpU )

t

Equation (24) described the dynamic energy balance constraint of the reservoir.
Equation (25) represented the reservoir capacity constraint, which was also the source
of Benders dual variables. Equation (26) enforced the consistency of the initial and final
reservoir energy levels to ensure the storage energy remained identical at the beginning
and end of the day, simulating a sustainable daily cycling operation. Equation (27) defined
the pumping and generating power constraints. Equation (28) imposed the mutual exclu-
sivity constraint between operating modes. Equation (29) specified the daily start-up limit
constraints for pumping and generating.

The renewable energy integration constraint and the power supply reliability con-
straint were given by Equations (30) and (31), respectively:

7Y (Pogy + Pyoli + Py + Poiy) < ) (Posh + Paiy) (30)
t t
Y Y phed <Yy Py (31)
T t o

4. Analysis of Simulation Results

The simulation tests were implemented on a hardware platform equipped with an
Intel(R) Core(TM) i5-10200H CPU and an NVIDIA GeForce GTX1650 GPU. A modified
IEEE 9-bus system was used for simulation validation. This system incorporated multiple
conventional generators and load buses, making it suitable for evaluating the planning
effectiveness of pumped storage hydropower plants.

Based on the IEEE 9-bus system, wind power, photovoltaic power, and conventional
hydropower were added. The modified test case was shown in Figure 5. All buses B1 to B9
were assumed to be candidate nodes for pumped storage construction.

The utility-scale photovoltaic power, wind power, and load power profiles were
obtained from 366 days of data for the year 2024 provided by Elia, the Belgian electricity grid
operator based in Brussels, Belgium. The original data had a resolution of 15 min. Through
sampling and scaling, data with an hourly resolution was generated. The centralized
photovoltaic and wind power penetration rates, defined by peak ratios, were set at 60%
and 40%, respectively. The load in this region exhibited typical dual-peak characteristics in
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the morning and evening. In this paper, the selected outlier ratio threshold was 0.06, and
the preference parameter for outlier clustering was —70.

2 7 9 3
I o3
| o g
5 l l 6 H
4
==\
- ]
1
Gl
T | ©
G2
Hydroelectric Power ~ Wind Power PV Power load Synchronous Generator

Figure 5. Modified IEEE 9-Bus System.

Through the method proposed in this paper, we processed Belgium’s data using
an approach involving initial clustering, followed by outlier detection and subsequent
clustering, ultimately obtaining operational conditions for 12 scenarios. Figures 6 and 7,
respectively, display the specific power curves of the 6 scenarios from the original cluster
and the 6 scenarios from the outlier cluster. Table 1 presents the weighting coefficients for
these 12 scenarios. After obtaining the required scenario set for solution, we constructed the
model according to the bi-level programming framework outlined in Section 3. The model
was subsequently solved using an improved Benders decomposition algorithm, ultimately
yielding a solution set corresponding to all 12 scenarios. To evaluate the effectiveness of
the proposed method, we compared it with the K-means scene clustering method. Under
the condition of the same number of clusters, the proposed method optimized the Davies-
Bouldin Index from 1.6 to 1.4. This result demonstrated the rationality of the scene set
constructed in this paper. The optimization results were analyzed and summarized into
four major scenario categories to intuitively understand the actual conditions represented
by each cluster:

Table 1. The weighting coefficients assigned to each scenario.

Scenario Weight Scenario Weight Scenario Weight

Scenario 1 of origin cluster 0.20 Scenario 2 of origin cluster 0.22 Scenario 3 of origin cluster 0.15
Scenario 4 of origin cluster 0.11 Scenario 5 of origin cluster 0.06 Scenario 6 of origin cluster 0.20
Scenario 1 of outlier cluster  0.0055  Scenario 2 of outlier cluster ~ 0.014  Scenario 3 of outlier cluster ~ 0.016
Scenario 4 of outlier cluster ~ 0.014  Scenario 5 of outlier cluster  0.0027  Scenario 6 of outlier cluster ~ 0.0055
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Figure 6. The six samples from the origin cluster.

The first category was sunny and low-wind, “PV-dominated” days, with Scenario 3
of the origin cluster being an extreme example. This scenario typically occurred on clear,
low-wind weekdays during spring and autumn under high PV penetration. During the
daytime, PV resources were excellent, resulting in a full and smooth bell-shaped output
curve that peaked at noon, serving as the core driver of this scenario. Wind power
output remained generally low or moderate throughout the day, providing limited
contribution to the power system and failing to effectively support the evening peak.
The main challenges included potential PV overgeneration at noon, requiring curtailment
or energy storage, and the rapid ramp-up demand from other adjustable sources in the
evening as PV declined and the peak load arrived, placing extremely high demands on
system flexibility and ramping capability.

