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Abstract: For short-term PV power prediction, based on interval type-2 Takagi-Sugeno-Kang fuzzy logic systems (IT2 TSK FLS),
combined with improved grey wolf optimizer (IGWO) algorithm, an IGWO-IT2 TSK FLS method was proposed. Compared with the
type-1 TSK fuzzy logic system method, interval type-2 fuzzy sets could simultaneously model both intra-personal uncertainty and inter-
personal uncertainty based on the training of the existing error back propagation (BP) algorithm, and the IGWO algorithm was used for
training the model premise and consequent parameters to further improve the predictive performance of the model. By improving the gray
wolf optimization algorithm, the early convergence judgment mechanism, nonlinear cosine adjustment strategy, and Levy flight strategy
were introduced to improve the convergence speed of the algorithm and avoid the problem of falling into local optimum. The interval type-2
TSK FLS method based on the IGWO algorithm was applied to the real-world photovoltaic power time series forecasting instance. Under
the same conditions, it was also compared with different IT2 TSK FLS methods, such as type | TSK FLS method, BP algorithm, genetic
algorithm, differential evolution, particle swarm optimization, biogeography optimization, gray wolf optimization, etc. Experimental
results showed that the proposed method based on IGWO algorithm outperformed other methods in performance, showing its effectiveness

and application potential.
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0 Introduction

Solar energy has become an important component of
renewable energy, but its intermittency and volatility have
always hindered the development and utilization of solar
energy'". However, due to the influence of meteorological
factors such as solar radiation, environmental temperature,
and air humidity, photovoltaic power generation has the
disadvantages of randomness, intermittency, and
uncontrollability, which will cause certain impacts on the
power grid and bring difficulties and challenges to the
optimization and scheduling of the power grid. On the other
hand, the grid connection of large-scale photovoltaic power
generation also brings challenges to the stable operation of
the power grid and the reliability of electric energy.
Therefore, reliable and accurate prediction of photovoltaic
power generation has practical significance for improving
the reliability of the power system'*”.

Based on the difference in time scale, photovoltaic power
forecasting can be divided into ultra-short-term, short-

term, medium-term, and long-term forecasting. Among

them, short-term photovoltaic power forecasting can
provide a certain reference for the scheduling plan of the
power system. According to the different modeling
methods, it can be divided into physical methods, statistical
methods, and artificial intelligence methods'".

Artificial intelligence methods are based on the historical
power of the photovoltaic power station and meteorological
data to establish a prediction model, without detailed
physical parameters of the photovoltaic components. The
model has strong anti-interference ability and high
prediction accuracy, so it is the most widely used method.
Typical methods include artificial neural networks™,
extreme learning machine'”, support vector machine®, and
other methods. On the other hand, the fuzzy logic system
method characterized by IF-THEN rules is a powerful
artificial intelligence method that has also been successfully
applied to prediction modeling. A TSK FLS parameter
based on gradient descent algorithm was designed and
successfully applied to wind speed forecast”. Genetic
algorithm (GA) and particle swarm optimization (PSO)

were used to optimize the parameters of a type-1 of TSK
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FLS, and it was successfully applied to sewage treatment
system prediction"”.

Interval type-2 TSK fuzzy logic system (IT2 TSK
FLS) was proposed"". Compared with the traditional type-
1 TSK FLS, it can handle modeling uncertainty problems
better*"". As a powerful modeling tool, IT2 TSK FLS
has been successfully applied to prediction modeling. The
parameters of IT2 TSK FLS were optimized based on
gradient descent algorithm, and it was successfully applied
to the power prediction of photovoltaic power generation™*'.
Similarly, intelligent optimization algorithms have also
been successfully applied to parameter optimization of IT2
TSK FLS models. The genetic algorithm was applied to
the parameter optimization design of I'T2 TSK FL.S, and
it was successfully applied to the power load prediction, and
the prediction effect was good™”.

On the other hand, grey wolf optimizer (GWO)
algorithm was proposed, which simulated the ranking
system and hunting behavior of a grey wolf pack to achieve
multi-objective optimization'®. It had advantages such as
high optimization efficiency and few control parameters.
The multi-layer perceptron was optimized based on GWO
algorithm and tested on 5 classification datasets and 3
function approximation datasets"”. Compared with GA ,
evolution (DE),
optimization (PSO) algorithms, it has better optimization

differential and particle swarm
performance. The GWO algorithm was applied to the
parameter design of type 1 TSK FLS controller, and it was
successfully applied to the sun tracking system, and the
control effect was good"”. However, the traditional GWO
algorithm suffers from issues such as linear convergence
factor that cannot effectively balance the global exploration
and local search processes, weak optimization ability, and
easy early convergence to local extremes'’*"".

