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Abstract

To check the upsurge of universal average temperature well below 20C as projected by the
Paris Agreement of 2016, renewable energy technologies like wind power must remain
commercially feasible for enabling the green energy transition. The current study
emphasizes the relevance of the Binary Particle Swarm Optimization method for solving
wind farm layout selection problems. The relative efficiency of different transfer functions
for attaining the minimum cost of energy has been examined. The research outcomes
demonstrate the better competence of ‘S’ type transfer functions over the “V’ type ones for
five terrain situations and wind-flow settings.
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1. Introduction

Since universal power generation grew rapidly with the consolidation of industrial pursuits,
the fossil fuel stashes are depleting at an exceptional rapidity [1]. Renewable power
resources offer thriving substitutes when there is an expanding global trepidation for the
insufficient reserve of fossil fuels and their drawbacks on the bionetwork [2]. Global
renewable energy utilization and Wind Power Generation (WPG) segment have advanced
exponentially since the introductory years of the twenty-first era [3]. Universal collective
WPG capacity has grown from 20 GW in 2000 to 650 GW in 2019, estimated to reach 4042
GW by 2050.

Along with lower emission advantage, WPG farms are entailed to function economically
[5]. Due to the relatively low capacity of the Wind Turbine (WT), a vast count of WTs is to
be instated within a wind farm to accomplish the capability of traditional power plants.
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Wind farm design should be prudently evaluated for selecting the most acceptable option
that delivers the best possible profit for definite capital spending [6]. Several research
works have been executed to resolve the concerns allied to Wind Farm Layout Optimization
(WFLO).

Initially, in 1994, WFLO was explored with a Genetic Algorithm (GA) [7]. Since the mid-
2000s, GA has been extensively applied to WFLO problems for grid-like discrete as well
as coordinate-based continuous representations of wind farms [8]. Grady et al. (2005) [8]
employed GA to find the optimum location of WTs for maximizing the power generation
capacity whereas reducing the number of WTs and the land usage. Huang (2007) [9]
proposed a distributed GA methodology to amplify the yearly profit for bigger wind farms.
Elkinton et al. (2008) [10] discussed the application of five diverse kinds of optimization
techniques for offshore WFLO. An innovative coding tactic was employed for GA-based
WEFLO [11].

Chen et al. (2015) [12] employed multi-objective GA for enhancing the power yield while
reducing the overall cost of wind power generation farms. Yin et al. (2017) [13] suggested
an enhanced GA methodology to reduce the cost of power generation subjected to the
uncertainty of wind flow. Particle Swarm Optimization (PSO) algorithm with the Gaussian
mutation has been applied for WFLO [14]. Chowdhury et al. (2012) [15] attempted
unrestricted WFLO employing constrained PSO.

The BPSO technique with time-varying acceleration coefficients was employed to
maximize the generation capacity for a minimum investment [16]. Hou et al. (2016) [17]
proposed PSO with multiple adaptive approaches to maximize the generated power. Pillai
et al. (2017) [18] engaged both GA and PSO for reducing the Levelized Cost of power
generation at the Middelgrunden wind farm in Denmark. PSO is an Al-enabled
optimization technique that searches for the most optimal solution by communicating
knowledge about universal or local best solutions [19].

Apart from GA and PSO, Monte Carlo simulation has been applied to increase the power
output while minimizing the total cost [20]. A Simulated Annealing algorithm has been
utilized by Rivas et al. (2009) [21] for offshore WFLO. DuPont et al. (2016) [22] engaged
the Pattern Search algorithm to WFLO with steady and inconsistent wind patterns. The
heuristic methodology is preferred over mathematical programming because of the
multifaceted nature of WPG farm design problems [23, 24]. Although the BPSO technique
has been used in WFLO, the relative effect of different transfer functions applied in BPSO
has not yet been explored for wind farm design purposes.

The current study has focused on the BPSO technique for the WFLO problem. A grid-like
structure of wind farms has been taken into consideration for utilizing the binary coding
capability of BPSO. Four ‘S’ and four ‘V’-type transfer functions have been employed
simultaneously to evaluate their relative effectivity in finding the least possible power
generation cost for five arbitrarily selected terrain and wind flow conditions. This paper has
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been coordinated as follows. The problem presentation, accessible in segment 2, furnishes
a comprehensive depiction of the objective function. The optimization algorithm, ‘S’, and
‘V’ type transfer function-related details are obtainable in segment 3. Results and related
discussions are accessible in segment 4. Conclusion and future prospect-related discussions
are available in segment 5.