The second category was cloudy/rainy and windless, supply tight days, represented
by Scenario 5 of the origin cluster. Such days often occurred during windless rainy
days in summer or stable weather in winter. PV and wind output were low through-
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out the day, accounting for less than a quarter of the total load, indicating continuous

cloudy/rainy weather with scarce renewable resources. In this scenario, renewables pro-
vided almost no support, and the entire power supply pressure was borne by conventional

generation sources.
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Figure 7. The six samples from the outlier cluster.

The third category was windy and rainy, “wind-dominated” days, such as Scenario 6

of the outlier cluster, which exemplified windy and rainy days in winter and spring. Due

to overcast and rainy conditions, PV output remained near zero or at very low levels all

day, while wind resources were exceptionally abundant, maintaining very high output and
becoming the main power source. When load demand was low (e.g., during holiday nights),
wind output easily exceeded load requirements, leading to severe wind curtailment issues.

The fourth category was mixed renewable output with steep evening peak, “complex

and variable” days, represented by Scenario 5 of the outlier cluster, demonstrating a

complex transitional state. The challenge in grid operation arose from the “triple overlap”
in the evening: the rapid decline of PV output, the sharp increase in user load, and the
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simultaneous growth in wind power output. This required the grid to smoothly compensate
for the loss of PV, cope with the steep load increase, and simultaneously integrate and
manage variable wind power.

Using the proposed planning and solution methodology, the optimal solution was
identified as investing in and constructing a pumped storage power plant with a rated
capacity of 5760 MWh at bus B9. Simulation results of system operation showed that the
annual renewable energy integration rate reached 96.73%, with PV and wind curtailment
rates as low as 6.6% and 0.7%, respectively. No active load shedding events occurred. To
further validate this result, we performed comparative analyses at 5000 MW and 6500 MW
capacities. The results show that while the 5000 MW configuration reduces system costs by
$7,150,265, it increases curtailment rate by 0.36%; conversely, the 6500 MW configuration
improves curtailment by 0.35% but increases costs by $7,668,129. These comparisons con-
firm that the 5760 MW capacity achieves the optimal balance between economic efficiency
and renewable energy utilization, justifying its selection as the optimal investment.

Taking the first scenario (Day 47) from the original detection as an example, this
sample recorded a sunny and windy day with hybrid renewable energy output. Due to
the clear weather, photovoltaic power generation peaked at noon, while wind resources
contributed the majority of the output during the early morning and evening. The two
sources alternated in supplying power, collectively supporting the system. Figures 8 and 9
present the simulation results of unit commitment under the optimal pumped storage
investment scheme.

normal_0 (Day 47, Weight 0.191) - Power Balance Chart
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Figure 8. Operational Status of Various Units for the Central Sample of Scenario 3 of the origin cluster.

As shown in Figure 8, wind power generation occurred between 00:00 and 06:00 and
18:00-24:00, while thermal power generation remained at a relatively high level. During
these periods, system load was also elevated, maintaining a relatively balanced state where
pumped storage units remained inactive. From 12:00 to 15:00, when system load was
low and photovoltaic generation reached its peak, the system activated pumped storage
units to increase output, effectively utilizing the surplus solar energy. Between 09:00 and
10:00, hydropower and pumped storage units operated in coordination to precisely meet
electricity demand, avoiding the activation of higher-cost thermal power units.

As illustrated in Figure 9, the pumped storage plant played a critical role in maintain-
ing system balance by filling the gap between load demand and photovoltaic generation.
During the high solar irradiation period from 12:00 to 15:00, the plant operated at full
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capacity to absorb excess photovoltaic energy, preventing renewable curtailment. Between
09:00 and 10:00, it released stored electricity to support peak demand, effectively bridging
the supply-demand gap. Leveraging the flexible dispatch capability of pumped storage,
surplus renewable energy was fully utilized during low-load periods while ensuring sta-
ble and reliable power supply during peak hours. This two-phase operational strategy
achieved zero wind and solar curtailment and prevented any load shedding, demonstrating
the exceptional performance of pumped storage in enabling high renewable penetration
while maintaining system stability.
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Figure 9. Effective Usable Energy Curve of the Upper Reservoir for the Central Sample of Scenario 3
of the origin cluster.

