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Abstract: Improving the prediction accuracy of wind power is an effective means to reduce the impact of wind power on power grid. Therefore,
we proposed an improved African vulture optimization algorithm (AVOA) to realize the prediction model of multi-objective optimization least
squares support vector machine (ILSSVM) . Firstly, the original wind power time series was decomposed into a certain number of intrinsic modal
components (IMFs) using variational modal decomposition (VMD) . Secondly, random numbers in population initialization were replaced by
Tent chaotic mapping, multi-objective LSSVM optimization was introduced by AVOA improved by elitist non-dominated sorting and crowding
operator, and then each component was predicted. Finally, Tent multi-objective AVOA-LSSVM (TMOALSSVM) method was used to sum
each component to obtain the final prediction result. The simulation results show that the improved AVOA based on Tent chaotic mapping,
the improved non-dominated sorting algorithm with elite strategy, and the improved crowding operator are the optimal models for single-objective
and multi-objective prediction. Among them, TMOALSSVM model has the smallest average error of stroke power values in four seasons,
which are 0.069 4, 0.054 5 and 0.021 1, respectively. The average value of DS statistics in the four seasons is 0.990 2, and the statistical value
is the largest. The proposed model effectively predicts four seasons of wind power values on lateral and longitudinal precision, and faster and
more accurately finds the optimal solution on the current solution space sets, which proves that the method has a certain scientific significance
in the development of wind power prediction technology.
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statistical model, and machine 1earning*3j. To characterize

0 Introduction the uncertainty and dependent structure of wind turbine

In recent years, global warming, serious air pollution
and other ecological environmental damage have forced
carbon reduction and renewable energy utilization
accelerated”. To this end, China strongly supports the
development of distributed wind power and photovoltaic
power, and encourages local governments to use wind
power in areas with water shortage, fuel shortage and
inconvenient transportation, so as to realize the sustainable
development of new energy"”. However, wind power is an
unstable energy with random fluctuations, and large-scale
integration of wind power into the system will certainly
bring new challenges to the stability of power supply
system. Therefore, wind power prediction has gradually
become a key basic technology in the field of wind power
generation.

The research methods of wind power prediction can be

roughly divided into three categories: physical model,

output in wind farm, Ye et al."’ proposed a short-term wind
power prediction method based on physical method and
spatial correlation. However, the method is insufficient in
realizing high-precision data acquisition and real-time fast
transmission. The statistical method” is a mathematical
model based on historical data to predict wind speed and
force, but its modeling premise is to keep wind speed in a
linear normal distribution. Zhang et al. " established
autoregressive integrated moving average model
(ARIMA) to predict the time series of actual output power
with five time resolutions, but this model has not fully
considered the characteristics of wind power distribution,
time correlation and time distribution, and so on, so many
scholars believe that the method is not suitable for wind
power prediction. At present, machine learning has been
studied extensively and in depth owing to its excellent
(7] )8l

nonlinear fitting ability'”, such as back propagation (BP

and radial basis function (RBF) “". However, traditional
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machine learning algorithms have certain disadvantages in
solving high-dimensional nonlinear sequence problems,
and are susceptible to the coupling degree and robustness of
different variables, thus limiting their application scope. By
comparison, the least squares support vector machine
(LSSVM) " can project nonlinear input variables into
high-dimensional space to construct optimal decision
surface, thus reducing the computational complexity and
speeding up the processing speed of nonlinear and high-
dimensional pattern recognition problems, which is suitable
for predicting the time series sample data of wind power
with strong volatility.

Variational mode decomposition (VMD) is a time-
frequency signal decomposition method""!, which treats the
original time series as a group of unstable signals for
processing and analysis. Aiming at the non-stationary and
nonlinear characteristics of wind power, Zhao et al." used
VMD to decompose the upper and lower limits of wind
power into several sub-components, and then added up the
prediction results of these sub- components to obtain the
final prediction result, thus improving the multi-step
interval prediction accuracy of ultra-short-term wind
power. Wang et al. " used VMD to decompose the
historical power data into trend component, detail
component and random component to reduce the
complexity and instability of the original power data,
optimized the parameters of LSSVM with the improved bat
algorithm (IBA) , predicted each sub-mode respectively,
and superimposed the prediction results of sub-modes to
obtain the final power generation prediction result. Since the
prediction accuracy of LSSVM is easily affected by penalty
parameters and kernel parameters, some scholars use
swarm intelligence optimization algorithm to optimize its
parameters so as to improve the prediction accuracy. Wei et
al." proposed sparrow search algorithm (SSA) to optimize
the parameters of LSSVM model, which solves the
problem of low efficiency of parameter optimization of
LLSSVM. However, the problems that the algorithm is easy
to fall into local optimum and lacks population diversity in
the late iteration are not considered. Cheng et al.
improved the “teaching” and “learning” stages of the basic
teaching-learning-based optimization (TLBO) algorithm
by introducing adaptive factors and Gaussian mutation
operator to improve the global search and convergence of
the algorithm. Tong et al." introduced logistic chaotic
mapping and adaptive weight into the SSA to improve the
uniformity of population distribution and the search ability
of the algorithm, which is used to optimize the key
parameters of LSSVM. However, logistic mapping has the
problem of fixed point, that is, after many iterations, it