An improved grey wolf optimizer (IGWO) algorithm
was proposed. By introducing an early convergence
judgment mechanism and the Levy flight strategy, the
algorithm could increase population diversity and escape
local extreme values.

The GWO algorithm and the IGWO algorithm were
applied to optimize the IT2 TSK FLS method for short-
term photovoltaic power forecasting in a certain region.
Under the same conditions, the proposed method was
compared with the type-1 TSK FLS and IT2 TSK FLS

to demonstrate its effectiveness.
1 Data pre-processing

1.1 Correlation analysis

It is necessary to explore the correlation between

meteorological variables and photovoltaic output power,
and select the meteorological variables that are most likely
to cause changes in photovoltaic output power as inputs to
the prediction model. Given two data sequences X and Y
with length N, the Pearson correlation coefficient between
Xand Y, denoted by py v, can be expressed as

zu ), 1)
Ox.y = — ;M

(X, —X) /ZYY

where X, and Y, denote the ith data in the sequence; X and

Y denote the mean values of the sequences X and Y,
respectively.

1.2 Fuzzy C-means algorithm

Compared with the hard clustering used in K-means,
the FCM clustering algorithm incorporates fuzzy theory
and realizes flexible fuzzy partitioning.

If the v(j=1,2,-

u(x;) is the degree of the membership of the ith data in

,c) is the jth cluster center,

the jth class, which should satisfy

Shufa)=1. @

The objective function of clustering is defined as

1= ulx)]

j=1li=1

2

: 3)

X, — v

where 4 1s a constant greater than 1, typically 6=2.
Under the condition that Eq. (2) is satisfied, the

minimum value of Eq. (3) is obtained. And the partial

derivative of J, with respect to v, and «,( ;) is 0, we can get

SLa()]
“(}j:I\—, j:1,2,"',c‘, (4)
Sl

uj(x"):M’

/2(1/‘ 11*7’1”<
Let ¢, represent the maximum cluster in the FCM

j=1,2,-c. %)

algorithm. Then, the clustering validity from 2 10 ¢, 18
evaluated using the Davies-Bouldin index (DBI).
Smaller DBI better
performance, and the optimal number of clusters can be
determined. The DBI is calculated by

DBI:iz max(m), (6)

C = i#i d,_»,

values indicate clustering

where D, and D, represent the average distance from the ith
and jth data to the corresponding cluster center,
d; represents the distance between the cluster centers of
class i and cluster .
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2 Interval type-2 TSK FLS

The interval type-2 TSK FLS, abbreviated as IT2
TSK FLS, contains three types: A2-C1, A2-CO, and
A1-C1, with A and C being abbreviations for the

antecedents and consequents, respectively.

2.1 Interval A2-C1 type-2 TSK FLS
Assume that given N sets of input-output data pairs, i.e.,
(Im:y(l)),”',(IW):y(N)):{I({),”',I(pf):y(f)}‘V 7

o
where 2, € X, -+ ,x,€ X, 1s the input to the model and
y € Yis the output. An interval type-2 TSK FLS with M
rules can be designed, and each of its rules has p
antecedents, the IF-THEN of the ith rule R’ can be
described as
R 1F x,is F! and x, is Fg---xp is F!,

then Y,=C;+ Cix,+ Cix,+ -+ C,x,, (8)
where i1 =1,2,---,M, C}(jz 0,1, ,p) are type-1
fuzzy set; the output of the 7th rule is a linear combination
of type-1 fuzzy sets, also type-1 fuzzy sets; Fl is the
antecedent interval type-2 fuzzy set corresponding to 2.
Such rules take into account both the uncertainty of the
membership function of the antecedent and the
uncertainty of the parameters of the consequent. The F}
in the rule is described by the Ath Gaussian primary

membership function with uncertain mean, i.e.,

1
1 (24) = exp (

2

Xy — my

—_— ,77715;6[771[;},,77715;2](9)
k

01':[.

2
where k= 1,0+ e (2) = 1, (2. il 2) | o2
and # (x,) are uncertain mean of the upper and lower
o
membership functions, respectively. mg, , my , o5 are
abbreviated to mj,,mj,, 04, i.e.,

N(mip,oi50:), x0<<mh,

ﬁﬁi(Ik): 1, mhy < x, < ml, (10)
N(mioisas), 2> mi,
. T
N(mbohian), =,
/lﬁl(‘rk): i i (11)
- 25 O my + my
N(m}:ba/‘,;]f’,‘,), l‘k>#’

2

WhereN(m,a;xk)Z exp{ — E
o

Cj.":[cj — it s}} in rule R', where ¢ denotes the

center of fuzzy set C;, and s; denotes the spread of fuzzy

set C;.
Theorem 1" In an IT2 TSK FLS with minimum
tnorm, (a) the firing set F'(x ) of the rule R’ is defined

Fia)=[7(2), 7 (x)], (12)

Wheref( z)and f'(2) can be described as
\f(x>:&ﬁ‘xl)*-..*&ﬁ;(x‘b),
Fa)= s xeeniin 2,),

where * denotes a #norm such as minimum or product.

