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ABSTRACT

The techno-economic performance of novel wind power investment projects is significantly influenced by
the inherent uncertainty of the power production. Additionally, challenges associated with land clearance
and compensation, which are required to develop transmission infrastructure to accommodate additional
wind capacity in the national grid, are also present. This study investigates capacity expansion strategies
for wind farms that do not require modifications to the existing infrastructure. It focuses on the
optimization of intermediate Turbine Control System (TCS) operations and the integration of Battery
Energy Storage Systems (BESS). The Harris Hawks Optimization (HHO) algorithm is employed to
determine the optimal BESS size to enhance the overall system performance and maximize the investment
returns. Specifically, BESS charge/discharge power limits are configured to ensure that the TCS output
remains both controllable and stable, while also extending the operational lifespan of the BESS under
highly variable wind conditions. The experimental results indicate that integrating BESS into wind farm
expansion strategies not only enables more effective bidding in competitive electricity markets, but also
ensures compliance with grid technical standards, in addition to superior economic performance compared

to previously published methods.
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I.  INTRODUCTION

Wind energy has experienced a growth in the installed
capacity as a pivotal renewable energy source in the transition
toward sustainable electricity systems [1]. According to [2], the
wind energy significance is increasing. Numerous countries,
including China, the United States of America, and Southeast
Asian nations, are actively investing in this sector [3, 4]. The
transition towards wind energy faces obstacles, such as
considerable initial investment requirements, variability in the
power output, and diminished governmental participation.

Numerous studies address the negative effects of the
inherent uncertainty in wind power production. Three
prominent directions include the accurate power output
forecasting, optimization of integrated operational models, and
the integration of BESS. Authors in [5] utilized Al techniques
for a more precise wind speed forecasting. An enhanced
Particle Swarm Optimization (PSO) algorithm hybridized with
Long Short-Term Memory (LSTM) was employed to optimize
the integrated wind—thermal power plant model for bidding in
the electricity market [6]. Authors in [7] explored BESS to
enhance the efficiency of wind farm utilization.
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Studies integrating BESS to enhance the performance of
wind power systems are summarized in Table 1. Previous
studies focused on the BESS optimization of operation, sizing,
or examination of the impact of the wind power on equipment.
There is no identified research that simultaneously addressed
the utilization of the available capacity of substations and
integration of BESS in a comprehensive economic—technical

framework for peak and off-peak periods. This study provides
a plan to increase the wind power facilities without an
infrastructure upgrade, using an optimized BESS model to
ensure grid stability and reduce costs. The BESS model has a
transformer control that ensures the power stability, protects
the equipment, extends the BESS life, and provides revenue
assurance.

TABLE L COMPARATIVE ANALYSIS WITH PREVIOUS STUDIES
IEEE Wind Design apacit; timization
Reference system TCS uncertain BESgS dggrgdatiﬁn Profit Investments O:flgorithm
[81 14 Bus X N N X N X X
[9] X X X N X X X X
[10] X X X v v X X v
[11] X v v X X X X X
[12] X v v X X v v X
[13] 30 Bus X N N X N X X
Present Study 30 Bus v v v v v v v

II. MATHEMATICAL MODEL

Previous studies have focused on the financial aspects of
wind turbines, while investments in TCS have received less
attention, even though they account for 7-10% of the total cost,
according to [14]. Although this percentage is small, it directly
impacts the profitability, power losses, system reliability, and
stability. This study analyzes the impact of TCS investment on
the economic performance of wind farms. The proposed model
optimizes the joint operation of a wind farm and BESS,
explicitly considering the degradation costs during discharging.
The objective function maximizes the Net Present Value
(NPV) of the system. The seasonal variations in wind power
are modeled using probability distributions for both high-wind
and low-wind seasons. HHO is employed to determine the
optimal BESS size that yields maximum NPV. To provide a
comprehensive evaluation, four scenarios are examined: (a)
baseline wind farm, (b) wind farm with BESS, (c) wind farm
with expanded capacity without upgrading the TCS
infrastructure, and (d) expanded wind farm with BESS but
without upgrading the TCS infrastructure. This integrated
framework allows both the role of TCS investment and the
long-term economic feasibility of wind—BESS systems to be
assessed.