tends to be a fixed value, which reduces the search
efficiency and ability of the algorithm. Compared with
logistic mapping, the chaos sequence generated by Tent
mapping proposed later overcomes the shortcoming of
traditional optimization algorithm that it is easy to fall into
local optimal solution, which can realize fast optimization
and speed up the chaos iteration speed generated in the
interval of [0, 1]. Huang"” used the uniformity and
ergodicity of Tent chaotic mapping to generate the location
information of initial sparrow population, which increases
the diversity of sparrow population and improves the
convergence speed and global search ability of SSA. In fact,
not only the coordinated control of wind storage, but also
many optimal controls of power system need to solve the
multi-objective optimization problem. For example, Liu et
al."® considered the problem of wind and light abandoning
in the Three North regions, made full use of “source-
charge” resources at different time scales, and proposed a
multi-time and multi-scale power system coordination
scheduling optimization strategy. Yu et al."” proposed a
multi-objective prediction method of short-term load of
microgrid considering probability interval, so as to
effectively improve the accuracy and reliability of short-
term load interval prediction of microgrid. However, the
objective function of the above-mentioned multi-objective
optimization model considers only prediction accuracy and
stability of the prediction model, and does not involve the
prediction accuracy of wind power in data direction.
Therefore, considering the power generation characteristics
of cut-in wind speed and cut-out wind speed to reduce the
dead zone range in the wind vane and improve the direction
prediction accuracy can ensure the mechanical reliability of
the anemometer.

On the whole, the existing wind power prediction
models are not perfectly establised because there are some
errors in their input sequences, stochastic volatility of the
wind is less considered, optimization algorithms easily fall
into local optimal solutions, or most of wind power
prediction cannot balance the stability and the accuracy of
wind power prediction. In this study, we analyzed the
effects of two froms of fan bearing clearance on the length
of component service cycle and the utilization rate of
resources, and proposed a new multi-objective hybrid
prediction model for wind power optimization by taking
transverse and longitudinal prediction accuracy as objective
functions, VMD as denoising reconstruction method, and
Tent chaotic mapping as an improved optimization
algorithm. After the original sequence was effectively

decomposed into a series of relatively stable eigenmode
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components, the improved multi-objective optimization
algorithm was used to predict each component. Finally, the
proposed hybrid model was used to integrate and add up the
prediction results of all components as the final prediction
result. Experimental results show that Tent chaotic

mapping multi-objective African vulture optimization
algorithm (AVOA) ® LSSVM (TMOALSSVM)
algorithm has better optimization performance and stability
than other models.

1 Related work

1.1 Relevant algorithm

Metaheuristic algorithms play an important role in
solving optimization problems. Most of these algorithms are
inspired by collective intelligence and foraging in nature. In
this study, a new metaheuristic algorithm was proposed ,
which was inspired by African condor lifestyle, and called
AVOA. Tt simulated the foraging and navigation behaviors
of African vultures.

1.2 VMD

VMD can effectively process nonlinear and non-

stationary signals. In the process of acquiring

decomposed components, the frequency center and
bandwidth of each component are determined by
iteratively solution of the

searching the optimal

variational model, so that the frequency domain
subdivision of signals and effective separation of each
component can be realized adaptively. Its overall
framework 1s variational problem, with each mode
obtaining the mininum sum of estimated bandwidths and
with  different

To solve this problem,

being  limited central
bandwidths.

direction multiplier method is used to update the mode

frequency
the alternating

and its central frequency. Then, each mode is gradually
demodulated to the corresponding base band, Finally,
the corresponding central frequencies of all modes are
extracted together. The goal of VMD is to decompose
the real input signal into a discrete number of sub-signals
that have a specific sparsity when reproducing the input
signal. Sparsity is reflected in the bandwidth of the
spectral domain. In other words, each sub-signal is
assumed to revolve mainly around the central {requency,
which will be determined by decomposition.

1.3 LSSVM

LSSVM is a combination of support vector machine
(SVM) and least
optimization technology, LS minimizes the sum of

squares  (LS)  mathematical

squared errors between the predict value and the actual
value to find the best function match of the predict value.
To solve the nonlinear fitting problem, the kernel
function is used to map the sample into a higher
dimensional space, and the regression problem is
transformed into an optimization problem with equality

constraints. It is expressed as
minJ (W ,e **HWH + ¢ Eez,

stoy=(Wholz))+b+e, i=1.2 N, (1)

where W is the weight matrix, ¢(+) is the nonlinear
function; ¢ is the penalty factor; and ¢ is the fitting error
of the /th sample.

Introducing Lagrange multiplier @ =0, the above
optimization problem is converted into unconstrained
optimization problem. It is defined as

**IIWH + 728 -

Z AW p(a))+ b+ e— i), )

where y is a regularization parameter balancing
complexity and precision of the model, and ¢ is the error
value.

LSSVM transforms the optimization process into
linear equation solution, which reduces the difficulty of
solution. The Gaussian kernel is selected as the kernel
function for high-dimensional mapping. Finally, the

mathematical model of LSSVM can be expressed as
N
y(x)=> e, K(x,2,)+b. (3)
i=1

As we know, the choice of kernel function will directly

affect the performance of the model, where K(x,,x;)=
exp[ — (1‘, — 1‘j)2/(26‘2)J 1s a Gaussian kernel function,

and ¢ 1s the width of kernel function.

2 TMOAVOA

To apply AVOA to multi-objective optimization
problems, we draw lessons from the idea of nondominated
sorting genetic algorithm with elite strategy in multi-
objective evolutionary algorithm (MOEA) , and introduce
nondominated hierarchical method as well as congestion
and fitness sharing strategy into AVOA algorithm, so as to
help good vulture individuals have a greater chance to
inherit the next generation. As a result, the noninferior
solution individuals are evenly distributed, the diversity of
vulture population is maintained, the over reproduction of

super individuals is overcome, and the premature
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convergence of the algorithm is prevented. Furthermore,
the random number in population initialization is replaced
by Tent chaotic maping, so that the random factor can
traverse the whole interval, increase the diversity of vulture
population, and improve the global search ability of the
algorithm.

2.1 AVOA

AVOA was proposed by Benyamin et al. in 2021, and
inspired by the foraging and navigation behaviors of African
vultures. It has high speed and high solving accuracy, and
is widely used in single-objective optimization.