(13)

(b) The consequent part Y’ of the rule R'is an interval

type-1 set, YZ'Z[y,",y,’QJ, where

» »
y,’ZZCZI,Hrcé* 2‘1}“2*53,

/ejl /ejl (14)
yi226'21k+ ch+ E‘xk|.s'2+sg.
=1 =1

Correspondingly, the output of the interval type-2
TSK FLS can be simplified as
Y sk, :[ yz,y,»]:

M
AN
Sy
J J J J /) =
Y €lyly] Sely 1) rrel s el !

A

=

)

1
(15)
wheref,f_"', 3y, v, are calculated by Egs. (13) and (14).
The corresponding output of defuzzification is
_nty

2
2.2 Interval A2-C0 type-2 TSK FLS

yTsK,z(f) (16)

If the consequent is considered to be a clear number,
that is the special case, which is the interval type-2 TSK
FLS A2-CO0, then the rule R’ can be described as

R:1IF z, is F| and x, is Fi-+-x, is F,,
then Y,= ¢+ clay + chas+ -« + oz, (17)

In Theorem 1, only (a) still applies. Eq. (15) is

simplified to

Zf ; y ;
2

(18)

Except for y,'=y,'= y', the procedure to compute is

Y’I‘SK.Z(I):[M’%J:J 1

1 J el

/“e[[’,/"

the same as for the A2-C1 case.
2.3 Interval A1-C1 type-2 TSK FLS

If the consequent set is a type-1 fuzzy set, and the



L1Jun, etal. / Application of interval type-2 TSK FLS method based on IGWO algorithm in short-term photovoltaic ... 261

antecedent is also a special case of a type-1 fuzzy set,
that is the interval type-2 TSK FLS A1-C1, then the
rule R’ can be described as
R:1IF x, is Fi and x, is Fi---x, is F},
then Y,=Ci+ Cix, + Cix,+ - + Cyx,. (19)
At this time, Theorem 1 still applies, the firing set of
the 7th rule is a clear number, and Eq. (15) can be
simplified to
M M
v >y
= — . (20)

Y= I:M M
S

The defuzzification output from Egs. (15) and (20) is
Mo [ ‘
2f1<2621k+ C{))
i=1 k=1
yTSK.z(I) - ;
2.
i=1

where c; is the center of a type-1 fuzzy set Cj.

: 21)

If we consider the special case where the consequent
set is a crisp number and the premise set is a type-1 fuzzy
set, i.e., A1-CO0, the rule R’ can be described as

R:TF x, is Fi and x, is Fi---x, is F,,
then Y, =c{+ cia, + cha, + - +c,x,.  (22)

The defuzzification output is

M
Zf'f(cé + o,
yrsia(2) =" Iy - (23)

py

i=1

2.4 Design of BP algorithm for interval type-2
TSK fuzzy logic systems

Given N sets of input-output data pairs, (2, -+, z,:
y'""), the goal is to design an IT2 TSK FLS and update
its design parameters so that the error function in

Eq.(24) is minimized within E training epochs.

1 2
e“):E[y»mxx('))*y(’)} . (24)
The  specific  implementation steps of  the

backpropagation (BP) algorithm for IT2 TSK FLS
method from A2-C1 are as follows.

Step 1 Given the rule number M, FCM algorithm is
used to cluster the data, and all fuzzy pre and post
parameters are initialized with random values.

Step 2 Set the counter of training epoch to 1, i.e.,
count = 1.

Step 3 Set the counter of the training data to unity, 1.
e.,t=1.

Step 4 Apply the input '€ R’to the IT2 TSK FLS and

compute the total firing interval and consequent of each
rule, i.e.,f and /* are computed by Eqs. (13) and (14) .
Step 5 Use the four-step iteration method to calculate
vy, and y,, reorder and renumber the M rules, and
establish L and R. Then y, and y, are respectively

represented as

M L —i . M . .
Difivi 2 it > 1yl
s =1 j=L+1 o
yli M ) T L .y M . o
D PRI,
i=1 i=1 j=L+1
-1 -L o . :
ol e ) )

