









	[image: images]
	Energy Engineering
	[image: images]






DOI: 10.32604/ee.2023.028859

ARTICLE

Research on Reactive Power Optimization of Offshore Wind Farms Based on Improved Particle Swarm Optimization

Zhonghao Qian1, Hanyi Ma1, Jun Rao2, Jun Hu1, Lichengzi Yu2,*, Caoyi Feng1, Yunxu Qiu1 and Kemo Ding1

1State Grid Jiangsu Nantong Electric Power Co., Ltd., Nantong, 226000, China
2College of Energy and Electrical Engineering, Hohai University, Nanjing, 211100, China

*Corresponding Author: Lichengzi Yu. Email: hhu_project_yu@163.com

Received: 11 January 2023; Accepted: 06 April 2023; Published: 03 August 2023


Abstract: The lack of reactive power in offshore wind farms will affect the voltage stability and power transmission quality of wind farms. To improve the voltage stability and reactive power economy of wind farms, the improved particle swarm optimization is used to optimize the reactive power planning in wind farms. First, the power flow of offshore wind farms is modeled, analyzed and calculated. To improve the global search ability and local optimization ability of particle swarm optimization, the improved particle swarm optimization adopts the adaptive inertia weight and asynchronous learning factor. Taking the minimum active power loss of the offshore wind farms as the objective function, the installation location of the reactive power compensation device is compared according to the node voltage amplitude and the actual engineering needs. Finally, a reactive power optimization model based on Static Var Compensator is established in MATLAB to consider the optimal compensation capacity, network loss, convergence speed and voltage amplitude enhancement effect of SVC. Comparing the compensation methods in several different locations, the compensation scheme with the best reactive power optimization effect is determined. Meanwhile, the optimization results of the standard particle swarm optimization and the improved particle swarm optimization are compared to verify the superiority of the proposed improved algorithm.
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1  Introduction

It is the only path to achieve China’s carbon peaking and carbon neutrality goals and an important support for promoting green and low-carbon development [1] to promote the energy production and consumption revolution and build a clean, low-carbon, safe and efficient energy system and a new power system with new energy as the main body [2]. As an important part of new energy power generation, offshore wind power generation has a wide range of application prospects. In the planning and construction of offshore wind farms, due to the influence of long-distance cables, transformers, and generators [3,4], there might be insufficient reactive power [5,6] in the wind farm. To obtain the minimum construction cost and the maximum economic benefits, it is necessary to optimize the reactive power inside wind farms [7,8].

Literature [9] used the radial structure of wind farms to optimize the reactive power distribution of wind turbines, but the optimization strategy is only applicable for linearized systems. Literature [10] proposed to adopt the optimal diversion strategy for the stator and grid-side converter diversion, which minimizes the total loss of the wind power generation system. But the control method is relatively complex. Literature [11] proposed to use the external reactive power compensation device to compensate the system reactive power and optimize the capacity of the reactive power compensation device, but the algorithm convergence is poor. Literature [12] took the optimal compensation capacity and the node minimum voltage deviation as the objective function and uses the improved genetic algorithm for multi-objective optimization, but the programming is relatively complicated. Literature [13–15] took the power system connected to wind farms as the research object without considering the reactive power optimization within wind farms. In literature [16], the improved particle swarm optimization algorithm was used to optimize the reactive power of wind turbine output, but only the improvement of inertia weight is considered, and the ideal optimization effect cannot be achieved in the case of large reactive power deficit due to the generator output limitation.

To improve the voltage stability and reactive power economy of wind farm operating and address the local optimum and poor convergence effect of the traditional particle swarm optimization, this paper proposes an internal reactive power optimization scheme in wind farms based on the improved particle swarm optimization. First, the inertial weight and acceleration factor are optimized. Then, taking the minimum active power network loss in wind farms as the target function and considering the influencing factors of the node voltage deviation, power flow constraints, and inequality constraints, the optimal compensation capacity and compensation site for the external reactive power compensation device are determined and the reactive power compensation scheme with optimal economy is obtained. Finally, based on the example analysis of the actual data from a wind farm in Jiangsu Province, the feasibility and accuracy of the proposed improved particle swarm optimization are verified.