2.1.1 Optimal vultures

After the initial population is formed, the fitness
values of all solutions are calculated. The best solution is
selected as the best condor in the first group, and the
suboptimal solution is selected as the best condor in the
second group. For each fitness iteration, the entire
population is recalculated. The best solutions for the first
set and the second set are defined as

V17 (‘):Ll’
R(1)— P
Vo, pli)=L,,

where p (i) respresents the probability that the vulture is

4)

selected to move other vultures to be one of the best
individuals in each group; L, and L, are the parameters
given before the search operation, their values are within
[0, 1], and the sum of these two parameters is 1. The
probability of the optimal solution is defined as

F,
pli)=——. (5)

2 F
i—1

It obtains the probability of selecting the best solution,

at which the best solution for each group is selected.
2.1.2 Satiety rate

Inspired by the speed at which vultures feed or starve,
the algorithm moves the exploration phase to the
development phase. This stage can be described as

o Tl
[—h|:51n<2M)+COb(2M)_1:|, (6)

where ¢ represents the current number of iterations, M,
represents the maximum number of iterations, and A is a
random number within [— 2, 2].

Satiety rate shows a downward trend, and this

behavior can be represented by
7

F(2r1+1)2<1M)+Z, (7)

i

where F indicates that the vulture is full, z is a random
number within [— 1, 1] and changes after every iteration,

and r, is a random number within [0, 1].
2.1.3 Exploration phase

In AVOA, vultures can examine different random
areas based on two different strategies, and use a
parameter called p, to select either strategy. This
parameter must be assigned before the search operation,
and its value should be within [0, 1].

E<9)7 Pl)rh

)= 8
plit ) E(1), pi<r. ®)

To determine which strategy to be adopted in the
exploration phase, a random number within [0, 1] need to
be generated. In this way, each vulture randomly searches

the areas that make it feel full. It can be expressed as
pli+1)=R(i)— D(i)F, €)
where R(i)is one of the best vultures and selected in the

current iteration.

The calculation process of D (7) can be expressed as
D(i)=|XR(i)— p(i)], (10)

where X is the position in which vultures move randomly

to protect food from other vultures. X is used to increase
the coefficient vector of random motion, which will
change with each iteration and is obtained by X = 2r,
where 7 1s the random number within [0, 1].

The current vector position of the vulture is defined as
plit )=RG)—F+nr[(u—0)r,+1], 1)

where « and [/ are the upper and lower limits for
optimization, respectively; r, and r; are random numbers
within [0, 1].
2.1.4 Development phase

When the satiety rate F is within [0.5, 1], the
algorithm enters the first stage of development phase, in
which two different rotational flight and siege strategies

are executed. The location is update by

E(lg)y P2>r/127

)= 12
pli E(16), po<"rp, (12)

where p, is the probability to choose the strategy, and it
must be assigned a value within [0, 1] before the search
operation is performed. At the beginning of this phase,
7,2 is generated , which is a random number within [0, 1].
If the value r,, is greater than or equal to the parameter
P2, the siege strategy is implemented slowly.

Vultures are relatively energetic when the satiety reate

F is greater than 0.5. The movement formula is
d(y)=R(i)—p(i), (13)
where d( y) represents the distance between the vulture

and the best vulture of the two groups.
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However, if the random number is less than the
parameter, the rotation flight strategy is executed.
Vultures often make whirling flights to simulate spiral
motion. The spiral model has been used in the
mathematical modeling of rotary flight. In this method, a
spiral equation is established between all vultures and

one of the two best vultures, namely

pli+ 1)—R(H{R(i) r;p" cos(p(i))}L
[R(i) r;PI sin(p(i))}, (14)

where 7 1s a random number between O and 1.
When the satiety rate is less than 0.5, the leader
vultures become hungry and weak, and do not have
enough energy to fight the other vultures, whereas other
vultures become aggressive in their search for food.
They move in different directions, and the movement
can be expressed as
A+ A,
Yy

where A, and A, are the best vultures in the first group

pli+1)= (15)

and in the second group, respectively. Furthermore, we
have

pli+1)=R(i)—|d(¢)|FLevy(d), (16)
where d (1) represents the distance between the vulture
and the best vulture in the two groups, and Levy(d)

represents the Levy flight mechanism.

Levy flight mechanism is expressed as

8

r1 +ﬁ)sin(’f)

F(Hﬂ)ﬁzﬂz‘

2
- . an
|o]”
where £ is the fixed default value 1.5; « and v all obey
normal distribution, «~N (0,6%), and v~N (0, 1)

Levy(d)=0.01

2.2 TAVOA

To improve the ability of global search and jump out of
local optimum, some scholars put forward the idea of
using chaotic sequence to make random factors approach
the optimal solution with a certain probability, so as to
shorten the running time of the algorithm and ensure
global convergence and population diversity. For logistic
mapping fixed point problem, that is, after many
iterations, the search efficiency and ability of the
algorithm reduces to a fixed value, Tent mapping is

produced by chaotic sequence, which overcomes the

shortcoming of local optimum, achieves rapid
optimization, and speeds up the iteration within [0, 1].
Therefore, Tent chaotic mapping is used to initialize the
which helps the

population traverse the whole solution space and

population in AVOA algorithm,

improves the performance of the algorithm at the
exploration stage. Tent mapping function is defined as

27, 0<x,<1/2,
T = (18)
2(1—x,), 12<a<1,

where x; is the value of chaotic sequence in Tent chaotic
mapping in the interval of [0, 1].

However, due to the problem of byte length, as
mentioned in Ref. [22], x, will generate a fixed value
after several iterations. For example, when
2,6{0.2,0.4,0.6,0.8} or 2,€{0,0.25,0.5,0.75}, the
Tent chaotic mapping falls into a non-randomly cyclic
state. Here, algorithml gives the pseudo-code of
population initialization of TAVOA algorithm, and it

represents the random number in the interval of [0, 1].