M

yV

M N R . —i
Dy vt 21y
= =1 j=R+1
Y o R Mo
DY SN
i=1 i=1 J=R+1
-R+1 -M
yr(fla.“7fk7f 7'”7f 7y/17".7y2w>- (26)
Step 6 The defuzzied output of IT2 TSK FLS is
calculated as

o))
= 5 ,
Step 7 Determine the display dependency of the

yTSK.2<x<1)> (27)

membership functions for y, and y,. First, as shown in

Eq. (13), /" is determined by (o ), ee ,/il,_’(xp), and

f"is determined by P (1), s (2, ). Additionally, y;
and y/ are determined by ¢} and s}, respectively, for j=
0,1, ,p. Therefore, based on Egs. (25) and (26) , we
can obtain

v =

sl e () (o) e (),

b

o () () () (),
—F} —F} —F) Jo
1 1 M M1 1 M M
C()?”'7Cp7”'7CO7“"Cpa\§()7”'wspv'.'yb()v“.’)p:"
(28)
Yr—
y,»[ﬁﬂ(xl), --,ﬁﬁg(xp),---,;iﬁr(xl),---,ﬁﬁf(xp),
#P( |<Il>) ."#I}R l(.r;,),"‘,/j}:"(f]), 5/1P\,1<~rp>)
P 1 »

e Mo ,Cﬁ/],sé, ,5;’ oo s e ’52”:|_
(29)
Step 8 Based on the error function in Eq. (24), the
Gaussian primary membership functions is considered
with uncertain means shown in Egs. (10) and (11), and
gradient descent is used to adjust the parameters of the
active branches of the antecedent membership functions
and the parameters in the consequent.
Because the recursive updates of the upper and lower

membership functions m, and mg; are the same,
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denoted as my, the recursive formula for all design
parameters in the A2-C1 type IT2 TSKFLS is

me0) =5y o 29) = 5]

2
[yf(l) - yTSK.2<-r([>>}|:U_:Z>(Z‘):|¢/< Im) , (30)

o:(1)— S a

“ M o)
=) 52 s
(t+1D)=c¢(2)—
el )=o) (8 2) 4 ). 02

5j+1(f+ 1):Sj+l([)+
1

5 a’|:y’1‘51<,2< Im) _ y(z)}’ Iﬁ-” <¢/< ‘1‘(1)) o ¢’( l.(t))>, (33)

where j=0,1,,p — 1, 20=1.

Step 9 Set r=¢+ 1. If ;(=N+1, go to step 10,
otherwise, go to step 4.

Step 10 Set count=count+ 1. If count=F,
stop, otherwise, go to step 3.

Once the active branches of the antecedent membership
function is determined, the partial derivatives of the upper
and lower membership functions with respect to their
parameters need to be calculated, and the partial derivatives
of myy, for example, is

mu(t+1)=mh(r)—
e Iyrsc2(2”) ay,

a .
ayTSK,z(Im) dy Imy
0¢)  dyiw(2) ay, (34)
3ym<.z(1'<’>) dy, ami ||’
ae(/)
where  a>0, ———— — yrges (27— '),
ayTSK,z(.T’ ) )
V1
S =—, and we have
3y/ ) 2
i L (1) 1
dy, o dy, a#m(xk )
Imy , 3;7F2<1‘(k[)> omj, ’
: NEE)
()
v | | ey 2,(20)
dmj |, _3&13;:<I<k/>> am, | ;

» (1)
aﬂi;( L )7
omp,
(x(/) — mp ) IN ( M, a;x%”)/(f, 0 <mj,
0, miy<af) < mj,,(36)
0, 2> mj,,

where N (m}, 0,2} )= exp[ — %((xi” — mj )/a)z}.

3 Design of interval type-2 TSK FLS
based on IGWO algorithm

Due to the susceptibility of the BP algorithm to local
minima, it can affect the predictive performance of the
model to some extent. Therefore, as a derivative-free
the GWO algorithm is very

attractive for tuning parameters in an I'T2 fuzzy system,

optimization algorithm,

which has the characteristics of a simple overall structure,,
fast convergence speed, and high search efficiency.
However, the basic GWO algorithm often encounters the
problems of premature convergence and local optima due to
the rapid decrease in population diversity during the
terminal phase of population evolution, which limits its
further application in engineering optimization. An
improved grey wolf optimization algorithm (IGWO) was
constructed by introducing three improvement strategies:
premature convergence judgment mechanism, Levy flight
strategy, and nonlinear convergence factor adjustment
strategy, which is used to optimize the parameters of the
interval type-2 TSK FLS.

3.1 GWO

The GWO algorithm is a new type of swarm
intelligence optimization algorithm that simulates the
social structure and hunting behavior of grey wolves to
solve optimization problems. In the algorithm, the
population is divided into four levels based on their
fitness values, with the top three grey wolves being
labeled as a, 8 and ¢ in order, and the rest labeled as w.
a, # and ¢ lead the rest of the population to approach the
prey location (global optimum) and complete the
hunting process, as shownin Fig.1.