2  Internal Reactive Power Optimization Model of Wind Farms

2.1 Internal Power Flow Analysis of Offshore Wind Farms

Fig. 1 is the connection schematic diagram of an offshore wind farm in Jiangsu. The wind farm consists of 32 permanent magnet direct drive wind turbines, which can be divided into 6 groups according to the geographical location and connection mode. As shown in the G1-G6 of Fig. 1, each wind turbine is boosted to 35 kV by box-type transformer, connected to low voltage side of the main transformer (Node 33) through the 35 kV cable line, and into the wind farm grid through the 220 kV cable.
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Figure 1: Connection schematic diagram of the offshore wind farm

The 35 kV cable line parameters in the wind farm are shown in Table 1. Due to different lengths and cross section areas of the cable connected to the fan, the connector impedance between nodes has certain differences, which constitute the transmission system in the wind farm.
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According to the connection diagram of the offshore wind farm in Fig. 1 and the cable line parameters in Table 1, the power flow in the wind farm can be calculated. The calculation formula [17] of the wind farm in polar form is:

{Pi=Ui∑j=1nUj(Gijcos⁡θij+Bijsin⁡θ)Qi=Ui∑j=1nUj(Gijsin⁡θij−Bijcos⁡θ)i=1,2,…,n(1)

In the formula, Pi and Qi are the active and reactive power injected at node i; Gij and Bij are the branch conductance and susceptance between nodes i and j; Ui is the voltage at node i; θij is the phase angle difference between nodes i and j; and n is the number of nodes.

The unbalance equation of active and reactive power is obtained by calculating PQ node and PV node:

{ΔPi=Pis−Ui∑j=1nUj(Gijcos⁡θij+Bijsin⁡θij)ΔQi=Qis−Ui∑j=1nUj(Gijsin⁡θij−Bijcos⁡θij)i=1,2,…,n(2)

In the formula, △Pi and △Qi are the active and reactive unbalance of node i. Pis and Qis represent active power and reactive power injected by nodes, respectively.

The expression of Newton Raphson method modified equation in polar form is:

[ΔPΔQ]=−[HNML][ΔθΔUU](3)

In the formula (3), the expressions of Jacobian matrix are:

{Hij=∂ΔPi∂θj,Nij=∂ΔPi∂UjUjMij=∂ΔQi∂θj,Lij=∂ΔQi∂UjUj(4)

According to formulas (3) and (4), the power correction amount and voltage correction amount after each iteration can be calculated. Then the correction amount and the initial amount are added to obtain the power component and voltage component of the next iteration. The internal power flow calculation flow chart of the offshore wind farm is shown in Fig. 2. The convergence condition of particle swarm optimization algorithm is that the minimum error is less than 0.15. Due to the fast convergence speed of the model. In order to facilitate the comparison of model operation results, the maximum iteration number of the algorithm is used as the judgment condition for algorithm termination, and the maximum iteration number is set to 50.
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Figure 2: Power flow calculation flow chart of the offshore wind farm

2.2 Reactive Power Optimization Objective Function and Constraints

With the minimum internal network loss of the offshore wind farm as the objective function, the line loss of the wind farm is reduced by reactive power optimization and the reactive power economy in the wind farm is improved. To address the node voltage out-of-limit, the penalty function is added to the objective function. The objective function is expressed as follows:

minf=∑i=1nUi∑j=1nUj(Gijcos⁡θij+Bijsin⁡θij)+fpenalty(5)

In the formula, fpenalty is a penalty function and the specific expression is:

fpenalty=k∑i=1n(ΔUiUimax−Uimin)2(6)

In the formula, k is the penalty function coefficient (k = 1 in the subsequent simulation); Uimax and Uimin are the maximum and minimum voltage values of node i; and the value selection of △Ui is shown in formula (7):

ΔUi={Ui−Uimax(Ui>Uimax)0(Uimin<Ui<Uimax)Ui−Uimin(Ui<Uimin)(7)

On the basis of determining the reactive power optimization objective function, it is necessary to analyze the constraints in the offshore wind farm wherein the equality constraint is the wind farm power flow constraint as shown in formula (8):

{PGi−PLi=Pi=Ui∑j=1nUj(Gijcos⁡θij+Bijsin⁡θij)QGi+Qci−QLi=Qi=Ui∑j=1nUj(Gijsin⁡θij−Bijcos⁡θij)(8)

In the formula, PGi and PLi are the generator active output and node active load, respectively; and QGi, Qci, and QLi are the generator reactive output, compensated reactive power, and node reactive load, respectively.