Algorithm 1: TAVOA population initialization
1. v,€Rand[0,1];

2. Whilev,€{0.2,0.4,0.6,0.8} do

3. Regenerate random number v,;
4
5

end While
For vulture 7 from 1 to N do
20, 1, 0<<v, ;<<0.5

6. u,-—Tent(U,,l) 2(17%71)’ 05<v, <1
7. While v,€{0,0.25,0.5,0.75} do
8. v,i=v,+C;
9. end While
10. X' =v(u—1)+1;
11. end For

2.3 Nondominant order of condor individuals

Since the fitness value of multi-objective AVOA
(MOAVOA) is not a single function value, it cannot be
calculated in the form of unique solution of the function.
Therefore, in the multi-objective algorithm, the condor
population need to be sorted in a non-dominant order to
determine the fitness value, and the suitable individuals
are selected to form the new parent population and
offspring population according to the nondominant
relationship and the crowding degree of individuals.

Assuming that the condor population is Q, two
parameters N (Q ) and S(Q) of each individual Q in the
population are calculated, where N (Q ) is the number of
dominant individuals in the population, and S(Q ) is the
number of dominated individuals in the population.
entire

Traversing  the population,  the total
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computational complexity of the two parameters is
O(mN?). The main steps of the nondominated sorting
algorithm are as follows:

1) Finding all individuals in the population whose N (¢ )
value is 0 and saving them in the current set F'(1);

2) For each individual i in the current set F (1), its
dominant individual set is S;. Traversing each individual
one time in S,, and executing n,=n;, — 1; If n,=0,
saving the individual in set H;

3) Taking the individual obtained in F(1) as the
individual of the first nondominated layer and H as the
current set, and repeating the above operation until the
whole population is graded.

2.4 External archiving

In  multi-objective  African  vulture individual

algorithm,  vulture  population need to  be

nondominatedly sorted to determine the fitness.
Furthermove, an external archive is needed to store
multiple global optimal locations and the historically
optimal position individuals and update them, thus
maintaining the diversity of population and the global
search ability, and avoiding premature convergence.
The external archiving steps of the MOAVOA are as
follows:

1) During each iteration, the algorithm judges
whether there is a solution in the current external archive
that can dominate the new individual generated by the
iteration. If yes, the new individual need not to join the
external archive; Otherwise, the new individual will
control the existing solution in the external archive and
replace the solution that is dominated by it in the external
archive.

2) If the new individuals generated in the iteration
process do not match the existing individuals in the
external archive, the new individuals are stored in the
external archive.

3) In the iterative update process, the information
stored in the external archive will gradually increase. If
the number of individuals in the archive exceeds the
upper limit of the external archive, the overflow
phenomenon will occur, resulting in the algorithm falling
into local optimum. To keep the number of condor
populations in the external archive within the upper
limit, crowding operator is introduced to represent the
relationship between dominant and nondominant
individuals and the degree of superiority and inferiority of
individuals, so as to eliminate similar individuals in the

archive and maintain the diversity of population. The

crowding degree can be expressed as

mg (it 1)—2(i—1)
A= (19)

k=1 Zk k

Ranking all individuals in the population in ascending
order according to each objective function. The crowding
distance from the first indivdual to last individual is set to
infinity, 2,(i +1) and 2,(i— 1) are the sum of the
difference values between the values of all objective
functions of the i + 1 and the 7 — 1 individuals.

4) All the individuals in the archive have their own
crowding attribute. If the number of individuals in the
external archive exceeds the upper limit, the individuals
with large crowding value should be retained and those
with small crowding value should be eliminated to
improve the uniformity of optimal solution distribution

throughout the interval.

2.5 TMOAVOA

Combined with the algorithms and strategies proposed
above, we proposed TMOAVOA. The flow chart of

algorithm is shown in Fig.1.

[ Siege

|| Levy flight |
|

v

Update
Calculate d I

Fig. 1 Flow chart of TMOAVOA

i

Table 1 presents the specific parameter settings.
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Tablel TMOAVOA parameters
Parameter Description
N Vulture population
N iax Maximum scale
T Maximum iterations
Lyand L, Random numbers (exploration phase)
pyand p, Random numbers (development phase)
k Probability

3 TMOALSSVM model

Considering the power generation characteristics of
cut-in and cut-out wind speeds, it is necessary to
improve the mechanical reliability and direction
prediction accuracy of the anemometer to reduce the
dead zone range of the vane. The wind speed at a
particular location varies as time goes by, and it may also
be affected by the location of wind farms or the structure
of turbines at other locations. Therefore, it is necessary
to establish an appropriate prediction model in the region
according to the characteristics of continuous wind speed
change in space, correlation with the surrounding
environment, and interaction of wind turbines, so as to
predict the location at the next moment based on known
location information and characteristics of wind power
time series sample data. Due to the wind drift, wind
power is usually unstable. To avoid relevant data being
too simplex and unconvincing, direction accuracy
objective function is chosen to calculate transverse and
longitudinal prediction data of wind speed. Taking
account of correlation information of prediction results in
two directions instead of simplex single wind speed from
wind farm, local wind power prediction accuracy can be
improved. Therefore, to improve the prediction
accuracy of wind speed, ensure the safety of wind power
generation, and maintain the stability of the power
system, we choose transverse prediction accuracy and
longitudinal prediction accuracy as the objective
functions of nonlinear wind power time series prediction.

