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ABSTRACT: Considering the uncertainty of grid connection of electric vehicle charging stations and the uncertainty
of new energy and residential electricity load, a spatio-temporal decoupling strategy of dynamic reactive power
optimization based on clustering-local relaxation-correction is proposed. Firstly, the k-medoids clustering algorithm
is used to divide the reduced power scene into periods. Then, the discrete variables and continuous variables are
optimized in the same period of time. Finally, the number of input groups of parallel capacitor banks (CB) in multiple
periods is fixed, and then the secondary static reactive power optimization correction is carried out by using the
continuous reactive power output device based on the static reactive power compensation device (SVC), the new
energy grid-connected inverter, and the electric vehicle charging station. According to the characteristics of the model,
a hybrid optimization algorithm with a cross-feedback mechanism is used to solve different types of variables, and
an improved artificial hummingbird algorithm based on tent chaotic mapping and adaptive mutation is proposed
to improve the solution efficiency. The simulation results show that the proposed decoupling strategy can obtain
satisfactory optimization results while strictly guaranteeing the dynamic constraints of discrete variables, and the hybrid
algorithm can effectively solve the mixed integer nonlinear optimization problem.

KEYWORDS: Active distribution network; new energy; electric vehicles; dynamic reactive power optimization; k-
medoids clustering; hybrid optimization algorithm

1 Introduction
The rapid development of electric vehicles and new energy technologies has played an important

role in alleviating the energy crisis and achieving the “double carbon” goal in China [1,2]. However, the
fluctuation of new energy and the real-time change of load lead to the reactive power optimization of
the distribution network, which is actually a dynamic process [3]. Compared with static reactive power
optimization, it not only increases the number of variables with the refinement of the time scale but also
makes the dynamic reactive power optimization problem have space-time coupling characteristics due to
the coupling of dynamic constraints and static constraints between discrete variables [4].

How to deal with dynamic constraints reasonably is the difficulty of solving dynamic reactive power
optimization problems. The common strategy is to decouple the original problem in time and space so as
to transform it into a static reactive power optimization problem [5,6]. In Reference [7], the electric vehicle
charging station is used as the reactive power compensation source, which effectively improves the voltage
quality and system stability. However, there are many reactive power decisions, and there is a complex
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space-time coupling between variables, which makes the model difficult to solve. Reference [8] decouples
the dynamic reactive power optimization problem in time and space and formulates the action schedule
of reactive power regulation equipment through heuristic strategy and reactive power compensation error,
so as to transform the dynamic reactive power optimization problem into multiple static reactive power
optimization problems. Based on the day-ahead load forecasting curve, the literature [9–11] classifies the
predicted power of each period by mathematical statistics, so as to obtain the action time of the reactive
power compensation device and perform static reactive power optimization in the classified period. The
literature [12] adopts a two-stage reactive power optimization method. In the first stage, the discrete reactive
power compensation amount is optimized, and then the input amount is fixed, and the continuous reactive
power compensation device is used to correct it under the condition of meeting the limit of its action times.
The above research has certain reference significance for the exploration of space-time decoupling methods,
but the influence of source-load uncertainty on space-time decoupling is not considered.

Furthermore, the reactive power optimization problem after space-time decoupling is essentially a large-
scale nonlinear mixed integer problem, and the existence of a large number of discrete variables makes it
difficult to solve the model. In this regard, References [13,14] used the decomposition coordination method
to coordinate discrete variables and continuous variables. This method reduces the difficulty of solving to
a certain extent, but solving the two variable types independently will lead to search path offset and reduce
the global optimization ability of the algorithm. Reference [15] used particle swarm optimization to optimize
discrete variables and continuous variables, respectively, and then used the results of each optimization as
the initial value for alternating iterative optimization. This method effectively separates discrete variables
and continuous variables and reduces the difficulty of solving. However, solving discrete variables by particle
swarm optimization will change the search direction, and it is difficult to obtain the global optimum. In the
later stage of convergence, species diversity decreases, and it is easy to fall into a local optimum. The artificial
hummingbird algorithm (AHA) is proposed in [16], which has high search accuracy, fast convergence speed,
and a simple principle. However, in the later stage of optimization, the diversity of samples is reduced, and
it is easy to fall into a local optimum.

