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Abstract

Renewable energy sources play a crucial role in the urgent global pursuit of decarbonizing
electricity systems. However, persistent grid congestion and lengthy planning approval
processes remain the main barriers to the accelerated deployment of new green energy
source capacities. Capitalizing on the synergies afforded by co-locating hybrid power
plants—particularly those that harness temporally anti-correlated renewable sources such
as wind and solar—behind a unified connection point presents a compelling opportunity.
To this end, this paper pioneers a comprehensive planning framework for hybrid config-
urations, integrating transmission grid and renewable energy assets planning to include
energy storage systems, wind, and solar energy capacities within a long-term planning
horizon. A mixed-integer linear programming model is developed that considers both
the technical and economic aspects of combined grid planning and hybrid power plant
allocation. Additionally, the proposed framework incorporates the N − 1 contingency
criterion, ensuring system reliability in the face of potential transmission line outages,
thereby adding a layer of versatility and resilience to the approach. The model minimizes
the net present value of costs, encompassing both capital and operational expenditures as
well as curtailment costs. The efficacy of the proposed model is demonstrated through its
implementation on the benchmark IEEE 24-bus RTS system, with findings underscoring
the pivotal role of hybrid power plants in enabling cost-effective and rapid sustainable
energy integration.

Keywords: energy storage systems (ESS); hybrid power plant (HPP); photovoltaic (PV)
systems; transmission system expansion; wind farms (WFs)

1. Introduction
In the ever-changing landscape of global energy, integrating Renewable Energy

Sources (RESs) is pivotal for sustainability [1]. However, challenges like transmission
line (TL) congestion and RES’ intermittent nature require a careful planning approach
that maximizes the synergy between various RES along the planning horizon. To address
these challenges, power systems operators are increasingly adopting ESSs due to market
participation, dispatchable energy supply, reducing the uncertainty of RESs, and mitigat-
ing power quality concerns [2]. Moreover, expansion planning for transmission systems
becomes crucial to accommodate rising electricity generation from RES and demand for
electric vehicle adoption [3].
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1.1. Literature Review

Much literature has been published on optimal planning strategies for grid-connected
and standalone systems incorporating PV systems, Wind Turbines (WTs), and ESS tech-
nologies [4,5]. These studies primarily focus on capacity optimization for PV and ESS in
grid-connected households, prosumers [6]. In addition to planning considerations, ongoing
research efforts explore optimal daily operation strategies for these technologies through
various approaches like data-driven and game theory frameworks [7–9]. These efforts
offer valuable insights but fail to address several critical research gaps targeted in this
paper: (i) neglecting long-term system resilience and grid component outage management
in planning models, (ii) overlooking significant seasonal variations in RES generation
and demand patterns for optimal operation and planning, (iii) oversimplifying economic
analysis by using fixed values per MW or MWh without accounting for the varying cost
components of each technology over the planning horizon, and (iv) assuming grid connec-
tion permissions for renewable assets without accounting for the bureaucratic processes
and grid compatibility tests required in practice.

HPPs, incorporating multiple RES and/or storage technologies behind a single con-
nection point [10], constitute a paradigm-shifting solution to expedite energy transition
by offering substantial value to both plant owners and power systems. The inherent
synergy between heterogeneous RESs, particularly the complementary nature of wind
and solar resources—where their outputs are often negatively correlated—ensures more
stable and predictable power generation by HPPs. This inherent synergy not only reduces
intermittency but also allows for strategic dispatching in electricity markets, maximizing
economic returns [11]. Furthermore, HPPs optimize the utilization of existing transmission
infrastructure, eliminating the need for new transmission lines and substations while cir-
cumventing impediments associated with acquiring new planning and grid connection
permissions. HPPs leverage economies of scope through shared grid connections, reduced
land costs, and streamlined project planning resources [12–14]. Simulation studies empha-
size their dual benefits: the ability to emulate the scheduling characteristics of conventional
generators under varying weather conditions and maintain grid frequency stability [15].
Additionally, co-located ESS mitigates renewable energy curtailment due to grid constraints
while enabling more uniform and efficient storage device operation [16,17]. Despite their
potential, the complexity of HPPs’ design, coupled with high capital costs, necessitates
advanced planning and control strategies to determine economically viable and reliable
configurations. These considerations underscore the importance of continued research
in HPP planning to unlock their full potential in the energy transition. The conceptual
paradigm of HPPs, being contingent upon a single grid connection, is delineated in Figure 1.

HPP
Controller
Figure 1. Co-located grid connected HPP configuration.
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Several studies have examined hybrid renewable systems in different contexts, such as
grid-connected and islanded operational modes [18], rural electrification applications [19],
PV–diesel system planning for remote areas [20], and multi-objective optimization frame-
works that balance technical and economic trade-offs [21]. Others have investigated the
comparative advantages of network expansion versus integrating hybrid systems [22].
While these works provide valuable insights into system sizing, operational strategies, and
techno-economic evaluation, most are tailored to isolated systems (e.g., a village, some
buildings) and do not address the simultaneous optimization of both siting and sizing in
a large interconnected grid. Furthermore, they typically focus on either technical or eco-
nomic aspects, oversimplifying the other dimension. Critically, all of them omit the explicit
consideration of a shared grid connection point within the optimization model, which is
the backbone of every definition of HPPs. Instead, they rely on conventional planning
methods to determine sizing and siting first and only afterward explore the possibility of
downsizing grid connection capacity. Moreover, to the best of the authors’ knowledge, no
prior study has simultaneously incorporated all key planning aspects—namely transmis-
sion line expansion, sizing and siting of renewable and ESS assets, seasonal variations of
renewable resources, and N − 1 robustness—within a single, unified planning model.