The mathematical model for grey wolf hunting is

D=C-X,(T)— X(T), (37)
X(T+1)=Xx.(T)—A-D, (38)

where T is the current iteration number; A and C are
coefficient vectors; X, is the prey position vector, 1.e.,
the global optimal solution; X (T ) is the position vector

of the gray wolf, i.e., the vector to be optimized; D is the
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distance vector between the gray wolf and the prey.

~

Best solution

al L
3
Second best solution B :é
P
. . a
Third best solution o) ”g
< U

Search individuals w v

Fig. 1 Hierarchy of grey wolves

The coefficient vectors A and C are

A=2a*r —a, (39)
C=2r,, (40)
a=a,(1—T/T,), (41)

where T, is the maximum number of iterations; a is the
convergence factor, and a, is the initial convergence factor;
ri,r, are arandom vector within the range of [ 0,1].

Gray wolf hunting location update formulas are

D,=|C+X,— X

’

Dﬁ:‘Cz-Xﬂ*X, (42)
Da:‘c3‘Xa_X ,
X1:Xa7Al.(Da)v
X,=X,— A,+(D,), (43)
X3:X5*A3'(Da),
X, +X,+ X
X(T+ 1):%, (44)

where X, X, X; represent the position vectors of @, 3, J;
X1, X,, X; represent the directional vectors of @ towards
a,f3,6 in the gray wolf population; X (T + 1) represents
the final position, which is the direction towards the prey

that the remaining wolves w move towards.
3.2 IGWO

3.2.1 Early maturity convergence detection mechanism

The GWO algorithm still tends to fall into premature
convergence, 1. e., the phenomenon of premature
convergence. To address this issue, an early convergence
detection mechanism is introduced, and the population
fitness variance (6%) is used as the evaluation index to
measure the degree of aggregation of individual members
in the population. This index is defined as'*”

2
2 1 - Ji o Javg
= —, 45

i 52( 7 @
where S represents the population size; J; represents the

fitness value of the ith gray wolf; J,, represents the

average fitness value of the population; J is the
normalization factor, which limits the size of ¢°. They
are defined as

1 S
Javgzgz-]iv (46)

). (47)

Eq. (45) indicates that the smaller the convergence

J= max{l, max‘ Ji = T

factor ¢°, the higher the degree of aggregation among
individuals in the population. This aggregation will lead
to a lack of diversity in the population, causing the
algorithm to fall into a local optimum. To avoid this
premature convergence phenomenon, early maturity
processing is performed when o*<c¢, (¢, is a user-
defined constant) .
3.2.2 Levy flight strategy

To address the problem of the algorithm getting stuck
in local optima, the Levy flight strategy is introduced to
increase the diversity of the grey wolf population. If the
premature convergence condition (¢”<Cc¢,) is met, the
Levy flight strategy is used to fine-tune the positions of
the individuals in the population. The random step size of
Levy flight can be represented as'*”

Levy(p)=-"— (p=15), (48)

where Levy( ) is the step size of Levy flight; ¢, v obey

the random number of normal distribution, i.e.,

u~N(0,0,%), v~N(0,0,%), (49)
Vs
r(1+p)sin(=B/2)
0, = ,
and F[(l +ﬁ)/2:|ﬂ ol (50)
o,= 1.

When the algorithm falls into premature convergence
(6"<C¢,) , the Levy flight strategy is introduced to improve

the position update formula for grey wolf optimization.
X/=X,+ Levy(8)Da,,
X, =X, + Levy(3)Da,, (51)
X{=X,+ Levy(8)Pas,
a;=0.01(X,— X),

a=0.01(X,— X), (52)
a;=0.01(X,— X),
X/ + X+ X/
&JT+D=—L4§433 (53)

where €D is the term-by-term product; a is the step size
information, which is used to control the range of Levy

flight random search.
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3.2.3 Nonlinear convergence factor adjustment strategy
For the basic GWO algorithm, the convergence factor a
linearly decreases with increasing iterations, which hinders
the algorithm’ s ability for global optimization. Hence, a
nonlinear cosine convergence factor is introduced, i.e.,

a

a=— 5 (Co%( T )+ 1) (54)

where the initial decrease rate of a is slow, which is
beneficial for enhancing the algorithm’s global exploration
ability.