Based on the above analysis, this paper takes into account the uncertainty of electric vehicles, new
energy, and residential electricity load and proposes a time-space decoupling strategy for dynamic reactive
power optimization. The strategy comprehensively considers the influence of new energy output, electric
vehicle charging load, and residential electricity load fluctuation. The k-medoids clustering algorithm is
used to divide the reduced scene into periods, and then the static reactive power optimization is carried out
for each period, so as to decouple the original problem in time and space. Aiming at the characteristics of
the model after space-time decoupling, a hybrid optimization algorithm combining the improved artificial
hummingbird algorithm (TAMAHA) and genetic algorithm is designed. Based on the principle of cross
feedback, the algorithm solves the continuous variables and discrete variables differently, thereby reducing
the difficulty of solving and improving the operating indicators of the system.

2 Dynamic Reactive Power Optimization Model

2.1 Objective Function

The model proposed in this paper adopts the method of spatiotemporal decoupling, which changes the
goal of the total network loss, voltage offset and voltage stability index of the whole day to the goal of the
minimum index of each hour, and then replaces the dynamic reactive power optimization with static reactive
power optimization.
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1) Minimum network loss

f1 = min
Ns

∑
s=1

πw (s)
N

∑
i=1

∑
j∈ϕi

real ( 1
Yi j

) ⋅
P2

i j ,s + Q2
i j ,s

U 2
i j ,s

(1)

In the formula, Ns-number of scenes; πw (s)-probability of occurrence of scenario s; N-number of
nodes; Yi j-branch admittance; Pi j ,s , Qi j ,s-active and reactive power flowing from the first end of branch i j
in scenario s; Ui j ,s-voltage at the first end of branch i j in scenario s; ϕi-the set of nodes connecting node i;
real ()-take the real part operation.

2) The node voltage offset is minimum

f2 = min
Ns

∑
s=1

πw (s)
N

∑
i=1

( Ui ,s − Ui ,n

Ui ,max − Ui ,min
)

2

(2)

In the formula, Ui ,s is the voltage amplitude of node i under scenario s; Ui ,max, Ui ,min and Ui ,n represent
the upper, lower and rated voltage of node i, respectively.

3) Optimal system stability [17]

f3 = min
l∈i j

Ns

∑
s=1

πw (s) ⋅ (4 (Xi jPi j ,s − Ri jQi j ,s )2 + Xi jQi j ,s + Ri jPi j ,s ) (3)

In the formula, Ri j, Xi j-branch i j resistance, reactance; l-branch set; system collapse when f3 ≥ 1.
The dimensions of each subobjective are different, so it is necessary to normalize them and then establish

a single objective function.

f ∗k =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

1, fk ≤ fk ,min

fk − fk ,min

fk ,max − fk ,min
, fk ,min < fk < fk ,max

0, fk ≥ fk ,max

(4)

F = w1 f ∗1 + w2 f ∗2 + w3 f ∗3 (5)

In the formula, f ∗k -the specific value of the normalized k of the sub-objective, in which k = 1, 2, 3;
fk ,min, fk ,max-single objective optimization and pre-optimization results; w1, w2, w3-weight coefficient, and
w1 + w2 + w3 = 1; F-normalized objective function value, the closer to 0, the better the reactive power
optimization result.

Analytic hierarchy process [18] was used to determine the weight coefficient, and the judgment matrix
was constructed according to the importance degree: active power loss > voltage offset > system stability:

A =
⎛
⎜
⎝

1 3 5
1/3 1 3
1/5 1/3 1

⎞
⎟
⎠

(6)

It can be obtained by calculation w1 = 0.6370, w2 = 0.2583, w3 = 0.1047.
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2.2 Constraints
It should be stated that the following constraints are applicable to any scenario, and then a specified

scenario is no longer described, so the subscript s representing a certain scene is omitted.
1) Power balance constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pgr id , j + ∑
j∈πW T

PW T , j + ∑
j∈πPV

PPV, j =

∑
j∈πL

PLoad, j + ∑
j∈πEV S

PEVS, j + ∑
j∈πl

Pl, j

Qgr id , j + ∑
j∈πW T

QW T , j + ∑
j∈πPV

QPV, j + ∑
j∈πCB

QCB, j =

∑
j∈πL

QLoad, j + ∑
j∈πl

Ql, j

(7)

In the formula, Pgrid, j, PWT, j, PPV, j are the active power of the large power grid injected into node j, the
active power of wind power and photovoltaic, and Load, PLoad, j, PEVS, j, Pl, j are the active power of the load
consumed at node j, the charging power and active power loss of the electric vehicle charging station. Qgrid, j,
QWT, j, QPV, j are the reactive power, wind power and photovoltaic reactive power of the large power grid
injected into node j, QLoad, j, Ql, j are the reactive power and reactive power loss of load at node j, respectively,
and πW T , πPV , πCB and πEV are the node set of installed fan, photovoltaic, switchable capacitor bank and
electric vehicle charging station.