1.2. Contributions

This paper develops a decision-making tool for policymakers and transmission grid
planners by proposing a long-term planning model for both the transmission grid and
HPPs via a Mixed Integer Linear Programming (MILP) model. More specifically, this study
explicitly models grid connection infrastructure of HPPs as independent decision variables
and optimizes RES-ESS co-location by HPPs with shared grid access, capturing temporal
synergies (e.g., wind–solar complementarity) and benefits from shared grid usage. The
proposed HPP integration model optimizes grid investments, enhances RES dispatchability,
and minimizes curtailment in the planning process.

1.3. Paper Organization

The remainder of this paper is organized as follows: Section 2 describes the proposed
optimization model for the joint grid and HPPs expansion planning. Section 3 presents the
system parameters and assumptions. Section 4 shows the model evaluation and simulation
results. Section 5 provides a comprehensive discussion of the findings. Finally, the paper’s
concluding remarks are outlined in Section 6.

2. Proposed Joint Grid and HPPs Planning Model
Prior to presenting the mathematical formulation of the proposed planning model, its

overall structure and components are illustrated in the block diagram shown in Figure 2.
This diagram outlines the key data inputs, the optimization engine including decision
variables, objective function, and constraints, as well as the primary outputs of the model,
providing a clear overview of its functionality and workflow.



Energies 2025, 18, 4561 4 of 21

Data Inputs

• Load profiles (PLoad
y,t,b )

• Solar/wind resource profiles (PSF/WF
y,t,b )

• Cost parameters (OMC, EPC, DVC, etc.)
• Grid topology (buses, lines)
• Contingency parameters (LODF)

Optimization Engine (MILP)
[Decision Variables]

• Grid connection infrastructure Vy,b, Ui
y,b

• Transmission line expansion (Fy,l′ )
• Installed capacities (xINS

y,b for SF/WF/ESS)

• Power dispatch (Py,t,i, PSFI/WFI
y,t,b , PCH/DCH

y,t,b , Pl/l′ ,y,t)

[Objective Function]
Minimize NPV: C1 (generation) + C2 (O&M)
+ C3 (investment) + C4 (curtailment)

[Constraints]

• Power flow (DC) equations
• Operational constraints (Pmin/Pmax, ramping)
• ESS dynamics (SOC, charge/discharge limits)
• N–1 security constraints
• RES availability and curtailment
• Grid connection and line expansion activation logic

Model Outputs

• Optimal siting & sizing of PV, WF, ESS
• Transmission line expansion decision
• Grid connection capacities
• Curtailed energy and ESS behavior
• Total costs, RES injection, curtailment ratio

Figure 2. Block diagram layout of the proposed model.

2.1. Objective Function

The objective function of the optimization problem to minimize the overall power
generation cost, encompassing not only the fuel and operational expenditures of Thermal
Units (TUs) but also the investment and operational costs linked to ESSs, WFs, SFs, and
TLs. The NPV of piecewise linear costs associated with TUs is as follows:

C1 =
NY

∑
y=1

TUCy

(1 + IR)y (1)

where
TUCy = 0.5 × 365 ×

T

∑
t=1

NG

∑
i=1

ECy,t,i (2)

ECy,t,i = ∑
k

C(k)
t,i P(k)

y,t,i (3)

0 ≤ P(k)
y,t,i ≤ P(k),max

y,t,i (4)
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Py,t,i = ∑
k

P(k)
y,t,i (5)

Equation (2) determines the annual cost of TUs by scaling the daily operational cost
over the planning year, where the factor 0.5 accounts for the representation of the year
through two characteristic days (winter and summer). Equations (3)–(5) define the piece-
wise linear cost function for thermal units, where Equation (3) calculates the energy cost as a
sum of linear segments, Equation (4) limits each segment’s power output, and Equation (5)
ensures the total power output equals the sum of all segments. The subsequent cost com-
ponent under consideration pertains to the Operation and Maintenance (O&M) expenses
associated with TLs, SFs, WFs, and ESSs. This category of expenditure encompasses various
elements, including fixed O&M, land lease expenses, and local authority rates, which are
recurrently imposed on these infrastructures on an annual basis. Additionally, certain
components, such as variable O&M and balancing costs, are contingent upon the daily
operational activities and energy dynamics. To ensure a comprehensive representation of
the O&M cost, it is imperative to incorporate all these cost elements into the model.

C2 =
NY

∑
y=1

OMCy

(1 + IR)y (6)

where

OMCy = 0.5 × 365 ×
T

∑
t=1

NB

∑
b=1

(OMCV
y,t,b + BCy,t,b)

+
NB

∑
b=1

(OMCF
y,b + LLEy,b + LARy,b)

+
NL

∑
l=1

(OMCF
TL + LLETL)LLl

+
NL′

∑
l′=1

(OMCF
TL + LLETL)LLl′ ∑

i≤y
Fi,l′

(7)

OMCV
y,t,b = OMCV

SFPSFI
y,t,b + OMCV

WFPWFI
y,t,b

+ OMCV
ESS(PCH

y,t,b + PDCH
y,t,b )

(8a)

BCy,t,b = BCSFPSFI
y,t,b + BCWFPWFI

y,t,b (8b)

OMCF
y,b = OMCF

ESSCDRmax ESSunit

y

∑
i=1

ESSINS
i,b

+ OMCF
WFWFunit

y

∑
i=1

WFINS
i,b + OMCF

SFSFunit

y

∑
i=1

SFINS
i,b

(8c)

LLEy,b = LLEESSCDRmax ESSunit

y

∑
i=1

ESSINS
i,b

+ LLEWFWFunit

y

∑
i=1

WFINS
i,b + LLESFSFunit

y

∑
i=1

SFINS
i,b

(8d)
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LARy,b = LARWFWFunit

y

∑
i=1

WFINS
i,b

+ LARSFSFunit

y

∑
i=1

SFINS
i,b

(8e)