Furthermore, the central sample of Scenario 4 (the 192nd day) was taken as an example.
This sample fell in midsummer and represented a sunny, low-wind, PV-dominated day. It
clearly demonstrated the unit commitment and dispatch results under the optimal pumped
storage investment plan, as shown in Figures 10-12.
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Figure 10. Operational Status of Various Units for the Central Sample of Scenario 4 of the origin cluster.
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normal_3 (Day 192) - PSH Reservoir Level Changes
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Figure 11. Effective Usable Energy Curve of the Upper Reservoir for the Central Sample of Scenario 4
of the origin cluster.
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Figure 12. Wind and Solar Curtailment Curves for the Central Sample of Scenario 4 of the origin cluster.

As shown in Figure 10, during the peak PV output period from 09:00 to 16:00 at noon,
the output of thermal power units was reduced to the minimum level. During the evening
peak period, the system dispatched hydropower and pumped storage units to generate
cooperatively, precisely covering the peak load and avoiding the activation of additional
high-cost thermal units. During the low-load period at noon, large-scale pumping behavior
occurred in the pumped storage system, which effectively utilized the surplus PV power
and transferred energy to more valuable time periods.

As indicated in Figure 11, the pumped storage plant filled the gap between the load
and PV output valleys. They operated in pumping mode during the midday period of high
PV generation to absorb the excess solar energy.

As can be seen from Figure 12, significant PV and wind curtailment occurred between
10:00 and 15:00. This period coincided with the peak PV output when all pumped storage
units were already operating at full pumping capacity. This indicates that although the
system had dispatched all available energy storage resources to absorb the excess power,
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the renewable generation during this period still exceeded the total capacity for integration
and regulation, resulting in unavoidable curtailment.

Furthermore, the core sample from outlier detection Scenario 3 (the 262nd day) was
taken as an example. This sample occurred during autumn and represented a typical day
characterized by clear skies, low wind, and photovoltaic-dominated generation. As shown
in Figures 13-15, the unit commitment and dispatch results under the optimal pumped
storage investment scheme were clearly demonstrated.

As shown in Figure 13, during the midday peak photovoltaic output period from 10:00
to 15:00, the output of thermal power units was suppressed to minimum levels. During the
evening peak load period, the system dispatched hydropower and pumped storage units
to generate cooperatively, precisely covering the peak load and avoiding the activation of
additional high-cost thermal units. Throughout the midday low-load period, the pumped
storage system exhibited large-scale pumping behavior, which effectively absorbed the
surplus photovoltaic power and transferred energy to more valuable time periods.

—e— Load
mmm Thermal Generation
8000} ™=m Hydro Generation

outlier_3 (Day 262, Weight 0.014) - Power Balance Chart
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4000
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Figure 13. Operational Status of Various Units for the Central Sample of Scenario 3 of the outlier cluster.
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Figure 14. Effective Usable Energy Curve of the Upper Reservoir for the Central Sample of Scenario 3
of the outlier cluster.
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Figure 15. Wind and Solar Curtailment Curves for the Central Sample of Scenario 3 of the outlier cluster.

Figure 14 indicates that the pumped storage plant filled the gap between load demand
and photovoltaic output valleys. The plant maintained a continuous pumping operation
during the period of high photovoltaic generation at midday, fully absorbing the excess
solar energy.

As can be seen from Figure 15, significant photovoltaic and wind curtailment occurred
between 10:00 and 15:00. This period coincided with the peak photovoltaic output when all
pumped storage units were already operating at full pumping capacity. This demonstrated
that although the system had dispatched all available energy storage resources to absorb
the excess power, the renewable generation during this period still exceeded the system’s
integration and regulation capacity, resulting in unavoidable curtailment.

Similarly, taking Scenario 6 (Day 323) in outlier detection as an example, this sample
represented a windy and rainy “wind-power-dominated” day. Due to the overcast and
rainy weather, photovoltaic output remained extremely low throughout the day. However,
wind resources were exceptionally abundant. Wind power output stayed very high, serving
as the primary power source. The unit commitment simulation results under the optimal
pumped storage investment scheme are shown in Figures 16 and 17.
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Figure 16. Operational Status of Various Units for the Central Sample of Scenario 6 of the outlier cluster.
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outlier_5 (Day 323) - PSH Reservoir Level Changes
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Figure 17. Effective Usable Energy Curve of the Upper Reservoir for the Central Sample of Scenario 6
of the outlier cluster.

As illustrated in Figure 1, wind power output peaked from 03:00 to 09:00. Thermal
power was reduced to its minimum. The system load was also low during this period.
Consequently, the system dispatched pumped storage units for pumping. This action
effectively utilized the surplus wind energy. During the evening peak, hydro and pumped
storage units were dispatched jointly. They precisely covered the peak load, avoiding the
activation of more costly thermal units.