2) Voltage and current constraints

{Ii j ,min ≤ Ii j ≤ Ii j ,max
Ui ,min ≤ Ui ≤ Ui ,max

(8)

In the formula, Ii j ,max, Ii j ,min-the upper and lower limits of the current flowing through the branch i j.
3) Control variable constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Qmin
PW , j ≤ QPW , j ≤ Qmax

PW , j

Qmin
PV , j ≤ QPV , j ≤ Qmax

PV , j

0 ≤ NC ≤ NC ,max

Qmin
SVC, j ≤ QSVC, j ≤ Qmax

SVC, j

(9)

In the formula, Qmax
PW , j , Qmin

PW , j , are the upper and lower limits of the fan reactive power output of the
connecting node j, respectively; Qmax

PV , j , and Qmin
PV , j are the upper and lower limits of the photovoltaic reactive

power output of the connected node j, and NC ,max is the maximum number of capacitor bank switching of
the connected node j; Qmin

SVC, j, and Qmax
SVC, j are the upper and lower limits of SVC reactive power compensation

for connecting nodes j, respectively.
4) Power constraints of EV charging stations

Pmin
EV S , j ≤ PEV S , j ≤ Pmax

EV S , j (10)
Qmin

EV S , j ≤ QEV S , j ≤ Qmax
EV S , j (11)

√
(PEV S , j )2 + (PEV S , j )2 ≤ SEV S , j (12)
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In the formula, Pmin
EV S , j , Pmax

EV S , j -the minimum and maximum active power consumed at node j; Qmin
EV S , j ,t ,

Qmax
EV S , j ,t-the minimum and maximum reactive power injected at node j; SEV S , j ,t-the capacity of the charging

station at node j.
5) Constraints on the number of CB movements

24
∑
t=1

C j ,t ⊕ C j ,t−1 ≤ nc (13)

In the formula, the number of input groups of the capacitor bank at node j at C j ,t-t time; The ⊕-XOR
operator; nc-the maximum number of times a day can be switched, take 8 times. It should be noted that this
paper considers that each adjustment of the capacitor bank is an action.

3 Clustering, Local Relaxation-Correction Reactive Power Optimization Decoupling Strategy

The objective function of dynamic reactive power optimization is the minimum sum of all indexes in
all hours of a day. Considering the existence of discrete variable dynamic bundle reduction, this paper first
divides the time period by clustering algorithm, establishes the action schedule of capacitor banks, and then
determines the input number of capacitor banks in each time period by local relaxation, finally, the reactive
power compensation device with continuous adjustment ability can be flexibly controlled to achieve dynamic
reactive power optimization.

3.1 Clustering

The fluctuation of active power output of new energy, mainly wind power and photovoltaic, residential
electricity load and electric vehicle charging load is the main reason for the different operating states of
distribution network in each hour, so it is more reasonable to cluster their power.

First of all, the whole day is divided into 24 time periods, each time period is 1 h, and the expected
active power of wind power and photovoltaic power, the expected electricity load of residents and the
expected charging load of EV charging stations in each hour period are taken as the main factors affecting
the clustering results. The power sequence of the whole day can be expressed as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pav
W T ,a

= (Pav
W T ,a ,1 , Pav

W T ,a ,2 , ⋅ ⋅ ⋅ Pav
W T ,a ,T , ⋅ ⋅ ⋅ , Pav

W T ,a ,24 ) , a = 1, 2, ⋅ ⋅ ⋅ , A

Pav
PV,b = (Pav

PV,b ,1 , Pav
PV,b ,2 , ⋅ ⋅ ⋅ Pav

PV,b ,T , ⋅ ⋅ ⋅ , Pav
PV,b ,24 ) , b = 1, 2, ⋅ ⋅ ⋅ , B

Pav
EVS,d = (Pav

EVS,d ,1 , Pav
EVS,d ,2 , ⋅ ⋅ ⋅ Pav

EVS,d ,T , ⋅ ⋅ ⋅ , Pav
EVS,d ,24 ) , d = 1, 2, ⋅ ⋅ ⋅ , D

Pav
Load = (Pav

Load,1 , Pav
Load,2 , ⋅ ⋅ ⋅ Pav

Load,T, ⋅ ⋅ ⋅ , Pav
Load,24 )

(14)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
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=
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∑
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Pav
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=
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∑
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Pav
EVS,d,T