The system inequality constraints can be divided into the generator output constraint, node voltage constraint, and reactive power compensation device capacity constraint with. The expression is as follows:

{Uimin≤Ui≤UimaxQGimin≤QGi≤QGimaxQcimin≤Qci≤Qcimax(9)

In the formula, QGimax and QGimin are the upper and lower limits of the generator reactive output; Qcimax and Qcimin are the upper and lower limits of compensation capacity of reactive power compensation device; and Uimax and Uimin are the upper and lower limits of node voltage. In the simulation experiment, the maximum and minimum values of node voltage are set as uimax = 1.13 and uimin = 0.96.

3  Reactive Power Optimization of Wind Farms Based on Improved Particle Swarm Optimization

3.1 Standard Particle Swarm Optimization

The standard particle swarm optimization is an algorithm which simulates the behavior of a flock of birds searching for food [18,19]. The position of each particle can be seen as a feasible solution in the problem space, and the state of the particle is described by the position vector and the velocity vector [20].

The particle swarm optimization first sets the position and flight speed of the particle in the search space as:

{ Xi=(xi1,xi2,…,xiD)Vi=(vi1,vi2,…,viD)     i=1,2,…,N(10)

In the formula, i is the ith particle in the particle swarm; Xi is the position of the ith particle in the search space; Vi is the flight speed of the ith particle; D is the dimension of the search space; and N is the number of particles in the search space.

During the iteration, the particles continuously update [21] according to the individual optimal value Pbest and the global optimal value Gbest, expressed as:

Pbest(t)={Pbest(t−1)f(Pbest(t−1))≤f(xi(t))xi(t)f(Pbest(t−1))≥f(xi(t))(11)

Gbest(t)={Gbest(t−1)f(Qbest(t−1))≤f(xi(t))xi(t)f(Qbest(t−1))≥f(xi(t))(12)

In the formula, Pbest is the individual optimal value of the particle, and Gbest is the global optimal value.

To determine whether the convergence condition is reached, if the convergence condition is met, the optimization ends; if the target function does not converge, the particle position, velocity, and inertia factor need to be updated. The particle update formula is as follows:

viD(l+1)=wviD(l)+c1r1(PbestiD(l)−xiD(l))+c2r2(GbestiD(l)−xiD(l))(13)

xiD(l+1)=xiD(l)+viD(l)(14)

ω(l)=ωmax−ωmax−ωminlmaxl(15)

In the formula, where l is the number of iterations; ω is the inertia weight; c1 and c2 are the learning factors; r1 and r2 are the random numbers between [0,1]; viD(l) and xiD(l) are the velocity and position of the the ith particle in the lth iteration; PbestiD(l) and QbestiD(l) are the individual optimal value and global optimal value in the lth iteration.

3.2 Improved Particle Swarm Optimization

In the standard particle swarm optimization, whether the particle converges depends on its flight trajectory. Limited by the particle velocity, its search range may not cover the whole feasible solution space, which will lead to the weak convergence, local optimum, and premature convergence [22].

To obtain better convergence effect and optimization result, the standard particle swarm optimization is improved from the inertia weight and learning factor. The inertia weight affects the solution accuracy of the algorithm. The particle swarm optimization with adaptive weights uses the relatively large inertia weight in the early stage of solving, which is conducive to global search. During the search process, the inertia weight is adjusted according to the particle fitness to improve the local optimization ability of the algorithm. The adjustment formula is as follows:

ω={ωmin−(ωmax−ωmin)f−fminfave−fmin,f≤faveωmax,f>fave(16)

In the formula, ωmax and ωmin are the maximum and minimum values of the inertial weight; and f, fmin and fave are the current, minimum, and average fitness of the particle, respectively.

The learning factor of the standard particle swarm usually takes c1 = c2 and is set as a constant, which does not consider the focus of the particle search process and needs to update the learning factor in the iterative process to obtain the best global and local search ability. The update formula of the asynchronous learning factor is as follows:

{c1(k)=c1start+(c1end−c1start)(Tmax−kTmax)c2(k)=c2start+(c2start−c2end)(Tmax−kTmax)(17)

In the formula, c1start and c1end are the start and end values of the learning factor c1, respectively; c2start and c2end are the start and end values of the learning factor c2, respectively; k is the current number of iterations; and Tmax is the maximum number of iterations.