Equation (7) calculates the annual O&M expenses, combining time-dependent vari-
ables and balancing costs (first term) with capacity-dependent fixed costs (remaining terms),
where the summation over existing and potential transmission lines accounts for network
expansion decisions. Equations (8a)–(8e) decompose the O&M costs into their constituent
components: (8a) variable O&M costs proportional to power generation/storage operation,
(8b) balancing costs for renewable energy management based on their injected energy, (8c)
fixed O&M costs based on installed capacity of any asset, (8d) land lease expenses, and (8e)
determines local authority regulatory costs for renewable installations. The exploration of
investment costs, as outlined in Equations (9)–(12), merits discussion. Primarily, the capital
expenditure linked with TLs, WFs, SFs, and ESSs consists of the spectrum of EPC (equip-
ment and civils), development, and grid connection costs. It is noteworthy that, unlike WFs
and SFs, where their EPC costs are solely contingent on the installed MW capacity, in the
case of ESSs, as delineated in Equation (11d), the Storage Block Cost (SBC)—incorporating
battery modules, racks, cabling, containers, and the battery management system—is reliant
on the installed MWh capacity. Additionally, costs linked with Power Equipment (PE),
encompassing power conversion systems and DC–DC converters, along with Control and
Communication (C&C) systems, are determined by the maximum MW charge/discharge
power of the ESS. In the context of HPPs, an opportunity for cost mitigation arises through
the collaborative use of grid connection infrastructures. For instance, owing to the inverse
correlation between solar radiation and wind speed, WFs and SFs can effectively share
a smaller substation and switchyard, demonstrating a more streamlined infrastructure
compared with the combined capacity of both farms. Consequently, in the proposed model,
grid connections are allocated exclusively during the initial year of RES/ESS installation
for a given HV bus.

C3 =
NY

∑
y=1

ICy

(1 + IR)y (9)

where

ICy =
NB

∑
b=1

(EPCy,b + DVCy,b + GCoCy,b)

+
NL′

∑
l′=1

(EPCTL + DCTL) LLl′ Fy,l′

(10)

EPCy,b = EPCSF
y,b + EPCWF

y,b + EPCESS
y,b (11a)

EPCSF
y,b = EPCSF

y SFunit SFINS
y,b (11b)

EPCWF
y,b = EPCWF

y WFunit WFINS
y,b (11c)

EPCESS
y,b = SBCESS

y ESSunit ESSINS
y,b

+ PECCESS
y CDRmax ESSunit ESSINS

y,b

(11d)
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DVCy,b = DVCSF
y,b + DVCWF

y,b + DVCESS
y,b (12a)

DVCSF
y,b = DCSF SFunit SFINS

y,b (12b)

DVCWF
y,b = DCWF WFunit WFINS

y,b (12c)

DVCESS
y,b = DCESS ESSunit ESSINS

y,b (12d)

Equation (10) aggregates the annual investment costs, including equipment and civil
costs for renewable and storage technologies, development costs, grid connection costs, and
TL expansion costs, where the binary variable Fy,l′ determines the optimal timing of line l′

construction. Equations (11a)–(11d) detail the equipment and civil costs: (11a) aggregates costs
across technologies, (11b) and (11c) calculate costs for solar and wind farms based on installed
MW capacity, while (11d) uniquely models ESS costs considering both energy capacity (MWh)
through storage block cost and power capacity (MW) through power equipment and control
costs. Notably, the EPC costs for RESs/ESS exhibit a consistent downward trend in the
upcoming years. In the model, the EPC cost for WFs, SFs, and ESSs is reduced annually by 2%,
7%, and 5%, respectively. Equations (12) clearly represent the development cost of renewable
and storage assets based on the installed capacity for each planning year.

Vy,b ≥ 1
M

SFINS
y,b − ∑

i<y
Vi,b (13a)

Vy,b ≥ 1
M

WFINS
y,b − ∑

i<y
Vi,b (13b)

Vy,b ≥ 1
M

ESSINS
y,b − ∑

i<y
Vi,b (13c)

Vy,b ≤ SFINS
y,b + WFINS

y,b + ESSINS
y,b (13d)

Vy,b ≤ 1 − ∑
i<y

Vi,b (13e)

Constraints (13a)–(13e) model the critical decision of grid connection infrastructure
installation timing. These constraints ensure that grid connection is established only
in the first year of renewable/storage deployment at each bus, preventing redundant
infrastructure investments while capturing the shared connection benefits of hybrid power
plants. By employing the auxiliary binary variable Vy,b along with the big constant M, the
initiation of grid connection infrastructure installation in the first year is described through
Equation (13). Conditions (13a)–(13c) ensure Vy,b is set to 1 if at least one of RES or ESS is
allocated in bus b during the initial year. Additionally, constraints (13d) and (13e) guarantee
that Vy,b remains 0 in cases where there is no resource allocation or if a specific bus has
already been assigned Vy,b = 1 in previous years.

Constraints (14) set the minimum capacity required for grid connection at a designated
bus. Notably, no grid connection capacity is allocated when Vy,b = 0. Conversely, when
Vy,b = 1, the capacity allocation should be at least as substantial as the largest RES or ESS
installation during that particular year. It is important to note that grid connection cost
does not exhibit linear growth with increasing capacity. Therefore, to maintain linearity and
accuracy in the proposed model, the connection cost is adjusted, as illustrated in Figure 3.

