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Abstract 

In order to solve the problem of high complexity of coordinated control between power 
system stabilizer (PSS) and static var compensator (SVC), a new optimization method 
based on neighborhood rough set theory and shuffled frog leaping algorithm is proposed. 
Single machine infinite bus system and two machine power system with PSS and SVC are 
established, and the redundant control parameters are reduced to the maximum by 
using neighborhood rough set. The shuffled frog leaping algorithm is used to search the 
optimal parameters of the coordinated control of PSS and SVC. The simulation results 
show that the combinatorial optimization method has been successfully applied to the 
coordinated control of PSS and SVC. The optimization result of the reduced 
neighborhood rough set is basically consistent with that of the full-parameter 
optimization, but the optimization difficulty is lower and the optimization time is shorter. 
Therefore, the proposed method can effectively reduce the difficulty of control 
optimization on the basis of ensuring the control effect of power system. The 
effectiveness of the method is verified by the single-machine infinite bus system and its 
expansibility is confirmed by the two-machine power system. 
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1. Introduction 

With the continuous development of the modern economy, the society's demand for energy is 

increasing, which leads to an increasing load on the power system and higher requirements for the 

stability of the power system. The original power facilities cannot meet the existing power demand, 

and it is necessary to build new power plants and expand transmission lines. However, the cost of 

new power plants and lines is high and the implementation is difficult [1]. This requires power system 

planners and operators to look for alternatives, and an analysis of existing options shows that 

upgrading the legacy transmission network is a very solid idea. The application of Flexible AC 

Transmission System (FACTS) in power system provides a solution to the current problem. The 

FACTS device can quickly respond to emergencies in the power system and improve the transient 

stability of the power system. Static Var Compensator (SVC) is a relatively common parallel FACTS 

device, which is usually used as a variable reactance to maintain or control the bus voltage, and is 

widely used for fast reactive power regulation. Configuring the SVC in the power system can improve 

the dynamic voltage and increase the carrying capacity of the system. Likewise, excitation control 

can improve power system stability. The Power System Stabilizer (PSS) provides an auxiliary control 

loop in the excitation system to enhance the system's damping of low frequency oscillations. PSS 
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produces better performance and damping characteristics during system disturbances under a wide 

range of load conditions. 

Although configuring the PSS controller and the SVC controller at the same time in the power system 

can improve the anti-disturbance capability of the system, in the application scenario of using the PSS 

and SVC at the same time, the two may affect each other and even lead to system instability [2]. 

Therefore, the parameter optimization method is tested. Many traditional techniques have been 

applied to optimize power system stabilizer coordination control parameters, including mathematical 

programming, gradient processes, and modern control theory [3]. However, traditional methods have 

disadvantages such as large amount of computation and slow convergence. The intelligent 

optimization algorithm can make the modeling process more perfect through the objective function 

based on the nonlinear model, and can correctly capture the complex dynamics of the system. For 

example, particle swarm optimization has been applied to the coordinated control of FACTS devices 

[4]; genetic algorithms have been successfully used to design and coordinate PSS with different types 

of FACTS controllers [5], and pattern search algorithms have been applied to coordinated control of 

PSS and SVC [6]. The Shuffled Frog Leaping Algorithm (SFLA) is a sub-heuristic cooperative search 

swarm intelligence algorithm proposed by Eusuff et al. [7] in 2003. SFLA combines the advantages 

of Memetic Algorithm (MA) and Particle Swarm Optimization (PSO), and has the advantages of fast 

calculation speed, fewer parameters, and strong global optimization ability [8] , which is great for 

fast optimization problems. The actual power system is usually a huge system with multiple areas 

and multiple lines. The number of power system controllers is huge, and the optimization process is 

very complicated even if the intelligent algorithm is used. The above method does not solve the 

problem of excessive complexity in the control process. Rough set is an effective mathematical 

reduction tool, which can screen out the main control parameters in the optimization process and 

effectively reduce the difficulty of optimization. For example, rough set has been applied to multi-

objective evolutionary algorithms [9]. 