According to the power flow calculation model of the offshore wind farm and the improved particle swarm optimization, the reactive power optimization steps of the wind farm can be obtained as in Fig. 3.
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Figure 3: Reactive power optimization flow chart of the offshore wind farm based on improved particle swarm optimization

First, the network parameters of the wind farm and initialize the improved particle swarm parameters are inputted and the power flow results of the wind farm is obtained according to the power flow calculation steps shown in Fig. 2 to determine whether the particle satisfies the constraints. If it does, the objective function value and the individual fitness of each particle are calculated, the inertia weight and the learning factor are updated, and the individual optimal value, global optimal value, and optimal fitness for each particle are obtained to determine whether the objective function meets the convergence requirements. If does, the reactive power optimization result is output. If not, parameters such as the particle velocity, position, inertia weight, and learning factors are updated for the next calculation until the convergence requirements are met.

4  Example Analysis

4.1 Reactive Power Optimization Analysis of Offshore Wind Farms

According to parameters of the wind farm architecture, fan, transformer, transmission system in Fig. 1 as well as the flow chart in Fig. 3, the wind farm reactive power optimization based on improved particle swarm optimization is programmed in MATLAB. The wind farm internal reactive power compensation device installation site and configuration capacity are optimized, the wind farm network loss and node voltage. According to the wind farm data shown in Fig. 1, the parameter Settings of the improved particle swarm optimization algorithm are shown in Table 2, and relevant parameters can be modified according to different application scenarios.

[image: images]

To simplify the algorithm, all the parameters of the wind farm are expressed with per unit values, where the capacity reference value is 100 MVA and the voltage reference value is 35 kV.

The voltage of each node in the offshore wind farm before adding the reactive power compensation device is shown in Table 3. Because of the existence of transmission cables, transformers, and generators, the voltage per unit value of some nodes is below 1. Therefore, reactive power compensation for the wind farm is needed to improve the voltage level of nodes.
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According to the actual project planning and construction needs, the Nodes 8, 11, 14, 18 and 32 can be compensated according to the comprehensive consideration of the weakness of the node voltage. Considering the construction cost and economic requirements, 3 of the above 5 nodes are selected as the installation points of the reactive power compensation device (SVC) with compensation mode A (Nodes 8, 11, and 14), compensation mode B (Nodes 8, 11, and 18), compensation mode C (Nodes 8, 11, and 32), compensation mode D (Nodes 8, 14, and 32), compensation mode E (Nodes 11, 18, and 32), and compensation mode F (Nodes 14, 18, and 32).

As shown in Table 4, the optimal reactive power compensation configuration capacity under the 6 reactive power compensation modes are compared. It can be seen that the total configuration capacity of the reactive power compensation device with compensation modes B and F is relatively small, 0.2286 and 0.2288, respectively, which can get the investment and installation cost of the optimal reactive power compensation device.

[image: images]

In addition to considering the investment cost of reactive power compensation device, the network loss cost of the wind farm also needs to be calculated. The wind farm network loss size before and after the compensation of the 4 compensation sites is shown in Table 5.

[image: images]

According to Table 5, compared with the initial network loss, compensation modes of 6 kinds of compensation sites can effectively reduce the network loss of the wind farm and realize the reactive power optimization. The network loss reduction rate with compensation modes D and F is 12.466% and 12.397%, respectively. The network loss cost is relatively low under these two compensation modes.

To further compare the advantages and disadvantages of each compensation mode, the convergence rate and node voltage amplitude increase of the optimization algorithm also need to consider. The target function iterative process diagram of the improved particle swarm optimization with 6 reactive power compensation modes are shown in Fig. 4. As can be seen, for these compensation modes, the convergence can be reached in 5 iterations and the convergence is fast.

[image: images]

Figure 4: Target function iterative process diagram of the improved particle swarm optimization

Fig. 5 shows the wind farm internal node voltage before and after optimization with different reactive power compensation modes. As can be seen from the figure, all the reactive power compensation modes can effectively improve the node voltage amplitude. But compensation modes D and F could increase the offshore wind farm internal node voltage amplitude more obviously, which are beneficial to improve the voltage stability of the wind farm.