GCCy,b ≤ M Vy,b (14a)

GCCy,b ≥ SFunit SFINS
y,b − M (1 − Vy,b) (14b)

GCCy,b ≥ WFunit WFINS
y,b − M (1 − Vy,b) (14c)

GCCy,b ≥ CDRmax ESSunit ESSINS
y,b − M (1 − Vy,b) (14d)
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GCCy,b ≤ GCi + M (1 − Ui
y,b) ∀i ∈ [1, 2, 3, 4] (15a)

GCCy,b ≥ GCi−1 − M (1 − Ui
y,b) (15b)

GCoCy,b ≥ YIi + mi · GCCy,b − M (1 − Ui
y,b) (15c)

4

∑
i=1

Ui
y,b = 1 (15d)

Cost

GCC

GC1 GC2 GC3

YI1

YI2

YI3

GCo1

GCo2

GCo3

GC0

Figure 3. Grid connection cost for various capacities.

Constraints (15a)–(15d) implement the piecewise linear grid connection cost function
depicted in Figure 3. Binary variables (Ui

y,b) activate appropriate cost segments based on
connection capacity, with constraint (15c) calculating the corresponding cost and (15d)
ensuring exactly one segment is active.

The ultimate cost component, denoted as curtailment costs, embodies the financial
penalty imposed on the power system operator. This penalty is designed to compensate
RES owners for the intentional curtailment of injecting their full available energy, often
prompted by factors such as TUs’ ramp rates, grid constraints, or discrepancies between en-
ergy production and demand. Equation (17) quantifies this cost across the planning horizon.

C4 =
NY

∑
y=1

CCy

(1 + IR)y (16)

where

CCy = 0.5 × 365 ×
T

∑
t=1

NB

∑
b=1

ccy,t × (PWFC
y,t,b + PSFC

y,t,b ) (17)

Finally, the overall objective function, TC, which will be minimized subject to the
operational and investment constraints, is defined as follows:

min TC = C1 + C2 + C3 + C4 (18)

2.2. Power Flow Constraints

To optimize the TC in (18), consideration of power flow constraints as well as opera-
tional and physical limits is essential. The model employs the following DC power flow for
several reasons. Firstly, it avoids the complexities introduced by nonlinear AC power flow
equations. Therefore, the developed planning model will be merely an MILP model with a
guaranteed global optimal solution. Secondly, in the context of long-term planning, DC
power flow proves to be not only valid but also pragmatic [23], given the fact that the TLs
( R

X ) ratio is typically small.
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∑
i∈b

Py,t,i + PDCH
y,t,b + PSFI

y,t,b + PWFI
y,t,b

= PLoad
y,t,b + PCH

y,t,b + ∑
l∈b

Pl,y,t + ∑
l′∈b

Pl′ ,y,t
(19)

RDi ≤ Py,t,i − Py,t−1,i ≤ RUi ∀ t ∈ [2, 24] ∪ [26, 48] (20)

PLoad
y,t,b = PLoad

y−1,t,b(1 + LGy,b) (21)

Equation (19) establishes the power balance constraint specific to a given bus, ensuring
the equilibrium between generated power, load demand, and sending powers through both
current (Pl) and potential (Pl′ ) TLs. For two distinct 24-hour periods per year, representing
typical winter and summer days, the ramping constraints of TUs are described in (20).
Equation (21) models load growth evolution, where demand in each bus increases annually
by the specified growth rate.

Pl,y,t =
1
xl
(δy,t,s − δy,t,r) ∀ l : from bus s to r (22a)

− PMax
l′ ∑

i≤y
Fi,l′ ≤ Pl′ ,y,t ≤ PMax

l′ ∑
i≤y

Fi,l′ (22b)

Pl′ ,y,t ≤
1

xl′
(δy,t,s′ − δy,t,r′) + M

(
1 − ∑

i≤y
Fi,l′

)
(22c)

Pl′ ,y,t ≥
1

xl′
(δy,t,s′ − δy,t,r′)− M

(
1 − ∑

i≤y
Fi,l′

)
(22d)

Ny

∑
y=1

Fy,l′ ≤ 1 ∀ l′ : from bus s′ to r′ (22e)

Pi
Min ≤ Py,t,i ≤ Pi

Max (23)

−Pl
Max ≤ Pl,y,t ≤ Pl

Max (24)

Finally, Equation (22) govern the power flow of TLs. Constraints (22b)–(22d) ensure
that the flow of line l′ is activated if the binary variable for the line was set to 1 either in the
current year or in previous years. Equation (22e) guarantees that expansion can occur only
once for a given potential line. Furthermore, Equations (23) and (24) require the system’s
compliance with the physical constraints of TUs and current TLs.

2.3. N − 1 Security Constraints

In the event of a transmission line/transformer failure, the flow on the affected line
diminishes to zero, influencing nearby flows and potentially causing congestion. The
application of the linearized approximation of DC power flow gives rise to the emergence
of Linear Sensitivity Factors (LSFs). These LSFs are derived through the Jacobian Matrix
and exhibit computational feasibility, even in expansive power systems. Moreover, their
behavior is intricately linked to the underlying network topology. The detailed calculation
of LSFs is expounded upon in Reference [24]. The Line Outage Distribution Factors
(LODFs), a subset of LSFs, are specifically utilized to assess overloads when transmission
circuits, such as lines or transformers, undergo failures. Its definition is as follows:

LODFl,k =
∆ fl
Pk

(25)

where LODFl,k,y signifies the outage distribution factor when examining line l subsequent
to the outage of line k. ∆ fl denotes the alteration in MW flow on line l, while Pk represents
the initial flow on line k before its outage occurred. By calculating the LODFs, a rapid and
straightforward procedure can be established to assess all lines in the network for overloads
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following the possible outage of any specific line. Considering this, Equation (26) is
formulated to establish line security constraints. These constraints are essential to guarantee
the dependable operation of transmission line l in the event of an outage occurring on any
other line k. By carefully regulating the power flow dynamics under these circumstances,
the grid’s reliability and resilience are significantly enhanced.