Based on the above situation, this paper proposes a new method of combined optimization of 

neighborhood rough set theory and SFLA for the coordinated control of SVC and PSS. Neighborhood 

rough sets are used to reduce the controller parameters involved in the optimization process, aiming 

to minimize the complexity of the optimization problem. The hybrid leapfrog algorithm is used to 

optimize the main parameters of the controller to achieve optimal coordinated control. First, the 

effectiveness of the hybrid leapfrog algorithm parameter optimization for the coordinated control of 

PSS and SVC systems is verified by a single-machine infinite system; then the difference between 

the control effects of the parsimonious optimization and the full-parameter optimization is compared 

to show the advantages of the combined optimization; finally, the dual-machine power system is 

studied. The coordination between PSS of different generator sets and the coordinated control of PSS 

and SVC are carried out to prove the applicability and scalability of this method. 

2. Power System Model and Analysis of Optimization Problems 

2.1 Power System Model 

In order to study the effectiveness of the proposed method for coordinated control between PSS and 

SVC, this study considers a Single Machine Infinite Bus System (SMIB) as shown in Figure 1. The 

power system consists of a synchronous generator connected via a transformer to an infinitely long 

busbar. The synchronous generator is equipped with a Hydraulic Turbine and Governor, (HTG), 

excitation system and power system stabilizer (PSS). The system has a static var compensator (SVC) 

at the midpoint of the line. 

In order to study the coordination between PSS of different generator sets and the coordinated control 

of PSS and SVC, a dual-generator power system is established. The dual-machine power system 

includes two synchronous motors equipped with turbines and governors, excitation system and PSS, 

and the system is provided with an SVC at the midpoint of the line. Its schematic diagram is shown 

in Figure 2. 
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Figure 1. SMIB power system diagram with SVC and PSS 
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Figure 2. Schematic diagram of dual-machine power system 

2.2 Controller Model 

2.2.1 Excitation and PSS Models 

A fast excitation model including the PSS controller is established as shown in Fig. 3. It is described 

as: 
 

 ( )fd
A g_ref p

A

g ss fd

1dE
K V V u E

dt T
 = − + −
                       (1) 

 

Among them, KA is the gain of the excitation system, TA is the time constant of the excitation system, 

Efd is the excitation voltage; Vg_ref is the reference voltage at the generator end, and Vg is the 

measured voltage at the generator end. The PSS with lead-lag structure is installed in the feedback 

loop to generate stable signal upss. PSS includes signal amplification, high-pass filtering, lead-lag 

and other links. It provides an auxiliary control signal upss to the Automatic Voltage Regulator 

(AVR), so that the generator generates an electromagnetic component in the same phase as the rotor 

angular velocity deviation, so as to achieve Reduce power system low frequency oscillations and 

increase system damping. 

2.2.2 SVC Model 

In order to strengthen the damping of the SVC to the power system oscillation, the SVC introduces 

an additional damping control with  as the input. The control block diagram is shown in Figure 4, 

which is expressed as: 
 

 ( )svc
s svc_ref svc svc svc

s

1dB
K V u

d
V B

t T
 = + −


−
                    (2) 

 

Among them, Bsvc is the susceptance of the SVC, Ks is the gain of the SVC, Ts is the time constant 

of the SVC; Vsvc is the measured voltage of the SVC installation point, and Vsvc_ref is the reference 
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voltage of the SVC installation point. As shown, the SVC with lead-lag structure is installed in a 

feedback loop to generate a stable signal usvc. 
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Figure 3. Schematic of excitation system with PSS 
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Figure 4. Control block of SVC with additional damping controller 

2.3 Coordinate Control Objectives and Constraints 

The goal of single-machine infinite system optimization is to minimize the oscillation of the 

generator's rotational speed when the power system is disturbed by the coordinated control of SVC 

and PSS, and to satisfy the constraints of the system at the same time. Therefore, an objective function 

can be designed to transform the problem into an objective optimization problem with inequality 

constraints. The objective function can be designed as: 

 

 
sim

0
1

t T

t
J tdt

=

=
= −                                   (3) 
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In the formula, Tsim is the simulation time;  is the motor speed. Therefore, the smaller the objective 

function J is, the smaller the motor speed oscillation is, and the better the control effect is. The 

constraints of the main control parameters of the PSS and SVC controllers can be expressed as: 
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Similarly, the objective function of the dual-machine power system can be set as: 

 

 ( )
sim

1 2
0

1 1
t T

t
J tdt 

=

=
= − + −                             (6) 

 

In the formula, Tsim is the simulation time, 1 is the speed of the No. 1 motor, and 2 is the speed 

of the No. 2 motor. The constraints of its control parameters are similar to those of a single-machine 

infinite system. 