It can be defined as

)

. 1 .
mmFl(I):N’ Vi Vi

F= 1w (20)

mang(I):wa,-,

N i=1
where y, is the real wind power value at a certain
moment, y, is the predicted wind power value at a
certain moment, and N is the original length of wind

power time series. The constraint is g(x):<y,-*

y,,l)(yf — y,.,]>> 0. When the constraint condition is

met, w,1s 1; otherwise, it 1s 0.
In  this study, the

optimization strategy, weight coefficient method, is

classical ~multi-objective
used to assign weight O,(2)(i=1,2) corresponding to
each objective function F,(x)(i=1,2). By performing
weighted linear combination of multiple optimization
objective functions to minimize the sum of the two
objective functions, the final optimization expression is
mianiO,.F,.(x), s.t.i()iz 1,0,>0, (21)
i—1 i—1
where m is the number of objective functions and O, is
the weight of each objective function.

To improve the prediction accuracy of non-stationary
wind power time series, considering the influence of the
two forms of gaps between fan bearings on the service
life of components and resource utilization, as well as
nonlinear time series of wind power, taking the

transverse prediction accuracy and longitudinal.
prediction accuracy as objective functions, a new hybrid
model based on VMD, TMOAVOA and LSSVM for
wind power prediction with multi-objective optimization
is proposed. After the original sequence is effectively
decomposed into a series of relatively stable eigenmode
components, the improved multi-objective optimization
algorithm 1is used to predict each component. Finally,
this hybrid model integrates the prediction results of all
components as the final prediction result. This combined
TMOAVOA-VMD-LSSVM

following steps:

model contains the

1) VMD method is used to decompose the original
wind power time series to reduce the complexity and
non-stationarity of the original series.

2) In TMOAVOA algorithm, iteration times and
population number are first initiallized. Then, it assigns
certain weights to the two objective functions, which
means horizontal accuracy and longitudinal accuracy are
taken into account at the same time. Finally, the multi-
objective problem is transformed into a single-objective
optimization problem, and the objective function value is
calculated.

3) TMOAVOA genetic algorithm is used again to
optimize the penalty parameters and kernel parameters of
LSSVM to improve the prediction accuracy of the model.

4) The optimized LSSVM model is used for finalwind
power prediction.

The specific flow chart is shown in Fig.2
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Fig.2 Flow chart of hybrid TMOALSSVM model

4 Experiment

4.1 Comparison of algorithms

In this section, three groups of comparative experiments
were designed. In the first group, four low-dimensional test
functions were selected for testing. In the second group,
four high-dimensional single-objective test functions were
selected for testing. In the third group, four high-
dimensional multi-objective test functions were selected to
test. In the single objective experiment, the AVOA,
TAVOA", Chameleon group optimization algorithm
(CSA) ™! Sparrow search algorithm (SSA) , Tent chaotic

map Sparrow search algorithm (TSSA) "

, Logistic
mapping sparrow search algorithm (LOGISTIC), and
teaching and learning algorithm (TLBO) were compared,

and the algorithm performance was evaluated by the

convergence speed and accuracy of the algorithm. In the
multi-objective experiment, the multi-objective sparrow
search optimization algorithm (MOSSA) , multi-objective
optimization Chameleon algorithm using non-dominated
sorting (MNCSA) *' | and MOAVOA were compared in
the average running time, and the convergence speed and
distribution of the solution sets were intuitively
demonstrated by the non-inferior solution fitting diagram of
the algorithm on each test problem.
4.1.1 Low-dimensional single objective functions

To verify the performance of the improved African
condor algorithm using Tent chaotic mapping on low-
dimensional test functions, four low-dimensional test
functions were selected for experiment. The specific
expression, dimension, initial search space and optimal
solution of the objective function of the four low-

dimensional test functions are shown in Table 2.

Table 2 Low dimensional single objective functions

Function Dimension Interval Optimal value
> - -1
Fylo)==>[(z—a)—(z—a)" +¢] 4 [0,10] —10.153 2
i=1
—1
Fulx)= L+Ej:123 ! 2 [—65,65] 1
500 j+2i:12(1,*a,j>6
4 6
FZO(I):*Zc,exp *Eaij(xlfp,,)z 6 [0,1] —3.32
i=1 j=1
11 e 2 . :
Fio(a)= Z{ai*M} 4 [—5.5] 0.000 30

bi* + biv,+ z,

i=1

To accurately evaluate the performance of each

algorithm, the population number is set to be 50. The

optimal solutions of the four functions at 30, 50 and 100
iterations are shown in Table 3.
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Table 3 Results of four functions at 30, 50 and 100 iterations

Tes.t GGH?UC 30 iterations 50 iterations 100 iterations
function algorithm
CSA —10.153 1 —10.1519 —10.153 2
SSA —5.0550 —10.152 6 —10.153 2
AVOA —10.151 3 —10.1531 —10.153 2
Fy TSSA —10.007 1 —10.1532 —10.153 2
LOGISTIC —10.1344 —10.1312 —10.1532
TLBO —9.8815 —10.1527 —10.153 2
TAVOA —10.152 3 —10.1532 —10.153 2
CSA 1.992 0.998 1 0.998 0
SSA 0.899 0.998 0 0.998 0
AVOA 1.992 0.998 3 5.928 8
Fy TSSA 2.9821 1.928 8 0.998 0
LOGISTIC 1.670 5 0.998 1 0.670 5
TLBO 1.4858 0.998 0 0.998 0
TAVOA 0.998 0 0.998 3 0.998 4
CSA —3.314 7 —3.3216 —3.322
SSA —3.2418 —3.3059 —3.320 1
AVOA —2.9382 —3.3220 —3.3220
Fy TSSA —3.2484 —3.3184 —3.3195
LOGISTIC —2.9827 —2.9655 —3.014 7
TLBO —3.3029 —3.3220 —3.3220
TAVOA —3.3217 —3.3216 —3.320 1
CSA 0.001 295 0.000 328 0.000 347
SSA 0.000 308 0.000 336 0.000 313
AVOA 0.000 321 0.000 320 0.000 319
Fis TSSA 0.000 316 0.000 311 0.000 325
LOGISTIC 0.000 566 0.000 496 0.000 347
TLBO 0.000 751 0.000 741 0.000 783
TAVOA 0.000 329 0.000 324 0.000 313

After replacing the random number of the African
condor algorithm with Tent chaotic mapping when
initializing the population, the algorithm’s operation

performance on the above low-dimensional functions is

improved to a large extent.