=
Ns

∑
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Pav
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=
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(15)
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Among them,PW T , ,s,a,T , PPV,s,b,T are the active output of wind turbine a and photovoltaic power station
b respectively under scenario s in time period T ; PLoad ,s ,T is the residential power load under scenario s
during the time period T ; PEVS,s,d,T refers to the charging load of EV charging station d under scenario
s in time period T ; A, B, D, respectively, the number of wind turbines, photovoltaic power stations and
electric vehicle charging stations; Pav

W T ,a ,T
, Pav

PV,b,T
, Pav

EVS,d,T
Pav

Load,T
is the expected active power of wind turbine a,

photovoltaic station b, electric vehicle charging station d and load during the period T , in turn.
Further, the wind power, photovoltaic active power output, residential power load and charging load of

EV charging stations in each hour segment are classified into A sample point with dimension A + B + D + 1,
whose expression is as follows:

xT = [Pav
PW ,1,T , Pav

PW ,2,T , ⋅ ⋅ ⋅ , Pav
PW ,A,T, Pav

PV ,1,T , Pav
PV ,2,T, ⋅ ⋅ ⋅ ,

Pav
PV ,B,T, Pav

Load,tP
av
EVS,1,T, Pav

EVS,2,T, ⋅ ⋅ ⋅ , Pav
EVS,D,T ]

(T = 1, 2, ⋅ ⋅ ⋅ 24) (16)

In the formula, xT is the data of the T sample point.
Secondly, k-medoids algorithm is used to cluster the samples. The specific operation is as follows:
i) k sample points are selected as the center of mass.
ii) Calculate the Euclidean distance from the sample point to the center of mass. The closer the sample

point is, the higher the similarity between the tabular data is. The calculation formula is as follows:

d (xT , cr ) = sqrt (
A

∑
a=1

(Pav
PW ,a ,T − Pav

PW ,a ,r )2 +
B

∑
b=1

(Pav
PV ,b,T − Pav

PV ,b,r )2

+
D

∑
d=1

(Pav
EVS,d,T − Pav

PW ,d,r )2 + (Pav
Load,T − Pav

PW ,r )2 ) , (r = 1, 2, ⋅ ⋅ ⋅ , k)
(17)

where cr is the RTH cluster center and sqrt represents the root operation. After the distance calculation is
completed, the sample points closest to the center of mass are classified as the cluster where the center of
mass is located.

iii) Take each point in the cluster as the center of mass, calculate the total distance between the other
points in the cluster and the center of mass, and then select the point with the smallest total distance as the
new center of mass.

iv) Repeat steps ii) and iii) until the position of the center of mass does not change. After the clustering
is completed, all sample points are classified into corresponding clusters.

Finally, the samples of adjacent time periods in the same cluster are combined into one period, and
the combined period is the action time period of the capacitor bank. When reactive power is optimized,
the input times of the capacitor bank in each period after the merger are fixed, and the input quantity of the
capacitor bank in different time periods can be different. If the combined time period L it is greater than
the maximum number of capacitor bank switching times nc, then the secondary segmentation is carried
out, the specific operation is: to calculate the Euclidean distance between the sample points of adjacent time
periods after the segmentation, and sort the distance from small to small, and then merge the adjacent time
intervals according to this order until L ≤ nc .

3.2 Local Relaxation
In the allotted time period, the maximum number of switching times of the relaxed capacitor bank is

constrained, which is regarded as a continuous variable, and static reactive power optimization is carried out
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in the time section of the hour level, and the relaxation solution of the hourly reactive power compensation
capacity of the capacitor bank is obtained:

QC = [Q1Q2 ⋅ ⋅ ⋅ QT ⋅ ⋅ ⋅ Q24 ] (18)

In the formula, QC is the reactive power compensation sequence of the capacitor bank after relaxation;
Qi is the reactive power compensation amount of the capacitor bank in the i hour segment.

The average value of the reactive power compensation amount of the capacitor bank input in each time
period is taken as the reactive power input amount of all hours in the time period, and then it is normalized,
and the normalization result is the final input amount of the capacitor group:

Q∗C =

⎡⎢⎢⎢⎢⎢⎢⎣

g1
�                                                       !                                                       "

Q1 Q1 ⋅ ⋅ ⋅ Q1 , ∣

g2
�                                                         !                                                         "

Q2 Q2 ⋅ ⋅ ⋅ Q2 , ∣ ⋅ ⋅ ⋅ ∣,

gL
�                                                           !                                                           "

QL QL ⋅ ⋅ ⋅ QL

⎤⎥⎥⎥⎥⎥⎥⎦

(19)

In the formula, Q∗C is the final reactive power compensation sequence of the capacitor bank; Qi is the
reactive power compensation amount of capacitor group in each i hour segment in time period i; gi indicates
the number of hours contained in time period i.