From the analysis of the above system model and optimization objectives, in order to coordinate the 

PSS and SVC controllers, 12 control parameters need to be optimized for a single-machine infinite 

system, and 18 control parameters need to be optimized for a dual-machine power system. However, 

the actual power system is often more complex. The number of parameters of the system controller 

will be very large, and such a number of control parameters will greatly increase the difficulty of 

system optimization. Therefore, a method is needed that can reduce the optimization complexity as 

much as possible while ensuring the control effect remains unchanged. 

3. Combinatorial Optimization of Neighborhood Rough Sets and SFLA 

In order to reduce the optimization complexity, it is necessary to reduce redundant parameters, so 

rough set theory is introduced for parameter reduction. Rough Set Theory (RS) is a data analysis 

theory proposed by Polish scholar Pawlark Z. [10], which has been applied to attribute selection, rule 

learning and classifier design. Rough set does not need prior information of data, it can reduce data 

attributes without losing key information of data and evaluate the dependencies between data. 

The optimal value of the control parameters can be searched through intelligent algorithms. In 2005, 

Elbeltagi et al. [8] adopted five intelligent optimization algorithms (SFLA, MA, PSO, ACO and GA) 

for the typical continuous function optimization problem (Benchmar function F8). ) to compare 

optimization time, convergence speed, and resulting performance. According to the results, the 
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success rate and convergence speed of SFLA in solving the F8 function are better than those of the 

GA algorithm, and are similar to the PSO algorithm, while the processing time of SFLA is the shortest 

among the five algorithms. Therefore, in order to realize the fast optimization of control parameters, 

this paper uses the hybrid leapfrog algorithm to search for the optimal value of the power system 

controller parameters. 

3.1 Neighborhood Rough Set Attribute Reduction 

The classical rough set can only deal with discrete data, and the numerical data must be discretized 

before it can be dealt with. In practical applications, the data is often numerical, but some information 

will be lost after discretization processing, and different discretization methods will have different 

effects on the results. Neighborhood rough sets [11] are thus introduced, which can directly perform 

attribute reduction of numerical data. 

For information systems: 

 

 , , ,S U A V f=                                 (7) 

 

In the formula, U={x1,x2,…,xn} is a non-empty finite set, called the universe of discourse; A is the 

attribute set; V is the value domain; f:U×A V is an information function, which represents the 

sample and its attributes the corresponding mapping relationship. If A=CD, C is a condition 

attribute, and D is a decision attribute, then U,A,V, f  is called a decision table. If a non-empty finite 

set U={x1,x2,…,xn} in the given real number space defines its -neighborhood for xiU as: 

 

 ( ) { | , }( , )i i j B i jx x x U x x   =                         (8) 

 

where 0, (xi) is called the neighborhood information particle generated by xi, referred to as the 

neighborhood particle of xi;  is the distance function; for the sample set of N attributes, the distance 

is expressed by the P norm as: 

 

 ( ) ( ) ( )( )
1

P 1 2 1 21
Δ , , ,

N P P

i ii
x x f x a f x a

=
= −                     (9) 

 

In the formula, f(x,ai) is the value of the sample x on the attribute ai. 

If the given neighborhood decision system NDS=U,A,D, the decision attribute D divides U into 

(X1,X2,…,XN), BA, then define the upper limit of the decision attribute D on the subset B The 

approximation and the lower approximation are: 

 

 N
1= i B iBN D N X=                                  (10) 

 

 N
1 BB = i iN D N X=                                  (11) 

 

In the formula, N
—

BX = {xi|B(xi)X  , xiU}, NBX = {xi|B(xi)  X , xiU}; 

The positive and negative domains of the neighborhood decision system are defined as: 

 

 ( )B BPos D N D=                                  (12) 
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 ( )B BNeg B U N D= −                                (13) 

 

The dependence of decision attribute D on condition attribute B is defined as: 

 

 ( ) ( )B B /D Pos D U =                             (14) 

 

Given a neighborhood decision system U,A,D, BA, aA-B, define the importance of a relative 

to B as: 

 

 ( ) ( ) ( )B B, , aSIG a B D D D = −                         (15) 

 

Attribute reduction algorithms can be constructed by calculating the attribute importance of features. 