A. Wind Farm TCS

The rated capacity of conventional TCS is determined
according to International Electrotechnical Commission (IEC)
standards, based on the wind power capacity transmitted
through it [15]. The TCS -capacity directly affects the
investment costs, scalability, and the long-term economic
performance of the Wind Power Plant (WPP). The selected
capacity must ensure stable operation, the ability to withstand
prolonged overload, and respond to short-term overloading
events. An example of TCS investment and operational costs in
Sweden is provided in [12]. Optimizing the TCS capacity is
essential to balance the transmission capability with the
technical constraints, thereby enhancing the overall efficiency
of the project. Under these standards, the TCS design considers
the operating temperature conditions and expected service life.

1) Transformer Temperature Limits

The temperature at various locations within a transformer
significantly affects the lifespan of insulation and conductive
materials. Under operating conditions, including both long-
term and short-term overloads, the hot-spot temperature and

top-oil temperature limits must be maintained within
acceptable thresholds:

Gglst < Gthst,max (1)

9:01) < Gttop,max 2)

where 65t is the hot-spot winding temperature and 9: °P is the

top-oil temperature. Both variables are directly influenced by
the operating power level of the transformer [15].

2) Lifetime Limit
A key parameter for transformers is the Loss of Life (LOL),

which indicates the hourly rate of accumulated aging of the
transformer presented by [15]:

LOL =37V, 3)

After determining the aging rate, the LOL index can be
calculated using (3), as per the specified standards. To ensure
that the transformer does not fail before the WPP reaches the
end of its lifecycle, the upper limit of LOL is set to match the
operational lifespan of the wind farm, as described in:

Transformer's Lifetime

LOL <

8760 “)

Wind Farm's Lifetime

B. Wind Revenue

In the electricity market, ensuring the stability of the power
system is a persistent issue when the WPP model is integrated
into the power system. To address this, the profit from
electricity sales is considered a random variable with
uncertainty, and in this case, it is determined through:

Ry = ¥1-1 Rpia(P) + X1-1 Rpron (APP) ©)

where APth = Ptpnm — PP, Ry:q represents the bidding
revenue of the WPP to the ISO, and R,,,, represents the
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revenue from the uncertainty of the WPP, considering the
probability distribution fluctuations based on PP [15].

1) Bidding Income
Rpia = Xt=1 Aw- P (6)

where A, is the selling price of the WPP's capacity. The
revenue from WPP's bidding is calculated as the total revenue
at various time points. This electricity price is significantly
influenced by the electricity market.

2) Probabilistic Revenue

This revenue comprises surplus capacity sales and penalties
for power shortages, as defined in (8) and (9). While the
surplus capacity can be sold at a reduced price in some studies,
this paper prioritizes the grid stability, curtailing excess output
instead. Power shortages incur penalties at twice the standard
electricity price. The uncertainty in revenue is represented by:

Yio1 R (APYP), if AR >0
Rprab =

) (7
Yiet Cpen(APP), if ARP <0

where Ry, denotes the revenue earned from selling surplus
wind power generation.

Rpw(APY) = kg.A,,.APY?

= kp A fp’},"f,:(pgv” — PP, £, (p™).dp!P (8)

And the penalty cost Gy, for the wind power deficit is
expressed by:

Cpen(AP'") = kp. 2. AP"P

Pbid 3
=kp A [, (i = P2). fu (pi7)- dp}? (9)

where k. A; is the reserve pricing and kjy is the reserve price
coefficient. Similarly, compensation pricing is expressed as
kp.A;, with kp being the compensation coefficient. The rated
wind power capacity is denoted by P*".