As shown in Figure 17, the pumped storage plant played a crucial role in balancing
the system by filling the valley between the load and wind power generation. During
the high-wind period from 03:00 to 09:00, the plant operated at full pumping capacity
to absorb the excess wind energy that would otherwise have been curtailed. The stored
energy was then discharged from 15:00 to 19:00 to support the system during the peak
load period, effectively covering the supply-demand gap. Thanks to the flexible operation
of the pumped storage plant, the excess renewable energy was fully utilized during low-
load hours while ensuring a reliable power supply during peak demand. This two-phase
operational strategy resulted in zero wind and solar curtailment and avoided any load
shedding, demonstrating the effectiveness of pumped storage in achieving high renewable
energy integration while maintaining system reliability.

5. Discussion

To validate the universality of the method proposed in this paper, the following
analyses were conducted under different system configurations.

1.  In the IEEE9 system with reduced transmission capacity between buses 8-9 and 9-4,
the configured energy storage at B9 demonstrated a capacity of 6912.0 MWh and a
power rating of 864.0 MW. The system achieved a renewable utilization rate of 94.69%,
with PV and wind curtailment rates recorded at 6.02% and 4.75%, respectively. The
comparison with the previous results was shown in Table 2.

Table 2. Comparison of Line Capacity Reduction with the Original Plan.

Construction Nodes and Capacity PV Curtailment PV Curtailment New Energy Accommodation Rate
origin B9 5760 MWh 6.6% 0.7% 96.73%
revised B9 6912 MWh 6.02% 4.75% 94.69%
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Under a modified renewable penetration scenario in the IEEE9 system featuring
70% PV and 20% wind penetration, two storage facilities were deployed: Bl with
4000.0 MWh capacity and 500.0 MW power, and B2 with 7943.9 MWh capacity and
993.0 MW power. This configuration resulted in an improved renewable utilization
rate of 95.91%, while PV and wind curtailment levels were maintained at 5.7% and
1.2%, respectively. The comparison with the previous results was shown in Table 3.

Table 3. Comparison of the renewable energy penetration rate changes with the original plan.

Construction Nodes and Capacity PV Curtailment PV Curtailment New Energy Accommodation Rate

origin B9 5760 MWh

6.6% 0.7% 96.73%

revised B1 4000 MWh and B27943.9 MWh  5.7% 1.2% 95.91%

In the IEEE39 system with balanced 60% PV and 60% wind penetration, a single
storage unit at B36 (6912.0 MWh capacity, 864.0 MW power) supported the highest
renewable utilization rate of 96.93% among all scenarios. The corresponding curtail-
ment levels were observed at 7.5% for PV and 0.8% for wind power, demonstrating
effective renewable integration under high penetration conditions. The comparison
with the previous results was shown in Table 4.

Table 4. Comparison of different penetration rates under the IEEE 39-node system with the original plan.

origin B9 5760 MWh

Construction Nodes and Capacity PV Curtailment PV Curtailment New Energy Accommodation Rate
6.6% 0.7% 96.73%
7.5% 0.8% 96.93%

revised B36 6712 MWh

Simultaneously, this paper had certain limitations, suggesting directions for further

research in the future:

1.

Future research will further integrate pumped storage with other energy storage
systems and demand response mechanisms for collaborative optimization, aiming to
explore the optimal flexibility portfolio at the system level.

The method proposed in this paper could be further validated and applied in more
complex power system environments in the future.

The simulation calculations in this paper were conducted using only data from Bel-
gium for the year 2024. Further research is needed for other regions worldwide with
different loads and renewable generation characteristics.

6. Conclusions

This paper addressed the planning of pumped storage power stations in power sys-

tems with a high penetration of renewable energy. A bi-level stochastic planning model

that considers both normal and abnormal operating scenarios is proposed, along with an

efficient solution algorithm. The final outcome was a pumped storage planning scheme

that synergistically enhances system economy, power supply reliability, and renewable

energy integration capability. The main research conclusions were as follows:

1.

A “clustering—anomaly detection—re-clustering” scenario combination optimization
framework was proposed. Based on historical data from Belgium in 2024, the Affinity
Propagation (AP) clustering algorithm was first used to objectively identify conventional
operating conditions of wind, solar, and load. Furthermore, potential abnormal operating
days were identified and extracted using the Isolation Forest algorithm. Ultimately, a
comprehensive scenario set that fully characterizes system operational uncertainty was
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constructed, comprising 6 scenarios from conventional clustering and 6 scenarios from
abnormal clustering, resulting in a total of 12 typical operating scenarios.