3.3 Calibration
Finally, on the basis of the optimization of discrete variables, continuous variables are used for

correction: the reactive power output of wind turbine, photovoltaic power station, electric vehicle charging
station and SVC is used as the decision variable for static reactive power optimization in the second stage,
and the optimization result is the final solution of continuous variables. At this point, all decision variables
have been optimized.

4 Hybrid Optimization Algorithm
The reactive power optimization model after spatiotemporal decoupling involves a large number of

continuous and discrete variables, which makes the solution of the model more complicated. A hybrid
optimization algorithm combining the improved artificial hummingbird algorithm and genetic algorithm
is proposed to solve the model in this paper. Based on the cross-feedback mechanism, the two types of
variables are solved independently. Then the optimization result is fed back to another algorithm as the initial
value, which not only reduces the variable complexity, but also effectively combines the advantages of each
optimization algorithm to deal with different optimization variables, so that the algorithm’s solving speed
and global search ability are greatly improved.

4.1 Improved Artificial Hummingbird Algorithm
The AHA algorithm simulates the flight skills and foraging strategies of hummingbirds in nature.

Three flight skill models, namely, axial flight, diagonal flight and omnidirectional flight, and three foraging
behavior models, namely, guided foraging, regional foraging and migratory foraging, were established, and
the memory function of the access table model was constructed. The existence of the access table prevents
individuals from frequently searching for food sources that have already been visited, thus speeding up the
collection. However, the AHA algorithm tends to fall into local optimality due to low species diversity in
the later stages of population initialization and optimization. In this regard, this paper improves the AHA
algorithm, the specific steps are as follows:

In this regard, this paper improves the AHA algorithm, the specific steps are as follows:
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(1) Tent Chaotic map initialization population [19]:

ym+1 =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

ym

α
, 0 ≤ ym ≤ α

1 − ym

1 − α
, α ≤ ym ≤ 1

(20)

α is 0.5, and the steps of chaos perturbation are:
The chaos variable y is generated according to Eq. (20).
Map chaos variables to the solution space.

Y = xmin + (xmax − xmin ) ⋅ y (21)

In the formula, xmin, xmax-variable upper and lower limits.
a) Chaotic disturbance.

X′new = (X′ + Y ) /2 (22)

In the formula, X′new-individual after disturbance; X′-disturbed individuals; Y-the amount of distur-
bance.

(2) An adaptive mutation operator based on population aggregation was introduced to enhance the
diversity of the population. Population aggregation C is defined as:

C =
D

∑
k=1

N P
∑
i=1

∣Xi ,k − Xk ∣ (23)

In the formula, D-individual dimension; NP-Individual number; Xi ,k-the k-dimensional position of
individual i.

Population aggregation degree C reflects the richness of population diversity, and the larger the
population, the more dispersed the individuals and the more abundant the species. Based on Eq. (23), an
adaptive mutation operator is introduced:

u = Xbest , j + F (Xr1, j − Xr2, j ) (24)
v = Xr3,K + F (Xr5,K − Xr5, j ) (25)
Vi , j = C × u + (1 − C) × v (26)

In the formula, F ∈ [0, 1]-Shrinkage factor; i , r1 ∼ r5-[1, NP] random numbers on, and not equal
to each other; j, K ∈ [1, D], and K ≠ j; K-For the heterodimensional dimensions selected by random
generalized method.

(3) After the adaptive variation strategy was added, some hummingbirds after location update per-
formed cross-selection operations according to Eqs. (27) and (28).

U t
i ,j =

⎧⎪⎪⎨⎪⎪⎩

V t
i , j , i f rand < CR

Xt
i , j , else

(27)

Xt+1
i =

⎧⎪⎪⎨⎪⎪⎩

U t
i , i f f it (Ut

i ) > f it (Xt
i )

Xt
i , else

(28)
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In the formula, Ui , j-the dimension j of individual i is changed into position; t-number of iterations;
CR-cross probability.

4.2 Cross-Feedback Hybrid Optimization Algorithm
In the local relaxation reactive power optimization stage, the continuous and discrete variables are

solved by TAMAHA algorithm and GA algorithm respectively. Genetic algorithm adopts binary coding
method, which has unique advantages in solving optimization problems involving discrete variables. The
cross-feedback mechanism of the proposed hybrid optimization algorithm is as follows: different algorithms
are used to independently solve different types of variables, chaotic initialization of discrete variable X and
continuous variable Y at the initial stage, optimization of variable X by GA algorithm under the condition
that Y remains fixed, and then the optimization result of X is fed back to variable Y as initial value. On this
basis, the TAMAHA algorithm is used to optimize the variable Y, and then X is optimized on the basis of the
optimization results of the variable Y, so the cross-feedback is optimized until the termination condition is
met. The algorithm flow is shown in Fig. 1.