The analysis employs a Weibull probability density
function to model the wind speed effects. Among the
probability distributions, the two-parameter Weibull function is
the most widely adopted. The wind speed frequency model
follows the specifications of [16]. The active power output of
an Enercon E82-E4 turbine (rated 3MW) is determined through
the wind-speed-to-power conversion, as detailed in [17].

C. BESS Model

BESS stores renewable energy and discharges to balance
the supply and demand. They enhance the grid stability by
mitigating weather-induced power fluctuations, improving the
power quality, and reducing the reliance on traditional
generation. With rapid response capabilities, BESS provide
frequency regulation and ancillary services, accelerating the
transition to smart grids [18]. Lithium-ion batteries currently
dominate BESS applications due to their efficiency (80-90%)
and operational flexibility [19, 20]. They are preferred as
contemporary energy storage solutions due to their balanced
performance and declining costs. In [21], it was noted that the
investment cost of BESS depends on its duration scaling factor.

The annual operation and maintenance cost typically accounts
for approximately 1-3% of the total capital investment [20].

The simulation model integrates a BESS to reflect real-
world performance with capacity degradation driven by
calendar and cycle aging [22]. Cycle aging or cycle degrade,
based on the usage frequency and C-rate, is quantified using
the depth of discharge SOC (t) — SOC (t — 1) and C — rate
[23]. The BESS minimize the excess power curtailment and
penalty costs from shortages, discharging only when the
economic benefit outweighs the degradation costs as described
by:

R; pgss — Ry = Cycle degrade (10)

where R, pgss is the wind power revenue with BESS. At each
time step, the system is constrained to either charge or
discharge, depending on the State of Charge (SOC) and
operational constraints.

Cycle degrade =
—ASOC * 3.57 * 1075 % g0-465+C—rate 1)

The charging energy (E.;,) and discharging energy (Ey;;)are
represented by:

Echa = Pena-t (12)

Egis = Pais-t (13)
Additionally, P.,,, Py;is are the charging and discharging power
of the BESS, respectively.

Pana = [opia (@07 = PP fu (017)- a0} (14)

pbid .
Pas = Jy© (p" = PE'). fu(P)'")- dp/”® (15)
[II. METHODOLOGY

A. HHO Algorithm

The study uses HHO to optimize the BESS capacity and
rated discharge power, assuming equal charging and discharge
rates. The algorithm mimics Harris hawks' hunting behavior
with two primary phases [24]. During the exploration phase
when |E| = 1, the hawk searches randomly, according to (16),
for g greater or equal to 0.5, and according to (17), for the rest
of the cases.

Xpyno(t+1) =

Xrana(t) — 11| Xpana () — 2 X ()| (16)
Xuno(t + 1) = Xpappie(t) —

Xm(t) —13(LB + 1,(UB — LB)) (17)

where X,.4,4(t) is the random position of a hawk in the
population, X,,,(t) is the average position of the population
calculated by (18), r is a random number between 0 and 1. The
prey energy is calculated by:

X (0) = T XN X, () (18)

E=2.E, (1—%) (19)

www.etasr.com

Luc et al.: A Techno-Economic Assessment of Wind Power Expansion with Battery Storage Under Wind ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 6, 2025, 28576-28583 28579

where E| is the initial energy with random in the range of -1 to
1, ¢ is the current iteration, and 7T is the maximum number of
iterations.