2. Based on the above comprehensive scenario set, a bi-level stochastic planning model
integrating investment decision-making for pumped storage power stations with
multi-scenario operational simulation was constructed. The outer-level model aimed
for the investment economy, considering constraints such as the construction capacity
of the pumped storage power station. The inner-level model adopted a Max-Min bi-
level structure: the Max layer generated a scenario set covering all types of operational
characteristics through scenario combination optimization under the condition of
maximizing scenario dissimilarity; the Min layer aimed to minimize system operating
costs, renewable energy curtailment, and load shedding, while considering constraints
such as line power flow, unit operational security, renewable energy integration, and
power supply reliability.

3. Animproved Benders decomposition algorithm was proposed, which incorporates a
heuristic feasible cut update mechanism to enhance solution efficiency. This algorithm
was applied to solve the above multi-scenario planning model for pumped storage.
The final solution determined the construction of a pumped storage power station at
node B9 with a capacity of 5760 MW. Optimization results indicate that the system’s
renewable energy integration rate can reach 96.73%, with a solar curtailment rate
of 6.6% and a wind curtailment rate of 0.7%. No active load shedding occurred
throughout the year, demonstrating good comprehensive operational performance.

This research provides important technical support for the sustainable development
of power systems with high renewable energy penetration through its innovative planning
methodology. The proposed multi-scenario planning framework effectively enhances
the system’s adaptability to extreme weather and operational uncertainties, significantly
improving renewable energy integration and power supply reliability. These contributions
are highly aligned with global energy transition and climate resilience goals. The research
not only advances the theory and tools for clean energy planning but also offers practical
solutions for achieving the United Nations Sustainable Development Goals, demonstrating
significant practical value for building resilient and sustainable energy systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Pran;, load hosting capacity

Ppyn; solar PV hosting capacity

Puany wind power hosting capacity

Xjj value of the i sample in the j feature dimension

o; denotes the standard deviation of the j feature dimension
Hj denotes the mean of the j feature dimension

i represents the standardized value

i,k,i,k'  daily sample set index

Ng total number of scenarios

xcesmer centroid sample of scenarios

Cmp the total cost

s set of composite scenarios

b set of power system buses

CII;SVH unit investment cost of pumped hydro storage at bus b

a continuous variable denoting the capacity of pumped hydro storage invested and b

Co constructed at bus b

Ndays total number of days in the planning period

W probability or weight of scenario s

0s expected daily operating cost under scenario s given investment decision

CII;SIE minimum allowable investment capacities for pumped storage at bus b

CPsH maximum allowable investment capacities for pumped storage at bus b

Y, a binary variable that equaled 1 if a decision was made to invest in and construct
pumped storage at bus b, and 0 otherwise

X, a binary variable that equaled 1 if bus b was determined to be a candidate node for
pumped storage construction, and 0 otherwise

(Y,C) investment decision from the previous iteration

f:(Y,C) optimal operational cost under scenario s for that investment decision

Abs dual variable associated with the pumped storage capacity constraint in the subproblem

o feasibility cut amplification factor

k iteration number

cref total investment reference value

Orel relative error

Sabs absolute error

€rel relative tolerance

€abs absolute tolerance

Csps comprehensive cost

Py active power output of thermal unit i at time ¢

C; generation cost coefficient of thermal unit i

Ceurtt penalty costs for wind and solar curtailment in time period t

Cehed,t penalty costs for load shedding in time period ¢

Pyt active power output of hydropower unit h at time ¢

P;fft actual grid-injection power of photovoltaic plant pv at time ¢

Pjﬁft actual grid-injection power of wind turbine wt at time ¢

Pbgjn generation power of the pumped storage plant at bus b at time ¢

Plf), ?mp pumping power of the pumped storage plant at bus b at time ¢

Py, net load power at b at time ¢

PE’};ed load shedding power at b at time ¢

P(%%, ; power flowe (b, n) leaving node b at time ¢

Prin,i lower output limits of thermal unit i

Prax,i upper output limits of thermal unit

R; ramping power limit of thermal unit i
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Ey, total daily energy generation of hydropower unit &
Ly effective stored energy of the upper reservoir at bus b and time ¢
B storage capacity coefficient of the pumped storage plant
Cp invested effective capacity of pumped storage at bus b
b max maximum pumping power of the pumped storage plant
gen .
b max generating power of the pumped storage plant
UE‘;mP binary variables representing the generating statuses
Ufin binary variables representing the pumping statuses
Ngump the maximum allowable daily number of pumping start-ups
N‘Een the maximum allowable daily number of generating start-ups
Ly wind power curtailment
P utility-scale photovoltaic power curtailment
0% minimum allowable integration rate
K maximum allowable load shedding rate
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