[image: images]

Figure 5: Node voltage amplitude diagram of the wind farm before and after optimization

The installation capacity, wind farm network loss, algorithm convergence speed, and node voltage amplitude size of the reactive power compensation device are compared comprehensively. Compensation mode F is more economic in the device installation cost and network loss cost and meanwhile can achieve convergence after 4 iterations and have relatively good effects for the wind farm internal node voltage amplitude improvement. Compensation mode F can effectively improve the voltage stability of wind farms and has the best reactive power optimization effect.

4.2 Comparative Analysis before and after Particle Swarm Optimization

To verify the superiority of the improved particle swarm optimization proposed in Section 2.2, the reactive power optimization results of the standard particle swarm optimization and the improved particle swarm optimization are analyzed at the installation site (compensation mode F) of the optimal reactive power compensation device.

As shown in Table 6, the optimal compensation capacity and wind farm network loss size are obtained under the compensation mode F standard particle swarm optimization and improved the particle swarm optimization. Difference between the two in the optimal compensation capacity is only 0.0001. However, compared with the standard particle swarm optimization, the improved particle swarm optimization can reduce the network loss from 0.1283 to 0.1272, which effectively reduces the wind farm network loss and has better performance index in reactive power optimization results.
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Fig. 6 is an iterative process diagram of the objective function for standard particle swarm optimization and improved particle swarm optimization. It can be seen that standard particle swarm optimization requires 25 iterations to reach a stable value, while improved particle swarm optimization only requires 4 iterations to reach a stable error value. Also it has faster algorithm iteration speed and lower network loss.

[image: images]

Figure 6: Comparison of objective functions before and after particle swarm optimization improvement

Fig. 7 shows the wind farm internal node voltage optimization results after using the standard particle swarm optimization and improved particle swarm optimization. Compared with the standard particle swarm optimization, the proposed improved particle swarm optimization can further improve the wind farm node voltage amplitude, is conducive to the voltage stability of offshore wind farms, and obtain better output power quality.
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Figure 7: Figure of wind farm voltage optimization results before and after particle swarm optimization improvement

In conclusion, compared with the standard particle swarm optimization, the proposed improved particle swarm optimization has faster convergence speed, lower network loss, and higher node voltage amplitude in the reactive power optimization of actual offshore wind farms, which verifies the effectiveness and superiority of the improved particle swarm optimization.

5  Conclusions

In this paper, an internal reactive power optimization method for offshore wind farms based on an improved particle swarm optimization is proposed; the adaptive inertia weight and asynchronous learning factor are used to enhance the global search ability and local optimization ability of the particle swarm optimization. Based on the topology structure and network data of the actual offshore wind farm, the reactive power optimization model of the offshore wind farm is established by taking SVC compensation as an example and taking the minimum active power loss of the wind farm as the objective function in MATLAB. The selection of the compensation site takes into account the planning and construction requirements of the actual wind farm. The optimal compensation capacity, network loss size, algorithm convergence speed, and node voltage amplitude improvement degree are considered comprehensively to obtain the best compensation mode for reactive power optimization results. Meanwhile, the optimization results of the standard particle swarm optimization and the proposed improved particle swarm optimization are compared to prove the effectiveness and superiority of the improved particle swarm optimization.
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OEBPS/Images/table-1.png
Table 1: 35 kV Cable line parameters in the wind farm

Cable type Unit resistance/(€2/km)  Unit reactance/(2/km) Unit capacitance/(uF/km)
XLPE-3 x 70 0.305 0.128 0.126
XLPE-3 x 120 0.178 0.116 0.147
XLPE-3 x 185 0.116 0.109 0.168
XLPE-3 x 240 0.090 0.104 0.183

XLPE-3 x 300 0.072 0.103 0.196
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Table 3: Node voltage amplitude of the wind farm before compensation

Node serial Voltage Node serial Voltage Node serial Voltage
number amplitude number amplitude number amplitude
1 1.0500 12 0.9510 23 1.0133
2 1.0270 13 0.9563 24 1.0258
3 1.0035 14 0.9526 25 0.9999
4 0.9915 15 0.9572 26 1.0038
5 0.9790 16 0.9548 27 1.0077
6 0.9656 17 0.9555 28 1.0116
7 0.9526 18 0.9540 29 0.9956
8 0.9404 19 1.0368 30 0.9950
9 0.9448 20 1.0476 31 0.9927
10 0.9563 21 1.0476 32 0.9894
11 0.9467 22 1.0494 33 0.9989