During the exploitation phase when |E| < 1, the hawk
attacks the prey with four strategies:

e Soft besiege (r = 0.5 and |E| = 0.5):
Xuno(t +1) = AX—E - |] * Xpappie () — X (O] (20)

where AX = X appit — X(t), ] = 2.(1 — 1) is the strength
of the jump, and r is a random number between 0 and 1.

e Hard besiege (r = 0.5 and |E| < 0.5):
Xuno(t + 1) = Xrappie(t) — E - [AX(D)] (21)

e Soft besiege with progressive rapid dives (r < 0.5 and
|E| = 0.5):

Y = Xrabbit(t) —E- |] ' Xrabbit(t) - X(t)l (22)
Z=Y+S-LF (23)

where S is the random vector, LF is the Levy Flight,
calculated by:

1/B
_ uo _ F(1+B).sin(ﬂTB)
LF = 0.01. E 0 = (W (24)
r(5°)82 2

where u and v are random numbers from a normal
distribution and § = 1.5. The Xy, is chosen, as described
by:

(Y, if F(Y) > F(X())
&MQ+D_&,UHD>FM@)

e Hard besiege with progressive rapid dives (r < 0.5 and
|E| < 0.5):

Y = Xrabbit(t) —E. U-Xrabbit(t) - Xm(t)l (26)
Z=Y+SLF (27)

(25)

where Xy Will be chosen as in:

B. Fitness Function

In a WPP project, the important criterion considered is
NPV. This indicator is determined by:
—yT Zt
max NPV =Y,_; Tt I (28)
where Z; is the net cash flow at time ¢, calculated using (29). T
represents the expected lifetime of the WPP, which is assumed

to be 20 years [12]. The discount rate or interest rate is denoted
by r:

Z, =R, — C +G, (29)

where R; is the bidding revenue of the WPP, C; is the operation
and maintenance cost, and G, refers to green certificates that
generate additional revenue and certify the electricity
production from renewable sources. The registration fee in
2019 was 0.305 €/MWh, as reported in [12].

The initial investment cost Is encompasses wind turbine
procurement, infrastructure construction, substation
installation,  transportation, —commissioning, and grid
connection. This cost critically impacts the financial feasibility,
payback period, capital requirements, and revenue optimization
potential.

IV.  EXPERIMENT

Four wind power scenarios were simulated within the IEEE
30-bus system in this study. Scenario 1 included Baseline Wind
Power Configuration (BWPC): the baseline WPP model.
Scenario 2 included the expanded Capacity Wind Power
Configuration (CWPC): an extended turbine capacity model
utilizing the existing infrastructure. Scenario 3 involved BWPC
with BESS: integration of BESS into the baseline system.
Scenario 4 entailed CWPC and BESS: a combination of BESS
with expanded wind farm capacity while maintaining the
original infrastructure.

A. Input Data

The IEEE 30-bus system consists of 30 buses, 40 branches,
and 6 generating units. The system parameters are available in
[25]. Two wind farms replace conventional generators at buses
5 and 11. The wind farm at bus 5 is modeled after Weibull
parameters ¢=9, k=2, and wind farm at bus 11 with ¢=10, k=2
according to [17]. The reference parameters and the Weibull
probability density function are provided in [26], as shown in
Figure 1(a).

1) WPP

The economic cost depends on technology, location, and
support policies. The estimated investment cost is around
950,000 €/MW, excluding Operations and Maintenance
(O&M), with a lifespan of 20 years [27]. The annual O&M cost
accounts for approximately 1.5% of the investment capital. The
profitability is influenced by the conventional electricity prices
in the market.

This study examines the problem for a WPP at bus 5 using
forecasted wind data from both peak and low seasons [26].
Specifically, the low season, which typically occurs in May,
June, and July, shows a predicted wind power output as
illustrated in Figure 1 [5]. The predicted wind energy is
displayed, including hourly forecast errors, in two seasons with
probability bands for the energy levels per time step

2) TCS

To evaluate the optimization problem, a medium-capacity
transformer is selected. The initial investment is assumed to be
1,782,608 €, and the O&M cost for the transformer is estimated
at 1.5% of the investment [12]. The thermal parameters for the
transformers are assumed to be the same, with the TCS
parameters for insulation using ODAF [15].
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Fig. 1. (a) Probability ration and (b) wind power output of forecasted wind

energy in peak and low seasons in bus 5.