Initialize the reduced set as an empty set, set a lower limit of attribute importance C, calculate the 

attribute importance of all features, and select features whose attribute importance value is greater 

than the lower limit C of attribute importance to be added to the reduced set. The algorithm can ensure 

that the features that meet the requirements are added to the reduction set. Its parsimonious algorithm 

is described as follows: 

Step1: Construct a decision-making system NDT=U,A,D. Define , calculate the neighborhood 

relation Na, initialize the parsimonious set as an empty set and set the lower limit of importance C. 

Step2: For aA, calculate the neighborhood relation Na. 

Step3:Calculate the attribute importance of ai to decision attribute D for aiA-red, 

SIG(a,red,D)=reda(D)-red(D), where r(D)=0 is defined. 

Step4: Determine whether the attribute ak is greater than the lower limit C of the attribute importance, 

and add the attributes that meet the conditions to red. 

3.2 Neighborhood Rough Set Attribute Reduction 

SFLA is a sub-heuristic cooperative search swarm intelligence algorithm. The basic principle is: 

initialize N individuals to form an initial population P={X1,X2,…,XN}, and the i-th individual in the 

S-dimensional solution space is represented as Xi=[xi1,xi2,…,xiS]. Calculate the fitness value of each 

individual in the initial population, sort the initial population in descending order of fitness value, and 

record the individual Xg with the best fitness value in the population; then divide the entire species 

group into m meme groups, each meme group Contains n individuals and satisfies the relationship 

N=m×n; let Mk be the set of the kth meme group, and its allocation is performed as follows: 

 

 ( ) 1
|1 ,1k

k m l
M X P l n k m

+ −
=                            (16) 

 

Record the individual with the best fitness value Xb and the individual with the worst fitness value 

Xw in each group of memes, and the individual with the best fitness value in the entire population is 

denoted as Xg, and perform a local search for each group of memes, that is, for each group of memes 

The worst fitness individual Xw in the update is performed. According to the rules, its update method 

is: 

 

 ( )b wD r X X=  −                                (17) 
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'  ,w w maxX X D D D= +                        (18) 

 

In the formula: r represents a random number between 0 and 1, and Dmax represents the maximum 

position that the individual is allowed to change. After the update, if the obtained X’w is better than 

the original Xw, the worst individual in the original meme group will be replaced; if there is no 

improvement, Xg will be used to replace Xb, and the local search will be performed according to 

formulas (17) and (18). Process; if there is still no improvement, a new individual will be randomly 

generated to replace Xw, and the above operations will be repeated until the local maximum number 

of iterations Lmax is satisfied, then all individuals will be re-mixed and sorted and divided into meme 

groups again, and a new round of local execution will continue. Search until the number of mixing 

iterations reaches Gmax, the iteration stops and the current global optimal solution is output. 

3.3 Combined Optimization Process of Neighborhood Rough Set and SFLA 

In the research, the neighborhood rough set is used to eliminate redundant control parameters, and 

SFLA is used to search for optimal control parameter values for coordinated control. The 

implementation process of the combined optimization method of neighborhood rough set and SFLA 

is described as follows: 

Step 1: Construct an information system. It can be known from the neighborhood rough set that the 

four parts of the information system: U universe of discourse can be set according to the requirements 

of optimization; A is the attribute set, which includes C conditional attribute and D decision attribute, 

the conditional attribute C can be generated according to the optimization requirements, and the 

decision-making attribute The attribute D can be generated by checking the conditional attribute C 

according to the set optimization goal. 