2. Problem Presentation
Objective Function Formulation

The rationale of the current research is to optimize the positioning of WTs by minimizing
the Cost of Energy (Cg). This WFLO problem is framed through wind flow patterns, wake
effect, WT parameters, and allied power generation factors. The present study has engaged
the cost function, five arbitrarily chosen terrain conditions, and wind flow models as the
benchmarking evaluation setup for assessing the comparative effectiveness of eight
different transfer functions of BPSO following [25][26]. The objective function is
formulated as:

_ {7*6}+(C0X) 1 E
E = G-(i+k)yPy/k “5760F T X (1)
X
y = C4X + Cgfloor (7) 2)
5 =24 1p-000174x2 3)
3 3

Where Ca symbolizes the outlay of a WT. Cg represents the expense of a sub-station. X
signifies the tally of WTs in a WPG farm, and Y stands for WT per sub-station i.e., 30. Co
indicates the operational and maintenance cost per annum. E denotes the power yield of the
WPG farm. k symbolizes the percentage of interest. p signifies the lifespan of the wind
farm.

The latter term (0.1/X) recompenses the layouts with a higher WT count to make the most
of the wind farm's power output. The intent of the current work is to curtail the Cg. The
goal function is constrained within the defined limits of the terrain dimensions, and the gap
between two adjacent WTs must be at least eight times the WT radius to minimize the wake
loss.

If you use subsections, please follow the draft regulations: if you start right after the section
declaration, just place the subsection on the next paragraph, if you have a content for the
section and then insert a subsection leave 1 (one) empty paragraph above and below the
subsection (see below).
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3. Optimization Algorithm
Binary Particle Optimization Algorithm (BPSOA)

Due to the complex nature of wind flow scenarios, a heuristic methodology is essential to
be adapted for WFLO. In the current research work, BPSOA has been considered for
minimizing the Cg in the current study. The optimization algorithm has been discussed in
the subsequent sub-sections.

PSO imitates the societal activities of birds, bees, or a shoal of fishes. Every member of the
swarm is signified by a vector in the search domain. The algorithm regulates the updating
strategy of the swiftness of a swarm member known as a ‘particle’ correspondingly. The
PSO procedure repeats up to a preset number of counts or till an acceptable level of error
is attained [27].

A ‘particle’ can be categorized as a bit sequence in BPSO. The spot of a ‘particle’ can be
revised by swapping between 0 and 1 according to the velocity [28].

For the n bit of m™ particle, the velocity vm, is computed as per Eq. (4) and (5),
Umn =WV + 7T 4)

T= Clrln(pmn - xmn) + CZan(gn - xmn) Q)

where w signifies the inertia weight with a value ranging between 0 and 1. w can be
computed according to a linearly declining technique as per Eq. (6).

k
W = Wnax — Wmax = Wmin) T (6)

where Wmax and wmin are the supreme and least confines of inertia weight respectively. k
stands for the current counts of repetition and L denotes the maximum count of repetitions.
ci and ¢, are non-negative acceleration parameters. 1, and 1, are arbitrary variables
following uniform distribution with values ranging between 0 and 1.

P.n indicates the nth bit of the individual preeminent location of the m™ particle. g,
represents the n™ bit of the universal paramount location.

The transfer function which is used to update the value of the bit has been defined in Eq.
(.
1
Vpn = ——— (7)

1+e~Ymn
The value of the bit is updated as per Eq. (8).

1, if rand() < s(Vymn)
0, otherwise

(®)

xng{

Where rand() arbitrarily generates a number ranging between 0 and 1 with uniform
distribution [28].
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The algorithm of the proposed BPSO has been presented in Table 1, where present
locations, individual best locations, and universal best locations have been signified as Xm
=(Xmly «-ve-- , Xmn), pM = (Pm1, ...... , Pmn) and g = (g1, ...... , gn) respectively.

Arbitrarily create a preliminary population

Arbitrarily create the primary velocities in the interior of the velocity limits

repeat

for m = 1 to Populace Limit do

if f (Xm) <f(Pm) then py = Xp;

if f (pm) <f(g) theng = py;

end

for m = 1 to Populace Limit do

for n = 1 to Particle Bit Limit do

Compute w with Eq. (6)

Revise velocity using Eq. (4) and (5)

Revise location with Eq. (7) and Eq. (8)

end

end

until the Ending criteria are attained

Table 1. Algorithm for BPSO [28]

The transfer function depicts the possibility of altering location vector particles between 0
and 1.