It can be seen from Table 3 that when function 14 and
function 20 are iterated 30 times, 50 times and 100
times, respectively, the optimization results of TAVOA
algorithm are closer to the optimal value than that of
other algorithms, and the optimal solutions of function
21 and function 15 are more accurate after 100 iterations.
4.1.2 High-dimensional single objective functions

To verify the performance of the improved African
condor algorithm on high-dimensional single objective
test functions, four high-dimensional test functions were
selected for experiments. Table 4 presents the specific
function expression, dimension, initial search space and
optimal solution of the objective functions of four high-
dimensional test functions.

The graphs of objective functions and the convergence
curves of functions at iteration 100 times are shown in
Figs. 3 — 6. The convergence speed and global search
ability of the AVOA with excellent strategy are
improved to a large extent after the random number with
an interval of [0, 1] is replaced by the chaotic sequence
generated by Tent chaotic mapping function. According
to the convergence curves shown in Figs.3 — 6, in the
high-dimensional single-objective benchmark function
8, TAVOA obtains the optimal solution of the closest
function compared with other functions after 100
iterations.

Table 4 High-dimensional single objective functions

n =

Function Dimension Interval Optimal value
Fy(x)=">]—a,sin /|, 30 [—500,500] 0
i=1
Fy(x)= "> 2! — 10cos(2rz; + 10)] 30 [—5.12,5.12] 0
=1
- 1 n ) n i
Fu(2)=1500 le Ecos ,ﬁ+1 30 [—500,500] 0
n—1 n
Fiy(x)="410sin(ry, )+ ) (3,— 1) [t + 10sin*(zy, ) ]+ (3, — 1) f+ D u(2,,10,100.4) 30 [—5,0] 0
i=1

500

Fy(w,.x,)

=500
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Fig. 3 Comparison of convergence curves of algorithms on F(x)
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Fig. 6 Comparison of convergence curves of algorithms on F;(x)

When the number of iterations of function 9 reaches 80
times, CSA and TLBO still cannot find the optimal
solution of the function. With the increase of iteration
times, the optimal solutions found by other algorithms are
close to the optimal value of the test function 0, but
TAVOA algorithm has the fastest convergence speed. In
the iteration process of function 11 and function 12, both
SSA algorithm and LOGISTIC algorithm fall into local

optimum, while TAVOA algorithm converges faster than
TLBO algorithm. Therefore, compared with the single
algorithm, the improved optimization algorithm has faster
convergence speed and higher accuracy, and has a certain
development ability in high-dimensional single objective
test function.

4.1.3 High-dimensional multi-objective function

To verify the performance of improved AVOA on high-
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dimensional multi-objective test functions, four high-
dimensional test functions were selected for experiments.
The four test functions have different Pareto optimal
solution frontiers with different shapes, which can be used
to investigate the performance of the algorithm when
solving different optimal solution sets. Table 5 shows the
number of objective functions (f;, f;, and f;) and the trends
of four high-dimensional test functions. The number of
iterations of each function is 100, the mesh number of each
layeris 20, and the population number is 200.

Table 5 Low-dimensional objective functions

Number of objective

Function functions Trend description
ZDT1 AGD) Convex, continuous
ZDT3 2011, f») Concave, discontinuous

Viennet3 3, fon f3) Continuous, multimodal

Kursawe AGD) Discontinuous, multimodal

Table 6 Comparison of running times

Running time/min

Function
MOSSA  MNCSA MOAVOA TMOAVAO
ZDT1 15.734 15.157 15.964 14.839
ZDT3 14.793 14.074 14.453 13.236
Viennet3 17.682 17.089 18.107 17.447
Kursawe 11.897 11.786 13.878 11.761

In this experiment, MOSSA,MNCSA, MOAVOA,
and TMOAVAOQO algorithms were compared in the
average running time, and the running times were 20.
Table 6 presents the comparison of experimental results.
It can be seen from that after combining the excellent
strategy of improved African condor optimization
algorithm  with  the multi-objective  optimization
algorithm with elite strategy, the average running time
of TMOAVOA algorithm is the shortest after 20
iterations.

The non-inferior solution frontiers of four algorithms
on four test funtions are shown in Figs.7—10. It can be
seen that using the data generated by Tent chaotic
mapping as the initial position of vulture population can
improve the convergence speed of the algorithm.
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Fig.7 Function Kursawe fitting comparison diagram

In addition, compared with other multi-objective
optimization algorithms, TMOAVOA algorithm can
quickly find Pareto solutions on the four multi-objective
data sets, and the solution speed is fast.
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Fig. 10 Function Viennet3 fitting comparison diagram

4.2 Application of VMD

In actual wind power prediction, due to strong
volatility and randomness of wind power data samples, if
the original sequence is directly input into the prediction
model as a training set, the upper and lower limits of the
sample data may result in “false components” and
“endpoint effect” in the model prediction. VMD is a kind
of time-frequency signal decomposition method for
unsteady signal processing and analysis. The original
wind power sequence has strong fluctuation and

nonlinear characteristics, so VMD method can be used
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for noise reduction. The original wind power sequence
can extract low-frequency signals that more accurately
describe the changes of wind power. The original
sequence diagram is shown in Fig.11.