Step 2: Neighborhood rough set parsimony. Initialize the reduced set as an empty set, set  and the 

lower limit of attribute importance C according to the optimization conditions, calculate the attribute 

importance of all conditional attributes, and select the attributes whose attribute importance value is 

greater than C to be added to the reduced set. According to the optimization objectives and system 

constraints, set appropriate parameter values for non-critical parameters, which are generally 

empirical values, and update the relevant data of the information system. 

Step 3: Initialize. The relevant data samples imported into the single-machine infinite decision-

making system constitute the initial population P={X1(k),…,Xt(k),…XN(k)}, t=1,2,…,N, the Xt(k) 

enter the objective function Jt(k)=J(Xt(k)) as an independent variable, record the population 

according to Ut(k)={Xt(k),Jt(k)}, and arrange them in descending order of the target value, The 

optimal solution of the recorded population is Xg(k)=U1(k). Divide Ut into m meme groups 

{M1(k),…,Mj(k),…,Mm(k)}, j=1,2,…,m, each meme group contains n individuals, Record the best 

individual in each meme group as {Xjb(k)} and the worst individual as {Xjw(k)}. 

Step 4: Meme evolution. Local search is carried out according to the meme evolution principle of the 

hybrid frog leaping algorithm, that is, Xjw(k) is updated according to formula (18), and its target 

value is calculated. If the updated individual is better than Xjw(k), then Xjw(k) is replaced , if not 

improved, replace Xjb(k) with Xg(k), and search again, if there is still no update, randomly generate 

a new individual to replace Xjw(k) and continue the search. Repeat Lmax times to get a new set of 

memes {M1(k)’,…,Mj(k)’,…,Mm(k)’}. 

Step 5: Meme Mixing. Arrange the individuals in {M1(k)’,…,Mj(k)’,…,Mm(k)’} in descending order 

of target value, denoted as U(k+1)={M1(k)’,…,Mj(k)’,…,Mm(k)’}, record the new population 

optimal solution Xg(k+1)=U1(k+1). 

Step 6: If the number of loops reaches the maximum number of iterations Gmax, the iteration stops, 

and the current optimal parameter group is output, otherwise the loop continues. 

The flow chart is as follows: 
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Figure 5. Flowchart of neighborhood rough set and SFLA 

4. Simulation Analysis 

4.1 Simulation Analysis of SMIB  

This paper verifies the effectiveness of the hybrid leapfrog algorithm applied to the coordinated 

control of PSS and SVC through the SMIB system, and studies the parsimony optimization effect of 

PSS and SVC. The parameters of the SMIB calculation example are shown in Table 1, the capacity 

of the SVC is ±200MVar, and the setting range of each controller parameter is shown in Table 2. 

 

Table 1. SMIB calculation example parameters 

 Parameter Numerical value 

Generator 
Rated Capacity/(MV·A) 1000 

Rated Voltage/kV 13.8 

Transformer 

Rated Capacity/(MV·A)  1000 

Ratio 13.8kV/500kV 

Impedance(pu) 0 + j0. 12 

Transmission line 

Resistance/(Ω/km) 0.0175 

Inductance/(mH/km) 0.8737 

Capacitance/(μF/km ) 0.0133 
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Table 2. Controller parameter value range 

Controller parameters Range last Range next 

Tp-w 10 0 

Kpss 300 0 

T1pss 1 0 

T2pss 1 0 

T3pss 10 0 

T4pss 10 0 

Ts-w 10 0 

Ksvc 300 0 

T1svc 1 0 

T2svc 1 0 

T3svc 1 0 

T4svc 1 0 

4.1.1 Algorithm Validity Verification 

When the PSS controller and the SVC controller are configured in the power system at the same time, 

if the control parameters are improperly selected, the two may affect each other and reduce the 

stability of the power system. In order to verify that the hybrid leapfrog algorithm can effectively 

coordinate the PSS and SVC control, consider the following 4 case: 

1) The system does not configure the controller; 

2) The system only configures the PSS controller; 

3) The system is only configured with SVC controller; 

4) The system configures PSS and SVC for coordinated control. 