3.3 Building predictive models

To apply the IGWO algorithm to the parameters
tuning of the IT2 TSK FLS, the position (X) of a grey
wolf individual is associated with the parameters to be
optimized in the IT2 TSK FLS model. For the three
different IT2 TSK FLS structures, A2-Cl, A2-CO,
and A1-C1, all the parameters to be optimized are
represented by
Antecedent p

Antecedent 1 Consequent

——
_ L o—1 _1 Lo—1 11 .1 1.1
Xino—cny=9\m ,my, o1 MMy, 0p Cos 8057005 CpySp ot
Rule 1
Antecedent 1 Antecedent p Consequent
M —M M M M M M M M M
MY, 00 I, 0, oS0, C0 S, (55)
Rule M
Antecedent 1 Antecedent p Consequent
——
X _ -1 _1 -1 1.1 1
(A2—C0) ml’ml’gl i ﬂp,mw% Coy o 7Cp
Rule 1
Antecedent 1 Antecedent p Consequent
—
M MM M _M M M M
m,,my,0yp My 50, Cps ittty (s (56)
Rule M
Antecedent p Consequent

Antecedent 1
. PPN

—_——
Xoa en=9 mi, ol == m,, 06} ci,50, " ,Cp5,
Rule 1
Antecedent 1 Antecedent p Consequent
M M ..M WM oM., M
my 00 My 0, CouS0,ttt,ChyS, (- (57)

Rule M
In the implementation process of the TSK FLS

method optimized by IGWO algorithm,
function to be maximized is

the fitness

](X)—é 58
_1+ERMSE, (58)
1 & 2
E sy = Vz[y(i)*yd(iﬂ , (59)

where Egyse is the root mean square error; y(7) is the
predicted output of the model; yd(i) 1s the actual value;

N is the number of training set.

In summary, the implementation steps for optimizing
the A2-C1 type TSK FLS method based on the IGWO
algorithm are as follows.

Step 1
correlation analysis and clustering on the dataset, and

Import the training dataset, perform
divide it into several sub-datasets.

Step 2 Initialize parameters by setting the number of
initial values of antecedent and
IT2 TSK FLS,

maximum number of iterations T,, and initializing

fuzzy rules M,

consequent parameters for the

coefficient vectors a, A, and C. Initialize the grey wolf
population X;(j=1,2,---,S) within the parameter
search range.

Step 3 Calculate the fitness J( X

individual in the initial population using Eq. (58) ,

) of each grey wolf
sort in
descending order, and save the best, second-best, and
third-best individual solutions as X,, X, and X.

Step 4 Calculate the non-linear convergence factor a
using Eq. (54) and update A and C using Egs. (39)
and (40).

Step 5 Calculate the fitness variance ¢° of the
population using Eqgs. (45) to (47), and use the early
convergence judgment mechanism to determine if the
algorithm has reached a local extreme value. If 6> < ¢,
proceed to Step 6, otherwise, jump to step 7.

Step 6 Build the Levy flight model. Calculate Levy(3)
using Eq. (48) and update the grey wolf population
individual information X,., using Egs. (51) to (53).

Step 7 Update the individual information X of the grey
wolf population using Eqs. (43) and (44).

Step 8 Update the fitness J( X
grey wolf population using Eq. (58) , and update X,, X,

) of all individuals in the

and X, accordingly.

Step 9 Set T=T+ 1, if T<<T,, jump to step 3,
otherwise terminate the algorithm, the optimal solution
X, is obtained, and convert it to the parameters of the
A2-C1 type TSK FLS model using Eq. (55) .

3.4 Evaluation metrics for predictive models

Normalization preprocessing 1s required for the
training data, and the performance metrics of the model
are measured using root mean square error Epyge, mean
absolute error Eyae, and coefficient of determination RZ.

Emzfvi\y«)— )], (60)
Z(yd i)—y ))2
R*=1—"— —, (61)

E(yd )

i=1
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where y is the mean value of the training data set.

4 Application examples

The actual operating data and meteorological data of a
photovoltaic power station in Alice Springs, Australia,
from March 2017 to February 2019, were selected as the
test object”. This dataset included the output power
data (PV) for the whole year as well as 9 meteorological
0,
horizontal irradiance (GHI) , weather relative humidity
(WRH), wind direction (WD), diffuse horizontal
irradiance (DHI), daily rainfall (DR), global tilted
irradiance (IGT), and diffuse tilted irradiance (IDT).
The data were sampled at intervals of 1 hour.

data: wind speed (WS), temperature global

4.1 Feature selection and training data set
partitioning

To identify the meteorological variables that have a
significant impact on the output power of the photovoltaic
station, a correlation analysis is needed between the power
and meteorological data over a certain period of time.
Table 1 shows the correlation measures between the
photovoltaic output power and the meteorological variables
at the Alice Springs station, as well as the statistical
information of each meteorological variable and the
photovoltaic output power. Based on the Pearson
correlation coefficients presented in Table 1, the top seven
meteorological variables with the strongest correlation are
selected as inputs for the prediction model.