Input initial data and randomly 
generate population Y

Has the maximum number of iterations 
been reached

YES

NO

Chaos initialization population Y, 
initialization access table

Calculate individual 
fitness

Calculate population fitness

Has the maximum number of iterations 
been reached

O
utput the optim

al 
position of population X

YES

NO

Has the maximum number of 
iterations been reached

NO

YES

Output final result

Update individual location and access table

Initialize population X

select

cross connection

variation

Update Hummingbird Flight Mode

Determine foraging methods

Randomly selecting individual moths for 
adaptive mutation based on clustering 

degree

Output the optimal position of 
population Y

Discrete Variable

continuous variable

Update individual position and fitness

Figure 1: Algorithm procedure
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5 Analysis of Numerical Examples

5.1 Setting Basic Parameters
To improve the IEEE33-node system for analysis, as shown in Fig. 2. The reference capacity is 10 MW

and the voltage level is 12.66 kV. Wind power generator (WT) access node 17, capacity 1.2 MW, power factor
between −0.95 and 0.95 continuously adjustable; Photovoltaic power station (PV) access node 33, rated
capacity of 1 MW, PV inverter capacity of 1.1 times the rated capacity; Capacitor bank SCB1 and SCB2 are
connected to 9 and 32 nodes, respectively, and each group has 10 groups of 100 kvar. The SVC can connect
5, 24, and 28 nodes with a capacity of 800 kvar. Electric vehicle charging stations (EVS) are connected to
12 and 22 nodes, and centralized converters are selected to connect to the grid, with a maximum apparent
capacity of 0.8 MVA. The standard deviation of load, wind speed and light intensity is 5%, 10% and 10% of
the predicted value. The LHS sampling value is 1000, and the reduced scenario Ns = 5. Figs. 3–5 show the
output scenarios of wind power, photovoltaic power and load after scenario reduction, and Fig. 6 shows the
probability of occurrence of corresponding scenarios. Set the population size of the TAMAHA algorithm as
N = 30, the hummingbirds performing adaptive variation as 20% of the population, the crossover probability
as 0.9, the reduction factor as 0.5, the maximum iteration number tmax = 30, t, and the maximum iteration
number of cross feedback Tmax = 100, the parameters of genetic algorithm are shown in the paper [20].

1

19

2 3 4 65 7 8 9 10 11 12 13 14 15 16 17 18

20 21 22

23 24 25 26 27 28 29 30 31 32 33

EVS WT PVS

SVCCB

Figure 2: Modified IEEE33-node system diagram

Figure 3: Wind power scene



Energy Eng. 2025;122(3) 995

Figure 4: Photovoltaic output scenario

Figure 5: Active load scenario

Figure 6: Scene occurrence probability
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Assume that the proportion of electric private cars, electric business cars and electric taxis in EVS1
charging station at node 12 is 0.77, 0.1 and 0.13, and that at node 22 EVS2 charging station, the proportion
is 0.69, 0.22 and 0.09, with a total of 400. For specific parameters, refer to the reference [21]. Monte Carlo
method was used for prediction, as shown in Fig. 7. Fig. 7 shows the forecast value of hourly residential
electricity load and total load the next day.

Figure 7: Electric vehicle charging load

5.2 Analysis of Space-Time Decoupling Strategy
In order to verify the effectiveness of the spatio-temporal decoupling strategy proposed in this paper,

firstly, the k-medoids clustering algorithm is used to cluster the residential electricity load, electric vehicle
charging load and new energy output. The elbow method is used to determine the number of clusters to be 4,
and the results are shown in Fig. 8. According to the calculation, the 24 h of a day is divided into five sections:
01:00–09:00, 10:00–11:00, 12:00–13:00, 14:00–17:00, 18:00–24:00, as shown in Table 1.