Set the three-phase ground fault at t=1s near the infinite bus, and clear the fault at t=1.1s. Evaluate 

the control effect of the power system through the time response of the motor angle, speed, etc. The 

optimal control parameters are obtained by using the hybrid leapfrog algorithm when PSS and SVC 

are in coordinated control. The initial population size of the hybrid frog leaping algorithm is set to 

130 groups, the number of memes is set to 10, the maximum number of iterations is set to 30, and the 

maximum number of iterations of the sub-loop is set to 5. The simulation results are shown in Figure 

5, and the corresponding control parameters are shown in Table 3. 

 

 

(a) Motor rotor angle response curve         (b) Motor rotor speed response curve 
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(c) Voltage response curve at SVC installation    (d) PSS control signal response curve 

 

(e) SVC admittance response curve 

Figure 6. Response comparison chart under different conditions of SMIB 

 

Table 3. Controller parameters in different situations 

 Tp-w Kpss T1pss T2pss T3pss T4pss Ts-w Ksvc T1svc T2svc T3svc T4svc 

Only 

PSS 
5.535 135.764 0.239 0.017 3.841 4.400       

Only 
SVC 

      5.288 8.859 0.567 0.048 0.576 0.630 

PSS and 

SVC 

control 

9.488 210.785 0.237 0.347 0.161 0.003 0.425 7.576 0.658 0.024 0.493 0.500 

 

It can be seen from Fig. 6 that both the PSS controller and the SVC controller alone can improve the 

transient stability of the power system when acting on the power system. The PSS and SVC 

coordinated control under the action of the hybrid leapfrog algorithm improves the overall damping 

characteristics of the power system, effectively suppresses system oscillations caused by large 

disturbances, reduces voltage fluctuations after faults, and enables faster recovery of generator speed 

and node voltage. to normal levels. This shows that the hybrid leapfrog algorithm has been 

successfully applied to the coordinated control of PSS and SVC, and achieved good results. 

4.1.2 Combinatorial Optimization of Neighborhood Rough Sets and SFLA 

Firstly, the 12 control parameters of PSS and SVC in SMIB are used as conditional attributes, and 

the objective function value of conditional attribute verification is used as decision-making attribute. 

On the basis of satisfying the constraints, 150 sets of data are randomly generated to construct the 

SMIB decision-making system, which is shown in Table 4. Show. Using the neighborhood rough set 
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to reduce the decision-making system, different values of  and C can make the reduction have 

different effects. Three cases are discussed here, and the reduction results are shown in Table 5. The 

hybrid leapfrog algorithm is used for optimization, and the redundant controller parameters reduced 

by the neighborhood rough set during the optimization process are kept as fixed values during the 

optimization process, and are generally set to default values or empirical values. The initial population 

size of the SFLA is set to 150 groups, the number of memes is set to 10, the maximum number of 

iterations is set to 50, and the maximum number of iterations of the sub-loop is set to 5. The 

optimization results in different situations are shown in Figure 7, and the specific parameters of the 

optimization are shown in Table 6. 

 

Table 4. SMIB decision system 

U 

Condition attribute 
Decision 

attributes 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 D 

Tp-w Kpss T1pss T2pss T3pss T3pss Ts-w Ksvc T1svc T2svc T3svc T4svc J 

x1 9.572  145.613  0.800  0.142  4.218  9.157  7.922  287.848  0.656  0.036  0.849  0.934  0.021  

x2 6.787  227.322  0.743  0.392  6.555  1.712  7.060  9.550  0.277  0.046  0.097  0.823  0.013  

x3 6.948  95.130  0.950  0.034  4.387  3.816  7.655  238.560  0.187  0.490  0.446  0.646  0.044  

… … … … … … … … … … … … … … 

x150 3.381  88.192  0.746  0.010  0.484  6.679  6.035  157.831  0.730  0.707  0.781  0.288  0.028  

 

Table 5. Results of parameter reduction based on neighborhood rough set 

  C Controller parameters preserved after parsimony 

Case 1 0.8 0.040 T2pss, Ksvc, T1svc, T2svc 

Case 2 0.8 0.032 Tp-w, T2pss, T3pss, Ksvc, T1svc, T2svc, T3svc, T4svc 

Case 3 full parameters Tp-w, Kpss, T1pss, T2pss, T3pss, T4pss, Ts-w, Ksvc, T1svc, T2svc, T3svc, T4svc 