−Pl
Max ≤ Pl,y,t + LODFl,k Pk,y,t ≤ Pl

Max (26)

In this context, it is important to acknowledge that the number of LODFl,k terms in the
model reaches NL × (NL − 1), thereby leading to a substantial proliferation of constraints,
as evident in Equation (26). This proliferation poses a significant computational challenge.
To mitigate this issue, a judicious approach involves excluding constraints associated
with LODFs falling below a defined threshold. For instance, constraints corresponding to
LODFl,k < 0.1 (indicating less than 10% flow from line k goes to line l post-outage) can be
omitted, strategically easing the computational burden while ensuring essential constraints
remain intact.

2.4. ESS Constraints

The ESSs are subject to precise technical operational constraints as follows:

SOCy,t,b ≤ ESSUnit

y

∑
i=1

ESSINS
i,b (27)

SOCy,t,b = SOCy,t−1,b + PCH
y,t,b ηch −

PDCH
y,t,b

ηdch (28)

SOCy,t,b = ISOC × ESSUnit

y

∑
i=1

ESSINS
i,b ∀ t = 0, 24, 48 (29)

PCH
y,t,b ≤ CDRmax × ESSUnit

y

∑
i=1

ESSINS
i,b (30a)

PDCH
y,t,b ≤ CDRmax × ESSUnit

y

∑
i=1

ESSINS
i,b (30b)

PCH
y,t,b ≤ BM Ich

y,t,b (31a)

PDCH
y,t,b ≤ BM (1 − Ich

y,t,b) (31b)

In Equations (27) and (28), the maximum SOC regarding the installed ESS units at each
node and their dynamic changes are defined. Considering the model’s operation daily over
a year, Equation (29) establishes the initial and final SOC limits for each day. Equation (30)
specifies the maximum charging and discharging power of ESS. Additionally, Equation (31)
utilizes a binary variable and a large positive constant to restrict simultaneous charge and
discharge for a specific ESS.

2.5. RES Constraints

The available power from RESs is contingent upon factors such as wind speed in WFs
and solar irradiance in SFs. To establish a realistic estimate of hourly available power, the
values of wind speed and solar irradiance, derived from historical data, are employed.
Equations (32)–(35) describe the available power and its correlation with curtailed and
injected power into the grid. Additionally, under the model’s assumption that hybrid co-
located power plants share the same grid connection infrastructures, it is crucial to restrict
the injected power through the network by these sources to not surpass the apparent
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power of the allocated grid connection capacity at a given bus. Equations (36a) and (36b)
guarantee the enforcement of this constraint.

PSF
y,t,b = SFAP

t,b SFUnit

y

∑
i=1

SFINS
i,b (32)

PWF
y,t,b = WFAP

t,b WFUnit

y

∑
i=1

WFINS
i,b (33)

PWF
y,t,b = PWFI

y,t,b + PWFC
y,t,b (34)

PSF
y,t,b = PSFI

y,t,b + PSFC
y,t,b (35)

PSFI
y,t,b + PWFI

y,t,b − PCH
y,t,b + PDCH

y,t,b ≤ GCCy,b (36a)

PCH
y,t,b ≤ GCCy,b (36b)

3. System Parameters and Assumptions
3.1. System Parameters

The proposed model is evaluated through simulations performed on the IEEE 24-bus
test system, where the detailed network features are given in [25]. However, due to the
relatively low energy cost of TUs, the energy costs in [25] are multiplied by five to tune
them with the practical investment parameters. The single-line diagram of this system,
including potential TLs, is depicted in Figure 4. The rationale behind selecting potential
lines between pairs of buses was the higher congestion rate of the existing TLs connected to
those buses. Table 1 details the set of techno-economic parameters of the proposed model.

Table 1. Model parameters for the study.

Parameter (s) Value (s) Parameter (s) Value (s)

Fi
na

nc
es

IR 4% C(k)
t,i

5× [25]

OMCV
SF,WF €2/MWh OMCV

ESS €1/MWh
BCSF,WF €2/MWh OMCF

SF,WF €14.42 k/MW-y
OMCF

ESS €3 k/MW-y LLESF,WF €4.5 k/MW-y
OMCF

TL €5 k/km-y LLETL €3 k/km-y
LLEESS €500/MW-y LARSF,WF €5.14 k/MW-y
EPCSF

y=1 €450 k/MW EPCWF
y=1 €1.2 m/MW

DCESS €40 k/MWh DCSF,WF €40.70 k/MW
ccy,t €30/MWh SBCESS

y=1 €200 k/MWh
PECCESS

y=1 €60 k/MW EPCTL €300 k/km
DCTL €100 k/km GCo1,2,3 €2, 4.25, 6.75 m
YI1,2,3 €5, 17.5, 27.5k –

Te
ch

ni
ca

ls ηch,dch 90% LGy,b 5%
ESSunit 10 MWh SF/WFunit 20 MW
PMax

l , xl [25] PMin/Max
i [25]

GC1,2,3 20, 50, 100 MW PLoad
y=1,t,b [25]

ISOC 0.2 CDRmax 0.5
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Potential line
for expansion

Figure 4. Single line diagram of single area IEEE 24-bus system.

3.2. Renewable Energy Assumptions

The IEEE 24-bus system does not represent a power grid in any specific geographical
location and was developed solely for testing and research approaches in power system
studies. References [25–27] specify the candidate locations for installing wind and PV units
based on resource availability and grid characteristics rather than geographical constraints,
proposing installation options for WFs at nodes 3, 5, 7, 16, 21, and 23, as well as for SFs
at nodes 3, 4, 8, 9, and 23. In practice, wind and solar atlases determine the candidate
locations for installation in real-world applications. Moreover, since per-unit and DC power
flow approaches are employed in the proposed model, the voltage level is normalized to
1 p.u. for all nodes, making geographical zoning and multiple voltage level considerations
unnecessary for the proposed model.