Table 1 Correlation analysis between photovoltaic power

and meteorological factors

Statistic information

Meteorological ~ Correlation
variable coefficient Range Average
WS/(mes ") 0.476 2 [0.127 5,10.215 8] 1.967 2
1/(°C) 0.493 8 [—3.2407,43.138 1] 21.927 9
WRH/ % —0.4409 [4.324 0,101.703 7] 34.688 1
GHI/(Wem™?) 0.9939 [1.3120,1226.890 9] 267.531
DHI/(Wem %) 0.580 1 [0.418 8,624.641 8] 51.758 4
WD/(°) —0.068 3 [41.3835,1848.711] 283.294 0
DR/mm —0.022 4 [0, 36.400 0] 0.376 7
IGT/(Wem %) 0.9935 [0.341 2,1223.235 4] 291.199 1
IDT/(Wem %) 0.608 3 [0.341 2,1223.235 4] 53.236 5
PV/kW — [—0.016 9,3.846 3] 0.905 4

For a more visual observation of the correlation between
the selected meteorological variables and the PV output
power, the curves containing both meteorological variables
and PV output power are presented in Fig.2.

It can also be concluded that different meteorological
variables have different ranges and metrics. Therefore,
all data features are normalized to eliminate the influence
of the magnitudes of the different features.

DHI/m?

GHI/(km*m™)
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Fig. 2 Comparison graphs between PV power and selected
meteorological factors

Fig. 3 further presents the hourly average PV power
values for each season. It can be seen that the trend of
PV power with seasonal variation is very obvious. Based
on this situation and the local climate conditions, the test
dataset is divided into four datasets for each season:
autumn (March to May), winter (June to August),
spring  (September to November), and summer
(January, February, and December) , in order to verify
the predictive performance of the model under different
seasons.

The preprocessed dataset is clustered into similar days
using the FCM algorithm. To determine a reasonable

number of clusters, considering the size of the dataset,

Cmax 18 set 1o 10, and ¢ is allowed to range from 2 to 10.
The corresponding values of the DBI are calculated
using Eq. (6) and are shown in Fig.4. It can be seen that
DBI=0.527 9 reaches its minimum value when ¢ =3,
indicating that setting the number of clusters to 3 is the

most appropriate.
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Fig. 3 Hourly mean photovoltaic power generation of

photovoltaic plant in different seasons
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Fig.4 Evaluation results by DBI for different cluster results

To display the clustering effect more intuitively, the
power distribution histogram of the training dataset before

clustering is shown in Fig.5 (a) using the April 2017 dataset

as an example.
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(a) Training dataset
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Fig.5 Histogram of power distribution of training data set
The power distribution histograms of the three training
data subsets after clustering are shown in Fig.5(b) . It can
be visually seen that the original training dataset has been

successfully partitioned into different data partitions.
4.2 Simulation results

Different models were

established based on the final data partitions of each

independent  prediction
training dataset in different seasons. The models include
SVM method and fuzzy logic methods based on BP,
GA, DE, PSO, BBO, GWO, and IGWO algorithms
for optimizing different TSK FLS models

All experiments were conducted using Matlab R2020b
on a PC equipped with an Intel (R) Core (TM)
12700H, 2.30 GHz processor for simulation computations.

For the sake of comparison, the fuzzy rule number M
in different TSK FLS methods is set to 5. For the four
fuzzy system models A1-CO, A1-C1, A2-CO, and A2-
C1, the number of parameters to be optimized in the
antecedent and consequent are shown in Table 2, and
the initial values of the antecedent and consequent
parameters for different methods are shown in Table 3.

Table 2 Parameters of different TSK FLS and number of
parameters

Model Parameter number Designed parameters
A1-CO (3p+1)M My, 04
Al1-C1 (4p+2)M mp, 64, ¢S]
A2-CO (4p+1)M My, My, 0 €
A2-C1l (5p+2)M mjy, mpy, o4 Chst

Meanwhile, the hyperparameter settings for GA, DE,
PSO, BBO, GWO, and IGWO algorithms are as follows.
The population size for all algorithms is set to 60, and the

maximum number of iterations is 40. Among them, the

crossover probability for GA algorithm is set to 0.4 and the
mutation probability is set to 0.01. The scaling factor for DE
algorithm is set to 0.4 and the crossover probability is set to
0.6. The local and global learning factors for PSO algorithm
are both set to 0.6, and the inertia factor is set to 0.3. For
BBO algorithm, the initial mutation probability is set to
0.02, the maximum and minimum migration rates are both
set to 1, and the elite retention number is set to 3. For
GWO algorithm, the initial convergence factor a, = 2 is
set. For IGWO algorithm, the initial convergence factor
a, = 2 and the premature judgment constant ¢, = 0.06 are

set.
Table 3 Initialization of model parameters
Model Antecedent parameter Consequent parameter
A1-CO me(—1,1),0€(2,4) ce(—1,1)
Al-C1 me(—1,1),0€(2, 4) ce(—1,1),5€(0,1)
A2-CO0  me(—1,0),me(0,1),0 4) ce(—1,1)
A2-C1  me(—=1,0),me(0,1),0 ( 4) ce(—1,1),5€(0,1)

The SVM method is based on the LIBSVM
software, and its penalty parameter is set to 2.7, and the
parameter for the Gaussian kernel function is selected as
0.01. Table 4 provides further information on the values
of Exvse> Evag, and R* for each prediction model when
predicting the photovoltaic power in March.