3) BESS

This experiment employs lithium-based technology for the
BESS. The O&M costs account for 3% of the total capital
investment and an investment cost ranging between 164 and
211 USD/KWh [20, 21]. Both charging and discharging
efficiencies are assumed to be 95%, yielding an overall round-
trip efficiency of about 90%. The degradation factor due to
aging is adopted from [22], as in (10), while the
charge/discharge operating range is taken as 0—100% SoC [23].
Although this range is theoretically 0-100%, the practical
operation is typically restricted to about 30-90% SoC due to
the efficiency losses and degradation effects during
charging/discharging.

B. Results

1) Scenario 1- BWPC

Following the IEC standard, the TCS power is calculated to
meet the 57 MVA requirement of the WPP and is selected as
63 MVA. Figure 2a depicts the variation in the Hot Spot and
Top Oil temperatures of the TCS, which fluctuate based on the
maximum possible power over a 24-h period to support the
evaluation and selection of the appropriate TCS rating.

2) Scenario 2- CWPC

Figure 2(a) indicates that the peak TCS temperature
remains below the critical limit. Furthermore, the peak
temperature occurs with a relatively low probability during the

short time frame of 18:00-19:00 on peak days. Consequently,
the wind power capacity can be increased to optimize the TCS
operating conditions. In Scenario 2, the rated wind capacity is
expanded by an additional 15 MW while still ensuring the TCS
temperature and lifespan requirements. The results are
illustrated in Figure 2(b).

3) Scenario 3- BWPC with BESS

The BESS is integrated in this third scenario. The BESS
optimization problem is also solved using the HHO algorithm.
Following the integration of BESS, the operating temperature
profile of the TCS has changed, as portrayed in Figure 2(c).

4) Scenario 4- CWPC with BESS

This scenario involves both the expansion of the wind
power capacity and the integration of a BESS. The BESS
operates in two complementary modes: (a) storing the portion
of wind energy that statistically exceeds the transmission
capacity of TCS or the committed bidding quantity, and (b)
discharging to compensate for potential shortfalls in wind
generation relative to the bidding commitment. Under these
operating modes, the variation in TCS operating temperature is
presented in Figure 2(d).

V. DISCUCCION

A. Technical Evaluation

A unified techno-economic model has been successfully
implemented. The model integrates wind power sources with
transmission infrastructure to supply electricity to the standard
IEEE 30-bus system. A key technical challenge addressed in
this setup is that while the rated wind capacity is inherently
expandable, the transmission capacity remains fixed.
Subsequently, the power system requires maintaining the
operational stability under variable input conditions. Figure 2
illustrates the operation of the TCS, a critical interface that
enables the flow of wind-generated power into the electricity
market, under four distinct scenarios.

Scenarios 2 and 4 exhibit that the wind capacity may be
expanded up without a transmission infrastructure upgrade
since the high wind generation is not a frequent occurrence. In
Scenario 2, this may be transformer overloading, which causes
curtailment, while in Scenario 4, curtailment is avoided by
storing the surplus energy in BESS. Additionally, BESS
(Scenario 3) reduces the TCS thermal stress during times of
unstable wind, extending the equipment life, and in Scenario 4,
it also increases the stability and continuity of the wind energy
utilization.