The estimated hourly power available for prospective WFs and SFs can be approached
using three primary methods. The first method utilizes hourly power availability data for
the entire year, leading to an extremely large number of decision variables, on the order
of 365 × T × NY × Vt, where Vt denotes the number of variables indexed by time t. This
scale renders the resulting optimization model computationally intractable. The second
method employs hourly mean values averaged across the year, substantially reducing the
computational burden while preserving the total annual available energy. However, this
simplification results in overly smoothed power profiles that fail to capture the intrinsic
intermittency of RESs, causing them to behave similarly to conventional thermal generators.
As a result, this method neglects the operational benefits of ESSs and the energy curtailment
concept. The third approach, adopted in this study, selects two representative 24-h days
per year from historical weather data from a European country: one winter day with high
wind availability and one summer day with high solar irradiance. These samples are
chosen such that the average of their combined available power closely approximates the
annual average derived from hourly data. This method effectively retains the diurnal and
seasonal variability of RES while accurately representing the annual Expected Available
Power (EAP) profiles for wind and solar generation at prospective integration nodes.
Specifically, Figures 5 and 6 illustrate the EAP profiles derived from the first year’s data
samples. Similarly, independent RES profiles are considered for any RES location in each
remaining year within the planning horizon. A comparison between the EAP of WFs and
SFs during winter and summer demonstrates the inverse correlation between these two
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sources, revealing the benefit of HPPs. Additionally, there is no prescribed limitation on
the location of ESSs.
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Figure 5. Hourly WFs available power by season in 1st year.
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Figure 6. Hourly demand and SFs available power by season in 1st year.

4. Model Evaluation
This section assesses the proposed HPP-based planning model in comparison with a

conventional renewable energy and storage system planning framework, using the IEEE
24-bus test system and the parameters defined in Section 3. The proposed model is im-
plemented in the Python programming language (version 3.12.5) using the Pyomo [28]
optimization modeling library, with the MILP formulation solved using the IBM CPLEX
solver via Pyomo’s interface. Python handles all model stages, including (1) data prepro-
cessing of network parameters and techno-economic data, (2) model formulation with
symbolic variables and constraints in Pyomo, (3) solver execution through CPLEX, and
(4) post-processing and verification using Matplotlib (version 3.9.2) and Pandas (version
2.2.3) packages for results validation and visualization. In this section, two case studies are
conducted: Case Study 1 implements the full HPP model formulated as an MILP problem,
incorporating Equations (1)–(36). Case Study 2 applies the same parameters and constraints
but omits Equations (13a)–(13e), (14a)–(14d), and (36a) and (36b), along with the binary
variable Vy,b. Instead, it introduces Equation (37) to set the grid connection capacity:

GCCy,b ≥ CDRmax × ESSunit × ESSINS
y,b + WFunit × WFINS

y,b + SFunit × SFINS
y,b (37)



Energies 2025, 18, 4561 14 of 21

4.1. Case Study 1: HPP Planning

This subsection presents the planning results obtained from the proposed HPP model.
Table 2 summarizes the NPV of the cost components, while Figure 7 illustrates the corre-
sponding cash flows, providing a clear financial overview. The cash flow analysis shows
a steady reduction in the TUs’ operational cost (C1) during the first half of the planning
horizon, driven by early investments in cost-effective RES installations. In the later years,
however, load growth combined with reduced investment levels reverses this trend. Cur-
tailment costs (C4) remain zero for the first three years due to timely ESS and TL expansions
but begin to rise from year 6 onward as higher RES penetration and load growth exacerbate
grid constraints. Figure 8 depicts the temporal allocation of PV, WF, ESS, GCC, and TL
installations. Early years are characterized by substantial RES deployment to maximize
lifetime energy yield, and the integration of multiple RES units into HPP configurations
is evident. For example, at bus 3, the model allocates 400 MW of WF, 340 MW of PV, and
200 MWh (100 MW) of ESS, supported by only 481 MW of GCC over the planning horizon.

Table 2. NPV of different cost components for HPP model.

C1 C2 C3 C4 TC

€8.351B €1.105B €2.768B €3.380m €12.23B

1 2 3 4 5 6 7 8 9 10
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C y
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Figure 7. Cash flows of HPP model’s cost components over the planning horizon.
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Figure 8. Planning decisions by the proposed HPP model.

4.2. Case Study 2: Independent Plant Planning

The independent plant model yields distinct investment strategies driven by separate
grid connection requirements for each technology. Table 3 details the financial breakdown,
revealing conservative resource deployment patterns influenced by individual connection
costs. As illustrated in Figure 9, the allocation timeline spans six years, and like the HPP
model, the optimization triggers grid reinforcement through the addition of transmission
lines 12–19, 14–15, and 14–23 to accommodate the increased generation capacity.

Table 3. NPV of different cost components for independent model.

C1 C2 C3 C4 TC

€9.406B €0.902B €2.301B €2.910m €12.61B
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Figure 9. Planning decisions by the independent model.

4.3. Hybrid vs. Independent Model Performance

Table 4 compares the proposed HPP-based planning approach with a conventional
independent RES and storage model using separate grid connections. Note that the solver
and its corresponding settings and model parameters were the same. The results show that
the HPP model achieves a lower total cost (TC) and significantly reduces grid connection
costs (GCoC), despite integrating 480 MW more renewable capacity. This improvement
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stems from the coordinated design, which requires only a single connection permit and
land allocation per node. While emissions are not explicitly modeled, the higher renewable
penetration in the HPP case implicitly indicates reduced thermal unit emissions. Overall,
the results confirm the HPP model’s superior efficiency, economic viability, and potential to
enhance large-scale RES integration.

Table 4. Comparative performance of HPP vs. independent plant models.