 

Table 6. Optimization of controller parameters based on neighborhood rough set and SFLA 

 Tp-w Kpss T1pss T2pss T3pss T4pss Ts-w Ksvc T1svc T2svc T3svc T4svc t J 

Case 
1 

5.000 150.000 0.500 0.926 0.500 5.000 5.000 6.057 0.743 0.001 0.500 0.500 7.185 0.00126 

Case 
2 

8.077 150.000 0.500 0.541 0.262 5.000 5.000 8.570 0.932 0.001 0.584 0.431 7.508 0.00122 

Case 
3 

9.489 210.785 0.238 0.347 0.161 0.004 0.426 7.577 0.658 0.024 0.494 0.501 8.024 0.00112 

 

 

(a) Motor rotor speed response curve           (b)Motor rotor angle response curve 

Figure 7. Response comparison chart of SMIB under different parsimony cases 
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Table 5 shows that when using combinatorial optimization, the objective function value of Case 1 

and Case 2 is increased compared with that of Case 3, indicating that the control effect is slightly 

decreased, and the objective function value of Case 1 is larger than that of Case 2, which is because 

the controllable control The number of parameters of the search engine is reduced, which leads to the 

reduction of the searchable parameter solution space and the decrease of the search effect. However, 

by analyzing the motor rotor angle response curve and rotor speed curve in Figure 7, it can be seen 

that the system performance of the combined optimization method of the neighborhood rough set and 

the SFLA is basically consistent with the response curve of the full parameter optimization. The 

reduction greatly reduces the complexity of the system optimization and the optimization time, which 

shows that the combined optimization method of the neighborhood rough set and the hybrid leapfrog 

algorithm can effectively reduce the coordinated control of different controllers on the basis of 

ensuring the control effect is basically unchanged. complexity, saving optimization time and 

computation. At the same time, by analyzing the response curves of Case 1 and Case 2, it can be 

found that the response curve of Case 2 is closer to the full-parameter optimization, and the control 

parameters are moderate, so in actual operation, appropriate parsimony parameters can be selected 

according to different situations. 

4.2 Simulation Analysis of Two-machine Power System 

This paper studies the coordination of PSS in different regions and the effect of coordinated control 

between PSS and SVC through a dual-machine power system, and verifies the adaptability and 

expansibility of the combined optimization method of neighborhood rough set and SFLA . The 

combined optimization method of neighborhood rough set and SFLA is used to coordinately control 

the PSS and SVC of the dual-machine power system. The simulation results are shown in Figure 8. 

 

 

(a) Response curve of rotor speed of No. 1 motor 

 

(b) Response curve of rotor speed of No. 2 motor 
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(c) Response curve of rotor angle difference between two motors 

Figure 8. Response curve of dual-machine power system under different parsimony 

 

It can be seen from Fig. 8 that the response of the system under the coordinated control of PSS and 

SVC is better than that of the single PSS or SVC control. The control effects of the combined 

optimization control and the full parameter optimization control are basically the same, and the 

damping characteristics of the system are not lost, while the control parameters are only Compared 

with 18 control parameters of full parameters, the difficulty of control optimization is greatly reduced. 

Combination optimization takes 7.214s, full parameter optimization takes 8.534s, and combinatorial 

optimization saves 15.5% of the optimization time. The optimization time using combinatorial 

optimization is significantly improved. The simulation results verify the adaptability and 

expansibility of the combined optimization method of neighborhood rough set and SFLA. 

5. Conclusion 

Aiming at the problem that the coordination control of PSS and SVC controllers is too complex, this 

paper proposes a new method of combined optimization of neighborhood rough set and SFLA to 

optimize power system controller parameters, which has been successfully applied to power Selection 

and optimization of controller parameters in multi-controller coordination in a system. The method 

reduces the number of control parameters in the optimization process, successfully reduces the 

difficulty of control optimization, and saves the amount of calculation and optimization time required 

for optimization problems. The effectiveness of the method is proved by the simulation of the single-

machine infinite power system, and the applicability and scalability of the method are proved by the 

simulation of the dual-machine power system. This method has certain enlightening significance for 

the stability control of large-scale multi-regional power systems. 
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