The transfer function must be capable enough to offer a superior possibility of altering the
location for a sizeable amount of particle velocity. It must also tender a minor possibility
of shifting the location for a lesser quantity of particle velocity [29] [30].
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Serial Transfer Function
No.
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Table 2. ‘S’ Type Transfer Functions [29]

ial
Seria Transfer Function
No.
_ vr _
) S(x) = |erf (7x))| =
1 V2 ﬁx —¢2
?foz e dt
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Table 3. ‘V’ Type Transfer Functions [29]
These transfer functions can be classified as ‘S’-shaped and ‘V’-shaped according to their
graphical plots [31].

Four ‘S’ and four ‘V’ type transfer functions used for BPSO have been mentioned in Tables
2 and 3, respectively. Their graphical plots have been shown in Figs. 1 and 2
correspondingly.
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S-shaped Transfer Functions
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Figure 2. Plots of ‘V’ Type Transfer Functions [31]

The transfer functions engaged for BPSO are influential in providing the appropriate
probability according to the absolute velocity of a particle [30]. The choice of the competent
transfer function can facilitate the decision-makers to explore the search domain (terrain)
most efficiently and locate the best possible emplacement of the WTs in a WPG farm for
achieving the least possible Cg [32]-[35].
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4. Results and Discussion

For appraising the proportional performance of ‘S’ and ‘V’ type transfer functions for the
WFLO problem, a similar CE function, described in section 2, has been employed. CE has
been measured in USD/kWh. A terrain condition considered by Wilson et al. (2018) is put
into operation as a benchmark terrain situation in contemporary research and it is shown in
Fig. 3.

Figure 3. Considered Terrain Setting

The rectangular terrain of length and breadth of 9240 m and 6545 m respectively has been
deemed in the existing study. The area shown in blue is available for positioning WTs
whereas the area shown in pink indicates the obstructions inside the terrain. WTs cannot be
placed within the obstruction area. The airflow scenario spread across directional angles
(shown as 0 to 345) held in the present work is graphically represented in Fig. 4 [36]-[40].

3 fs<=\/<5m/s
—C5 M f5<=V<TM/ s
T f5<=V<OM/s

Figure 4. Considered Airflow Condition
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The parameter setting for the WFLO problem has been presented in Table 4, and
experimentation outcomes have been displayed in Fig. 5. The minimum CE has been

specified in bold form.

Parameter Considered Value
Operational Charge uUSD 20,000
C1 2
C2 2
Diameter of WT 77m
Number of 50
Iterations
Operative Period 20 Years
Population Size 20
Rate of Interest 3%
Rated Power 1500 kW
Sub-Station Outlay USD 8,000,000
Vimax 6
W 2
Winax 0.9
Wiin 04
WT Outlay USD 750,000

Table 4. Parameter Settings
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Figure 5. Comparison of Optimized Costs of Energy

Transfer Cost of Energy
Function (USD/KWh)

S1 0.00143

Sz 0.00137

S3 0.00133

Sa 0.00131

Vi 0.00320

V2 0.00290

V3 0.00230

Vs 0.00190

Table 5. Optimized Costs of Energy
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Each optimization run has been iterated 50 times for every chosen scenario and transfer
function. The plots shown in Fig.5 depict that ‘S’ type transfer functions offer more optimal
wind power generation cost when compared to corresponding 'V’ type transfer functions.
Moreover, the ‘S4’ type transfer function, among all the mentioned transfer functions, has
presented the minimal CE for every wind flow scenario. The most optimal CE that has been
attained in the current WFLO problem is 0.00131 USD/kWh. The accepted error for
estimating the CE is less than 0.00001 USD/kWh for the present work [41]-[45].

5. Conclusions

The BPSO-based WFLO methodology presented in the current work has offered an
economical and prompt technique to assess the optimum generation cost for a given cost
function and five arbitrarily chosen wind flow scenarios taken into account in the 22nd
Genetic and Evolutionary Computation Conference [25]. Both types of transfer functions
have been considered for changing the particle velocity for BPSO. The research outcomes
demonstrate the suitability of S-type transfer functions over V-type ones in finding the
optimal wind power generation cost. The ‘S4’ function, mentioned in Table 2, is the most
efficient transfer function for exploring the randomly generated layouts to search for the
best possible positioning of the WTs inside the wind farm with the most optimal WPG cost
per kWh. This study will initiate innovative possibilities for enhancing the plan of the WPG
farms to find the least probable CE for several terrains and wind flow conditions using Al
methods like the PSO algorithm.
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