Figure 8: Different K-value clustering deviation graph
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Table 1: Period division results

Time frame Moment Sample coordinate Cluster center Clustering of
dissociative

clustering centers

1

01:00 [1017 0 3614 88 101]

[1020 0 2981 26 58]

637
02:00 [971 0 3422 361 738] 878
03:00 [1153 0 3311 309 648] 745
04:00 [1181 0 3082 118 250] 285
05:00 [1020 0 2981 26 58] 0
06:00 [913 44 2853 6 22] 177
07:00 [953 171 2760 3 19] 291
08:00 [1093 418 2749 2 18] 486
09:00 [1005 505 3149 5 21] 534

2 10:00 [917 779 3870 13 27] [804 672 3704 138 139] 283
11:00 [798 857 4172 12 26] 531

3 12:00 [819 964 4333 349 736] [819 964 4333 349 736] 0
13:00 [917 918 4288 347 696] 124

4

14:00 [728 849 3900 198 322]

[804 672 3704 138 139]

336
15:00 [804 672 3704 138 139] 0
16:00 [910 612 3704 178 176] 133
17:00 [1029 454 3859 214 208] 364

5

18:00 [1024 115 3941 237 229]

[1029 0 4255 341 282]

354
19:00 [1021 27 4137 251 242] 156
20:00 [1106 0 4451 656 518] 446
21:00 [1072 0 4610 698 544] 569
22:00 [983 0 4570 510 406] 381
23:00 [1029 0 4255 341 282] 0
24:00 [961 0 3859 120 122] 486

Then, the time division results of Table 1 are dynamically optimized, and the optimization results are
recorded as Case 1. In order to verify the effectiveness of the spatio-temporal decoupling strategy proposed
in this paper, three cases are set up for comparative experiments. Case 1 is the space-time decoupling strategy
of dynamic reactive power optimization proposed in this paper. Case 2 is the space-time decoupling strategy
proposed in Reference [7]. Case 3 is the static reactive power optimization strategy without considering the
constraint of the number of capacitor bank actions, the results of the capacitor bank input are shown in Figs. 9
and 10, and the 24-h average comparison results of each index are shown in Table 2.
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Figure 9: SCB1 reactive power compensation comparison diagram

Figure 10: SCB2 reactive power compensation comparison diagram

From Figs. 9 and 10, it can be seen that in Case 1, SCB1 performed 4 cuts at 10, 12, 14, and 18 h, respectively,
and SCB2 performed 3 cuts at 10, 14, and 18 h, respectively, to meet the action number constraints. In case
2, SCB1 performed 6 cuts at 5, 7, 10, 12, 14 and 18 h, respectively, and SCB2 performed 5 cuts at 3, 5, 10, 14
and 18 h, respectively. Compared with Case 2, Case 1 has a 50% reduction in SCB1 and a 66.67% reduction
in SCB2 in the number of capacitor bank switching times. The main reason for the difference in the number
of actions is that the fluctuation of load and new energy power is the main reason for the different operating
states of each hour section of the distribution network. The space-time decoupling strategy proposed in Case
1 starts from the difference between load and new energy power fluctuations, and then performs clustering
division, so the time period division is more reasonable. Although the number of actions in Reference [7] is
limited to the allowable range, it is divided from the final optimization results, ignoring the essential reasons
that lead to different operating states in each period, and the division results have certain compromise. The
number of actions of SCB1 and SCB2 in case 3 is 20 and 19, respectively, which is greatly increased compared
with Case 1 and Case 2. The main reason is that Case 3 does not consider the constraint of the number of
actions of the capacitor bank.
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Table 2: Values of various indicators before and after optimization

Optimization
formula

SCB1 Number
of

actions/times

SCB2
Number of

actions/times

Network
loss/kW

Voltage
offset/pu

Voltage
stability

indicator

Objective
function

value
Preoptimization — — 141.68 0.9927 0.0493 —

Case 1 4 3 73.13 0.4378 0.0251 0.1048
Case 2 6 5 74.45 0.4412 0.0258 0.1054
Case 3 20 19 72.75 0.4287 0.0246 0.0961

It can be seen from Table 2 that the network loss, voltage offset and voltage stability indexes of Case 2 are
reduced by 48.16%, 55.56% and 48.28% respectively compared with those before optimization. Compared
with Case 2, Case 1 continues to reduce 0.93% in network loss, 0.34% in voltage offset and 0.62% in voltage
stability index. The network loss, voltage offset and voltage stability indexes of Case 3 are reduced by 48.65%,
56.81% and 50.10% respectively compared with those before optimization.

Based on the above analysis, the three indicators of Case 1 and Case 3 are not much different, but the
number of actions of the capacitor bank in Case 1 is greatly reduced, and compared with Case 2, the indicators
of Case 1 are improved, which effectively illustrates the effectiveness of the space-time decoupling strategy
proposed in this paper.