OEBPS/Images/table-6.png
Table 6: Results comparison between standard particle swarm optimization and improved particle
swarm optimization

Algorithm type Optimal compensation capacity Network loss

Standard particle swarm 14 (0.1193), 18 (0.0309), 32 (0.0785) 0.1283
Improved particle swarm 14 (0.1200), 18 (0.0303), 32 (0.0785) 0.1272
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Table 4: Optimal compensation capacity with different reactive power compensation modes

Compensation mode Compensation node (Optimal Total capacity of reactive power
compensation capacity/per unit value) compensation
A 8 (0.1053), 11 (0.0391), 14 (0.0845) 0.2289
B 8 (0.1052), 11 (0.0808), 18 (0.0426) 0.2286
C 8 (0.0595), 11 (0.1491), 32 (0.0699) 0.2785
D 8 (0.0669), 14 (0.1204), 32 (0.0792) 0.2665
E 11 (0.1011), 18 (0.0648), 32 (0.0763) 0.2422
F 14 (0.1200), 18 (0.0303), 32 (0.0785) 0.2288
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Table 2: Parameters of improved particle swarm optimization
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Table 5: Wind farm network loss with different compensation modes

Compensation mode Network loss value Network loss reduction rate
Initial network loss 0.1452

A 0.1352 6.887%

B 0.1354 6.749%

C 0.1283 11.639%

D 0.1271 12.466%

E 0.1274 12.259%

F 0.1272 12.397%






OEBPS/Images/copy.png





OEBPS/Images/ee-logo.png
(8





OEBPS/Images/EE_28859-fig-1.png
Power Grid

220KV
Main
Transformer
35KV
33
G1 G2
1T 21 31 41 5t 61 71 81 [[1161 1517 141 131 121 14 101 9
G3 G4| Gé G5
25

171 181 19 20|21 221 2371 24

272 3117301 29 28|27 26






OEBPS/Images/EE_28859-fig-7.png
) 20 3 S S e e e s s s — ————— —
o= | ——  Voltage before optimization
(o)) 3_ 1.18 ——Standard particle swarm optimization
% ‘_8’ 1.13r —— Improved particle swarm optimization
> 3 1.08
0=
T Q
g g 1.03
Z® 0.98

0.93b—— >
1 3 57 9 1113151719 2123252729 3133

Node serial number





OEBPS/Images/EE_28859-fig-5.png
Node voltage
amplitude(pu)

Node voltage

amplitude(pu)

Node voltage
amplitude(pu)

—Before optimizatio o 8f T T T T T T '
—— After optimization gg 1.13F —— After optimization
=9
1.08 1
°g |
o=
3 g—o.
Z ® 0.
1 357 9111315171921232527293133 1357 9111315171921232527293133
Node serial number Node serial number
(a) Compensation Mode A (b) Compensation Mode B
A8 ——RBefore optimizatio =) L18F ——Before optimizatio
13 —— After optimization % 2 113} —— After optimization
.08 521
>3
.03 o % 1.
.98 8 g0
.93 Z g 0.
88 0.88
1357 9111315171921232527293133 1357 9111315171921232527293133
Node serial number Node serial number
(c) Compensation Mode C (d) Compensation Mode D
18 —Before optimizatio o5 8
13 —— After optimization 8’& 1.13¢ —— After optimization
08 S8 1.08t :
.03 ;,3 1.03F
98 3 TE:.0.98-
.93 Z 5093t
88 0.88
1357 9111315171921232527293133 1357 9111315171921232527293133
Node serial number Node serial number

(e) Compensation Mode E (f) Compensation Mode F





OEBPS/Images/EE_28859-fig-3.png
Start

v

Input the wind farm network
parameters

v

Initialize parameters such as
particle position and velocity

/

\

Calculate power flow, calculate
individual fitness of each particle

v

Obtain the individual optimal
value, global optimal value, and
the best fitness value

Number of

Update the particle velocity,
position, inertia weight, and

learning factor

A

Population generation+ 1

No

Iterations >50?

Output the reactive power
optimization results

'

End