B. Economical Evaluation

The economic performance of the tested scenarios is
summarized in Table II and is compared to other studies. The
results indicate that the integration of BESS enhances the
economic efficiency compared to other configurations,
particularly in scenarios involving wind power expansion.
Specifically, for the same wind capacity invested, the NPV in
Scenario 2 increases from 4.29 million to 7.72 million €, while
Scenario 4 achieves the highest NPV of 13.61 million €,
corresponding to the highest capital efficiency of over 151,000
€MW.
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Fig. 2. The operation temperature of the transformer under wind power output variation for (a) Scenario 1, (b) Scenario 2, (c) Scenario 3, and (d) Scenario 4.
TABLE IL ECONOMIC PERFORMANCE
Option BWPC CWPC BWPC with BESS | CWPC with BESS [8] [13] [28]
Bus 5 5 5 5 6 23 | 13 5
IEEE system 30 Bus 30 Bus 30 Bus 30 Bus 14 Bus 30 Bus 30 Bus
Wind power rated (MW) 75 90 75 90 85 30 | 10 90
Transformer size (MVA) 63 63 63 63 No No 63
Storage battery (MWh) No No 84 72 160 136.57 140
NPV (M€) 4.29 10.58 7.72 13.61 No No 17.28
NPV/P,ateq(kE/MW) 57.2 117.56 102.93 151.22 70.6 0.72 192

Figure 3 illustrates the NPV value of each under-study
scenario under escalating penalty factors (K). In scenarios
lacking BESS integration (Scenarios 1 and 2), as Kp increases,
NPV presents the opposite behavior. This is attributed to the
inability to adjust the power output to mitigate penalties.
Specifically, in BWPC scenario, NPV decreases from 7.76
million € (K, = 1.5) to -2.39 million € at K, = 4, reflecting
severe financial vulnerability. Similarly, in CWPC scenario, its
NPV decreases from 13.26 million to 5.14 million €, while it is
considered more robust. In contrast, BESS-integrated scenarios
demonstrate superior resilience. Particularly, CWPC-BESS

scenario maintains a positive NPV of 9.45 million € (K, = 4).
In Scenario 3, a decrease from 9.85 million to 2.43 million € is
observed. However, it still outperforms its non-BESS
counterpart by avoiding the negative returns. It is evident that
the revenue streams are stabilized from BESS’s capacity to
buffer against financial penalties by enabling a better alignment
of the power delivery with forecasts.

The results of the present study are compared to the
literature under the same operating conditions as in [8, 13, 28].
The investment payback per MW of wind power in Scenario 3
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(102.93 k€/MW) and Scenario 4 (151.22 k€/MW) is
substantially higher than [8] (70.6 k€/MW) and [13] (0.72
k€/MW). In addition, the same variable is marginally lower
compared to [28] (192 k€/MW) although the penalty costs
associated with the wind power shortfall in the electricity
market were not incorporated. This absence is a factor that can
constitute a considerable proportion of the wind power
revenues when participating in a competitive market [8].
Furthermore, the effectiveness of the storage system in the
present study (72-84 MWh) clearly outperforms the one of
[28] (140 MWh). Moreover, the present study ensures adequate
compensation for the wind power deficits under a penalty rate
1.5 times higher than the standard. This superior performance
can be attributed to the proposed methodology, which enables
the optimal exploitation of the transformer operation under
wind power uncertainty, as elaborated in the methodology
section above.

NPV (ME)

15 2 25 3 35 4
Kp
—--BWPC -»eeee CWPC BWPC+BESS ——CWPC+BESS
Fig.3 NPV of the each scenario under penalty.

VI. CONCLUSION

The current study provides a comprehensive techno-
economic evaluation of wind energy investment strategies. It
proposes an effective solution for optimizing the wind farm
development. The results confirm that integrating Battery
Energy Storage Systems (BESS) into the operational
framework of Turbine Control System (TCS) can significantly
enhance the transmission efficiency of the wind power. In
addition, it ensures compliance with technical constraints,
thereby enabling the scalable expansion of existing wind farms.
Among the four evaluated scenarios, the one including
Capacity Wind Power Configuration (CWPC) and BESS
configuration demonstrates the highest economic benefit,
reinforcing its potential as a strategic model within the broader
context of green energy transition. Furthermore, the application
of the Harris Hawks Optimization (HHO) algorithm shows
superior performance in determining both the optimal
expansion capacity and BESS sizing, outperforming previously
reported methods in terms of capital efficiency and investment
effectiveness. Further studies are still required through
experiments comparable to recent works,
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