5.3 Algorithm Analysis in this Paper
In order to verify the advantages of the cross-feedback hybrid optimization algorithm in this paper,

three cases are set up. Cases 1–3 are the combination of TAMAHA algorithm, AHA algorithm and PSO
algorithm and GA algorithm, respectively. The objective function values of each hour segment before and
after optimization are shown in Fig. 11. As can be seen from the figure, the reactive power optimization effect
of the optimization strategy proposed in Case 1 is better than that of other cases in all hours of the day.

Figure 11: Full day optimization satisfaction
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Table 3 shows the reactive power optimization results in different cases, in which each index is the
average value of 24 h. It can be seen from Table 3 that: 1) On the basis of ensuring the quality of electrical
voltage, Case 1, Case 2 and Case 3 can respectively reduce the active power network loss by 48.4%, 48.0%
and 47.7%, and Case 1 is better in reducing the active power network loss. 2) Case 1, Case 2 and Case 3
reduce the voltage deviation by 55.9%, 55.2% and 54.8%, respectively, and Case 1 can better reduce the
voltage deviation. 3) Case 1, Case 2 and Case 3 reduce the voltage stability index by 49.1%, 48.5% and 47.5%,
respectively, and Case 1 is more beneficial to optimize the system stability. 4) The advantages of Case 1 in
reducing voltage deviation, reducing active power network loss and improving system stability make the
comprehensive optimization results of each hour segment optimal.

Table 3: Comparison of optimization results for different cases

Algorithm Network loss/kW Voltage offset/pu Voltage
stability index

Objective
function value

Before optimization 141.68 0.9927 0.0493 —
Case 1 73.13 0.4378 0.0251 0.1048
Case 2 73.62 0.4446 0.0254 0.1130
Case 3 74.09 0.4485 0.0259 0.1202

Fig. 12 shows the results of node voltage comparison after optimization in the 23rd hour segment. As
can be seen from Fig. 12, system voltage levels were optimized in different degrees in all three cases. The
voltage of all nodes after optimization can meet the power quality requirements, and the voltage quality after
optimization in Case 1 is even better.

Figure 12: Comparison of optimized node voltages

Fig. 13 and Table 4 show the comparison of convergence curves and optimization speeds in the 11th hour
segment of the three cases. Fig. 8 shows that the PSO algorithm is prone to fall into local optimality in the late
iteration period, mainly due to the low population diversity in the late iteration period. Due to the existence
of the access table, the AHA algorithm mainly updates the position of the individual according to the optimal
individual in the early optimization, and tracks the position of other individuals according to the length of
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the visit time in the later period, so as to improve its global optimization ability. Due to the addition of the
adaptive mutation operator based on population aggregation degree, the TAMAHA algorithm can maintain
excellent population diversity in the late iteration, and has strong global search ability, which reduces the
possibility of falling into the local optimal. It can be seen from Table 4 that Case 1 has obvious advantages in
terms of iteration times and optimization time compared with other cases, and the value of objective function
is low. Therefore, the cross-feedback hybrid algorithm represented by Case 1 has better optimization effect
and faster optimization speed.

Figure 13: Convergence curve

Table 4: Comparison of 3 cases

Algorithm Case 1 Case 2 Case 3
Number of iterations 12 24 40

Run time/s 112 256 428
Objective function value 0.0784 0.0771 0.0745

6 Conclusion
The main conclusions of this paper are:
1) Considering the uncertainty of the source load power, this paper establishes a dynamic reactive power

optimization model with the minimum active power loss and voltage fluctuation of the distribution network
and the optimal voltage stability margin. Simulation results show that the model proposed in this paper can
improve the voltage level, improve the system operation stability, and further reduce the active power loss.
Therefore, the model proposed in this paper is more suitable for the actual needs.

2) A clustering-local relaxation-correction reactive power optimization decoupling strategy is proposed,
which comprehensively considers the influence of new energy output, EV charging load, and residential
power load fluctuations, uses the k-medoids clustering algorithm to divide the time period, and then
performs static reactive power optimization for each time period. Therefore, the original problem is
decoupled to a static reactive power optimization problem, which reduces the difficulty of solving. High
reactive power optimization effect can be obtained while CB operation times constraint is satisfied.
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3) According to the characteristics of decision variables, the cross-feedback hybrid algorithm formed
by the combination of the improved artificial hummingbird algorithm and the genetic algorithm is used to
solve the model. The results show that the proposed algorithm has fast optimization speed and strong global
search ability and can effectively solve non-convex and nonlinear reactive power optimization problems of
mixed integers.

The research focus of this paper is on the space-time decoupling method and the solution algorithm of
the model, and the uncertainty processing method is more traditional. Therefore, in future research, more
effective uncertainty processing methods need to be further studied.
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