14
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Fig. 11 Original sequence diagram of wind power

In this study, the original wind power was decomposed
into five layers. During the decomposition process, the data
adaptively matched with the optimal center frequency and
broadband of each sequence. Four eigenmode components
and one residual component were obtained, and high
{requency and low frequency signals of wind power were
obtained by decomposition. Here, 6 502 samples data were
selected in spring. It can be seen from Fig.12 that IMF, and
Res components fluctuate violently, with obvious nonlinear
characteristics and complex wave forms.
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Fig. 12 Wind power decomposition

The variation of IMF; component is relatively gentle,
and the degree of complexity decreases. IMF, and IMF,
show significant regularity, and the sequence variation
trends are simple and easy to analyze.

Due to the auto-correlation of time series, the
prediction lag phenomenon will occur when the
prediction of non-stationary time series is made directly,
that is, the predicted value of the current time is almost

equal to the predicted value of the last time, and there is

a certain lag between the predicted value and the real
value, especially in the position where the data rise or
fall rapidly, as shown in Fig.13.
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Fig. 13 LSSVM wind power fitting diagram

Here, the VMD method was used to reduce the
complexity of the original sequence and decompose the
original sequence into several relatively stable sub-
sequences to solve the prediction lag problem. VMD-
LSSVM model can effectively solve the prediction lag
problem and improve the prediction accuracy of the model.
The fitting diagram after VMD is shown in Fig.14.
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Fig. 14 VMD-LSSVM wind power fitting diagram

4.3 Evaluation indicators

In this study, the historical power and wind speed data of
areal wind power station in 2019 in four seasons were used.
The samples data were the average power data set every
15 min, and the number of samples in each season was
6 502. Wind speed, wind direction, ambient temperature,
relative humidity, atmospheric pressure, scattered
radiation area, direct radiation area, theoretical power of
photometry, and output power of the whole station were
taken as input variables, and wind power value was taken

as output index. The first 3 902 (top 60%) samples of the
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whole data set were selected as the training set, and the last
2 600 (bottom 40%) samples data were selected as the test
set. Zero-value interpolation method was used for missing
values in the data set. To eliminate the dimensional
influence between different evaluation indexes, z-score
standardization method was used to normalize the data, so
as to compare the prediction results of the model. It is
defined as

T, = , (22)

where 4 is the mean of all samples data, and o is the
standard deviation of all samples data.

To verify the performance of the model from the
perspective of horizontal prediction accuracy and vertical
prediction accuracy, root mean square error (RMSE) ,
mean absolute error (MAE) , mean absolute percentage
error (MAPE) and direction statistics (DS) are selected as
the performance evaluation indexes of the prediction model.
Among them, DS is used to judge whether the predicted
results of the model change in the same direction as the real
value, which is commonly used in nonlinear data with large

volatility. The evaluation index formulae are expressed as

(23)
(24)
1<y, — 9,
Sver = — [ 22| X 100%, (25)
n ;- Vi
1 n
GI)SZfzu"i’ (26)

=1
where g(x )Z(yi — y,»,l)(yf — y,»,l>> 0 is constraint.

Ifitis met, w,1s 1; otherwise, itis 0.
4.4 Discussion

In this section, we select RBF neural network, BP
neural network, LSSVM single model, single-objective
optimization SSA-LSTM, single-objective optimization
CSA-LSSVM (CLSSVM) model, single-objective
optimization AVOA-LLSSVM (ALSSVM) model, single-
objective optimization TLBO-LSSVM (TBLSSVM)
model, single-objective optimization LSSA-LLSSVM
(LSLSSVM) model based on Logistic chaotic mapping
improved SSA algorithm, single-objective optimization
model TALSSVM based on Tent chaotic mapping
improved AVOA algorithm, VMD-L.SSVM (VL.SSVM)
model, VMD-SSA-LSSVM (VSALSSVM) model,

Multi-objective SSA algorithm optimization LSSVM
(MOSLSSVM) model, NSGA-based multi-objective
optimization LSSVM (MNCLSSVM) model, and
MOAVOA-VMD-LSSVM (MOALSSVM), and the
proposed hybrid TMOAVOA-VMD-LSSVM
(TMOALSSVM) model to compare the prediction results
with the actual results on the wind power data set, and the
prediction effects of different prediction models are reflected
by fitting curves. In the experiment, the learning rate of
both RBF neural network and BP neural network was set
to be 0.01, the number of hidden layers was 3, the number
of training iterations was 1 000, and the number of hidden
layers was 128. The activation function of BP neural
network was tanh function, and the activation function of
RBF neural network was Gaussian function. The GAM
value of LSSVM model was set to be 10, and the SIG2
value was set to be 1 000. The population number of the
single objective optimization prediction intelligent
optimization algorithm was 50, the dimension of
optimization parameters was 2, the population number of
the multi-objective optimization intelligent optimization
algorithm was 200, the number of iterations was 100, the
crossover probability of MOCSA algorithm and
MOAVOA algorithm was 0.9, the mutation probability
was 0.03, and the ratio of producers in the SSA algorithm
was 0.2. Table7 presents the performance of different
evaluation indexes in different models in four seasons.