Variable HPP Model Independent Model

TC €12.23B €12.61B
RESs allocation 3000 (MW) 2520 (MW)
ESSs allocation 820 (MWh)/410 (MW) 730 (MWh)/365 (MW)

Total GCoC €103.69 m €214.88 m
Calculation time 580 s 232 s
Iterations (nodes) 28,510 9221

4.4. Sensitivity Analyses

This section examines the sensitivity of the Curtailed Energy Ratio (CER) to the
intermittent nature of RESs, particularly focusing on the stochastic behaviors of wind speed
and solar irradiance. The CER is defined as

CER% =
NY

∑
y=1

NB

∑
b=1

T

∑
t=1

PWFC
y,t,b + PSFC

y,t,b

PWF
y,t,b + PSF

y,t,b
× 100 (38)

This analysis is conducted by assuming that the TLs, WFs, SFs, and ESSs are installed
during the planning horizon as depicted in Figure 8. So, by excluding the investment vari-
ables, the model is solved for randomly generated EAPs derived from Normal Probability
Distribution Functions (PDFs) with varying Standard Deviations (SDs). As illustrated in
Figure 10, the results reveal a clear trend: higher uncertainty in RESs leads to increased
CER values. This finding highlights the energy curtailment posed by variability in RESs’
energy output.
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Figure 10. CER vs. uncertainty in EAPs from RESs.

Also, one of the pivotal factors influencing the allocation of ESS and the curtailed
energy of RES is the curtailment cost. To assess the impact of this parameter, the proposed
model is solved for various curtailment cost levels. Analysis of the results given in Table 5
reveals that as the curtailment cost escalates, there is a consistent reduction in curtailed
energy. This trend is facilitated by either increasing the installed capacity of ESSs or
reducing the deployed RESs capacity.
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Table 5. Impact of curtailment cost on RES/ESS allocation and curtailed energy.

Curtailment
Cost (€/MWh)

Total RESs
Allocation (MW)

Total ESSs
Allocation (MWh) CER (%)

5 3140 760 1.29
15 3100 780 0.99
30 3000 820 0.22
50 2960 800 0.15
80 2980 830 0.06

Table 6 illustrates the impact of N − 1 security constraints on the outcomes of the
proposed planning model. In the presence of security constraints, the ESS allocation is
higher at 820 (MWh) compared with 760 (MWh) without constraints. Conversely, the
injected energy by RESs decreased from 68.26 (TWh) in the case of excluding the security
constraints to 67.46 (TWh) in the case of considering the N − 1 security criterion. Moreover,
the observed increase in RESs curtailed energy from 120.0 (GWh) to 148.8 (GWh) when
security constraints are imposed, underscoring the incurred cost of maintaining system
reliability in the case of N − 1 contingencies.

Table 6. Comparative analysis of the model results with and without line security constraints.

Variable Security
Constrained

Without Security
Constraints

TC €12.23B €11.49B
RESs allocation 3000 (MW) 3040 (MW)
ESSs allocation 820 (MWh)/410 (MW) 760 (MWh)/380 (MW)

RESs injected energy 67.46 (TWh) 68.26 (TWh)
RESs curtailed energy 148.8 (GWh) 120.0 (GWh)

Table 7 presents a sensitivity analysis of the EPC cost reduction rates for PV, wind,
and ESS systems, considering three different scenarios: the base case, optimistic reduction,
and pessimistic reduction. In the base case, the annual cost reductions are assumed to be
7% for PV, 2% for wind, and 5% for ESS. The optimistic case assumes more significant
cost reductions, with 14% for PV, 4% for wind, and 10% for ESS, resulting in slightly
higher total installations and deferred investments over the planning horizon. In contrast,
the pessimistic case assumes no cost reduction (0% for all), leading to more front-loaded
investments and slightly lower overall system capacities. The table also shows how these
different cost reduction rates influence the total RES and ESS capacities, as well as the
first and final year allocations for both types of installations. The last planning year
varies for each case, reflecting how the cost reductions impact the timing and distribution
of investments.

Table 7. Sensitivity analysis of EPC cost reduction rates on long-term planning outcomes.

Base Case Optimistic Case Pessimistic Case

Final planning year 7 8 6
Total RES capacity (MW) 3000 3120 2940
Total ESS capacity (MWh) 820 870 780
RES in 1st year (MW) 820 780 820
ESS in 1st year (MWh) 180 150 200
RES in final year (MW) 20 80 80
ESS in final year (MWh) 0 30 0
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5. Discussion
The proposed HPP planning framework achieves significant cost savings, higher

renewable penetration, and reduced grid connection costs compared with the conventional
independent plant model. Results from the IEEE 24-bus case studies highlight the benefits
of early renewable installation, co-location of multiple RES with ESS, and optimized grid
connection capacity, which together enhance flexibility, reduce curtailment, and improve
long-term operational efficiency. These findings confirm the HPP model’s potential to
support large-scale renewable integration while maintaining system reliability. While the
IEEE 24-bus system is used for clarity and reproducibility, the proposed MILP-based model
is fully scalable to larger systems due to its linear structure. Although MILP problems are
NP-hard in general, the number of variables and constraints in this formulation grows
approximately linearly with the number of buses, time periods, and planning years, making
it tractable for modern solvers such as CPLEX. Scalability is further enhanced by avoiding
nonlinearities (via DC power flow and piecewise linear costs), restricting large constants
to small ranges, using representative time periods (48 h per year), and applying LODF
thresholds to reduce model size. These features enable efficient, globally optimal solutions
even for large-scale grids.