In a single model, the three error analysis values of
LLSSVM model on the wind power data set are all small,
and the accuracy of prediction results is high. Thus,
LSSVM is the optimal benchmark model with better
stability and adaptability. TALSSVM model and
TMOALSSVM model are the optimal models in single
models  and

After

optimization algorithm withsingle objective LSSVM

objective mult-objective  models,

respectively. combining  the  intelligent
model optimization, the errors of each model on the data
set are reduced to a certain extent. Among them, the
improved TALSSVM model based on Tent chaotic
mapping has the lowest evaluation indexes in three
seasons. Compared with logistic chaotic mapping, Tent
chaotic mapping can retain the diversity of population,
accelerate the convergence speed of the algorithm, and
improve the global search ability, thus improving the
prediction accuracy of the model. Compared with the
single model, the prediction model with VMD method
reduces three error values to different degrees, which
means that the VMD method is an effective and feasible
method for the prediction of some non-stationary time

series.
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Table 7 Comparison of prediction results

Viodel Spring Summer Autumn Winter
e RMSE  MAE MAPE  RMSE MAE MAPE  RMSE MAE MAPE  RMSE MAE MAPE
BP! 0.8561 0.5271 0.1477 1.6923 1.5091 14227 0.5702 04906 0.3692 1.7632 1.4859 0.3366
RBEF! 0.8413 0.5276 0.1642 12486 0.9256 04172 0.5783 0.5039 0.3799 1.0116 0.8575 0.3989
LssvMmi! 0.7917 04871 0.1308 1.0837 1.0652 1.0285 0.5096 0.4187 0.3638 1.7606 14825 0.3359
SLSSVMH! 0.7259 0.4496 0.0932 1.2447 1.0623 1.0272 0.6751 04198 0.3641 0.6923 0.5091 0.4227
CLSSVM™! 0.6247 04086 0.1009 1.2516 0.9724 04169 0.6769 0.5715 04183 0.5742 04330 0.3815
ALSSVM 0.6459 04410 0.1043 1.0834 0.9721 04114 05091 0.5690 04113 0.5742 04331 0.3815
TBLSSVM! 0.5872 04502 0.1039 1.1678 0.9854 0.5376 0.6231 0.5891 0.3926 0.6233 0.4153 0.3921
LSLssvM!! 0.6489 04312 0.1045 1.1309 1.5004 0.3906 0.0494 0.0401 0.0297 0.1537 0.1425 0.1342
TALSSVM 0.6221 04385 0.0926 1.0531 0.9804 0.2232 0.0491 0.0387 0.0279 0.1223 0.0989 0.0249
VLSSVM 0.6252 0.3598 0.0839 0.0884 0.0786 0.0299 0.0435 0.0328 0.0239 0.1134 0.0906 0.023 2
VALSSVM 0.1683 0.1322 0.0316 0.0774 0.0301 0.0213 0.0431 0.0298 0.0223 0.0564 0.0504 0.0206
MOSLSSVM 0.1005 0.1542 0.0151 0.0740 0.0771 0.0209 0.5931 0.5097 0.4232 0.0628 0.0407 0.0370
MNCLSSVM™ 0.1212  0.1273  0.0268 0.0791 0.0387 0.0279 0.6923 0.5091 04227 0.0672 0.0495 0.0322
MOALSSVM 0.1133 0.1262 0.0210 0.0894 0.0601 0.0197 0.0432 0.0321 0.0213 0.0589 0.0463 0.027 2
TMOALSSVM  0.1059 0.1143 0.0148 0.0673 0.0301 0.0254 0.0413 0.0305 0.0204 0.0531 0.0429 0.0238

From the perspective of transverse accuracy MAE,
the average MAE of single objective AVOA
(VALSSVM) is 0.069 9 in four seasons, the MAE of
MOSLSSVM is 0.195 4 in four seasons, and the MAE
average of MOAVLSSVM is 0.066 2 in four seasons.
AVOA algorithm has better global search ability due to
its excellent sharing strategy. The comparison of the
average error values of transverse and longitudinal
prediction of all models is shown in Fig.15.

[ IDS mean value
[ IMAE mean value|

1.0+ I

Evaluating indicator

Fig. 15 Comparison of longitudinal and horizontal errors

The proposed MOAVOA considers the directional

accuracy, horizontal prediction error, and vertical
prediction error. LSSVM 1is used as the benchmark
model for comparison, as shown in Table 7. In summer,
the MAE value of transverse prediction accuracy of
VALSSVM model and TMOALSSVM model are
0.030 1. In Fig.15, the average DS value of longitudinal
prediction accuracy of TMOALSSVM is 0.990 2
increased by 0.016 4 compared to the average DS value
of VALSSVM model,

objective optimization algorithm can better find the

indicating that the multi-

optimal Pareto solution set of prediction accuracy in
different directions under the current constraints. The

fitting diagram of prediction results of the models is
shown in Fig.16. It also can be seen that compared with
other models, the trend of TMOALSSVM model 1s
closer to the change trend of the real value, and the
prediction accuracy is higher.
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Fig. 16 Fitting diagram of prediction results

5 Conclusions

Considering to further improve the accuracy of wind
power prediction in different directions considering
nonlinear non-stationary  sequences with  strong
fluctuation, a hybrid prediction model based on VMD
and MOAVOA was proposed. Firstly,

stationary original wind power time sequence was

the non-

intrinsic  mode
which

problems that there exists a prediction lag phenominon

decomposed and otherinto five

components by VMD method, solves the
by using a single model, thus reduceing the complexity
of the original data and non-stationary influence on
forecast results. Furthermore, to improve the prediction
accuracy of the model, the improved TMOALSSVM

based on Tent chaotic mapping and non-dominated
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sorting with elite strategy was used to predict the
decomposed components. Finally, the final prediction
result was obtained by integrating and summing the
The proposed multi-object

predicted components.

optimization ~model and other models were
experimentally compared. The results show that the
proposed model can more quickly and accurately find the
Pareto optimal solution in the horizontal and vertical
directions, so as to improve the prediction accuracy of
the model in different directions as well as the overall
prediction performance.

In the following research, the dynamic environmental
and economic dispatching of the power system will be
further considered, power generation cost and pollution
gas emission will be set as objective functions, and more
constraints will be added, so as to improve the prediction
accuracy of wind power and bring economic and

environmental benefits to the power system.
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