6. Conclusions
This paper introduces a long-term capacity planning optimization model for hybrid

RESs and ESSs, jointly considering transmission line expansion. The proposed MILP
framework aims to minimize total costs while ensuring system reliability through N − 1
line security constraints. A distinguishing feature of the model is the explicit representation
of HPPs with shared grid connection capacities, enabling coordinated siting and sizing
decisions for PV, wind, and ESS units. The results highlight the pivotal role of ESS in
enabling high levels of RES integration, mitigating variability in operational costs, and
reducing energy curtailment. Key findings include the following:

• Cost savings are achieved by allocating a reduced amount of GCC through the utiliza-
tion of shared infrastructure among RESs and ESSs.

• Integration of ESS into HPPs offers two benefits: alleviating the variability of operation
costs imposed by uncertainty in EAPs of RESs and mitigating the undesirable curtailed
energy of RESs.

• Curtailment cost is a key factor influencing ESS allocation and RES energy curtailment.
The results show that as curtailment costs rise, curtailed energy decreases, facilitated
by either increasing ESS capacity or reducing RES capacity.

• With N − 1 security constraints, ESS allocation increases, and injected energy by
RESs decreases, while the curtailed energy by RES rises, which highlights the cost of
maintaining system reliability.

• The planning model, by incorporating the HPPs, shows lower overall costs and greater
renewable integration, requiring only a single permission and land allocation per node
for grid connection.

While the proposed framework effectively integrates HPPs into long-term capacity
planning with N − 1 security constraints, several aspects remain beyond its current scope.
Further research could explore:

• Incorporation of more granular temporal resolution and extreme-event modeling: The
present study uses representative days to manage computational complexity. Future
work can incorporate higher-resolution time series (including extreme weather events)
to better capture short-term operational dynamics and resilience.
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• Explicit modeling of market and regulatory mechanisms: The current framework
optimizes purely from a techno-economic perspective. Including emissions trading
schemes, capacity markets, and ancillary service markets would provide a more
comprehensive assessment of investment strategies.

• Integration of emerging flexibility technologies: Technologies such as seasonal energy
storage, power-to-X (e.g., hydrogen production), and advanced demand response
could further enhance system flexibility and renewable absorption.

• Detailed reliability and resilience analysis: While N − 1 security is included, additional
reliability criteria (e.g., N − 2 contingencies, probabilistic outage modeling, cyber-physical
security) could be considered for more robust planning in critical infrastructure scenarios.
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Nomenclature

Indices & sets
b Index of system nodes
i Index of thermal units
l, l′ Index of system current/potential lines
NB Set of systems nodes
NG Set of thermal units
NL/NL′ Set of network current/potential lines
NY Set of planning horizon
t Time index
T Total time duration
x Index of technology type (SF/WF/ESS/TL)
y Index of planning years
Parameters
BCSF/WF Balancing cost of SF/WF
BM/M Large positive constants

C(k)
t,i /P(k),max

y,t,i
Cost coefficient and max power of kth segment for ith TU in year y,
time t

ccy,t WFs/SFs curtailment cost in year y, time t
CDRmax Maximum charge/discharge rate of ESSs
DCx Development cost for technology type x
EPCSF/WF

y Equipment and civil cost of SF/WF in year y
EPC/DCTL Equipment and civil/development cost of TL
IR Interest rate (%)
ISOC Initial state of charge in ESSs
LARSF/WF Local authority rate for SF/WF
LGy,b Load growth rate of node b in year y
LLl/l′ Length of current/potential line l/l′

LLEx Land lease expense for technology type x
LODFl,k Line outage distribution factor of line l when line k is out
OMCF

x Fixed O&M cost for technology type x
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OMCV
x Variable O&M cost for technology type x

PLoad
y,t,b Load at node b in year y, time t

PMax
l/l′ Maximum capacity of the l/l′-th TL

PMin/Max
i Min/Max power output of the ith TU

PSF/WF
y,t,b Available power of SF/WF at node b, year y, time t

PECC Power equipment, controls, and communication costs of ESSs
SBC Storage block cost of ESSs
SF/WFAP

t,b SF/WF availability factor at node b, time t
xl/l′ Reactance of line l, l′

xunit The capacity of a single unit of technology x
ηch/dch ESS charge/discharge efficiency
Decision Variables
BCy,t,b Balancing cost at node b, year y, time t
DVCx

y,b Development costs of technology x at node b, year y

ECy,t,i Energy cost of ith TU in year y, time t
EPCx

y,b Equipment and civil costs expended for technology x at node b, year y

Fy,l′ Binary variable determining status of potential line l′ in year y
GCCy,b Grid connection capacity of node b, year y
GCoCy,b Grid connection cost for node b, year y

Ich
y,t,b

Auxiliary binary variable for charge/discharge of ESS at node b, year y,
time t

IC/CCy Investment/curtailment costs in year y
LARy,b Local authority rate cost at node b, year y
LLEy,b Land lease expense at node b, year y
OMCF

y,b Fixed O&M cost at node b in year y

OMCV
y,t,b Variable O&M cost at node b, year y, time t

Pl/l′ ,y,t
Power flow of line l/l′ from sending bus s/s′ to receiving bus r/r′ in
year y, time t

Py,t,i Output power of ith TU in year y, time t

P(k)
y,t,i

Generation power of the kth linear segment of the ith thermal unit in
year y, time t

PCH/DCH
y,t,b Charge/discharge power of ESS at node b, year y, time t

PSFC/WFC
y,t,b curtailed power of SF/WF at node b, year y, time t

PSFI/WFI
y,t,b The power injected by the SF/WF into node b, year y, time t

SOCy,t,b State of charge at node b in year y, time t
TUC/OMCy TUs and O&M costs in year y

Ui
y,b

Binary variable associated with grid connection cost segments at node b,
year y

Vy,b Binary variable determining grid connection status of node b, year y
xINS

y,b Installed units of technology x at node b, year y

δy,t,b Phase angle of node b in year y, time t
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