Table 4 Power forecasting results for each model

Model Algorithm E quise Eyar R*

SVM 0.190 46 0.14869  0.68589
Bp! 0.245 48 0.164 26 0.623 42
GAPY 0.252 79 0.154 26 0.61275
DE® 0.195 97 0.115 43 0.72391
T(/S:ff{ns PSO™ 0.202 21 0.11405  0.76558
’ BBO 0.164 88 0.08948  0.839 02
Gwols! 0.145 22 0.089 12 0.875 29
IGWO 0.139 76 0.08910  0.892 64
BP' 0.186 48 0.142 11 0.702 04
GAY! 0.194 72 0.13122 0.732 63
DE 0.208 88 0.13708  0.736 13
ITZ(:iIélF)I‘S PSO 0.170 62 0.10459  0.789 31
BBO 0.125 07 0.08815  0.807 98
GWO 0.122 77 0.08023  0.87745
IGWO 0.080 13 0.05208  0.896 33
Bpi 0.155 72 0.166 21 0.680 15
GAM 0.165 55 0.160 12 0.686 22
DE 0.187 42 0.11890  0.71273

IT2 TSK FL¢
(A;-CO> S PSO 0.171 29 0.11146  0.709 23
’ BBO 0.170 29 0.106 15  0.78574
GWO 0.208 14 0.11581  0.766 37
IGWO 0.060 93 0.04339  0.96176
BP 0.151 93 0.11112  0.763 42
GAM 0.098 03 0.068 76 0.880 00
DE 0.12574 0.09299  0.846 17

IT2 TSK FLS
(A;Cl) S PSO?! 0.093 18 0.059 97 0.876 76
BBO 0.080 32 0.05228  0.91585
GWO!! 0.097 90 0.066 01 0.930 92
IGWO 0.060 47 0.04304  0.96176

For short-term photovoltaic power prediction one
hour in advance, the proposed TSK FLS model based
on IGWO optimization significantly outperforms the
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other comparative models, with the A2-C1 type TSK
FLS model having the lowest Epyse and Eyag.

For better visualization, the boxplots of the prediction
errors on the March test set for different methods are
shown in Fig. 6. The visual results of the IGWO
optimized A1-C0O, A1-C1, A2-CO, and A2-C1 models
are shown in Fig.7. It can be seen that the TSK FLS
method based on IGWO algorithm optimization has
better prediction performance compared to other
methods, with the A2-C1 type TSK FLS method
having the best prediction performance.

0.2

0.1

Forecast error

mBP W DE m BBO

mIGWO

FGA = PSO mGWO

-0.3

TSK A1-C1 TSK A2-CO

Model
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Fig. 6 Box diagram of forecasting error
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Fig. 7 Forecasting results of IT2 TSK FLS method based on
IGWO optimization

(=)

To measure the optimization performance of the IGWO
algorithm, taking the first type sub-data of March as an
example, Fig.8 shows the convergence curve of the training
error with the evolution generation when different
optimization algorithms optimize the A2-C1 type TSK
FLS model during the training process. Obviously, the
model optimized based on the IGWO algorithm tends to be
stable after about 25 iterations, and its error convergence

speed is faster.

0.025
-- GA
0.020 DE
- PSO
. BBO
» .
g 0.015} \ — GWO
éﬁ — IGWO
g
Z 0.010}
&1

0.005}F

0 5 10 15 20 25 30 35 40
Tteration number
Fig. 8 Convergence of A2-C1 type TSK FLS method optimized
by different algorithms
In order to observe the parameter optimization process of
the fuzzy front-end membership functions (MF) by the
IGWO algorithm more intuitively based on the first type
sub-data of March, Fig.9(a) — (g) respectively show the
changes of the MF's for each input variable of the first rule
of the A2-C1 model before and after optimization.
Correspondingly, the optimization results of the posterior
parameters of the five rules of the model are shown in
Table 5.

5432101 23 45

T35 70123 45

Input variables Input variables
(a) Variable 1 (b) Variable 2
1.0 1.0 7 -
/
B b Z05 y b .
- e yr o
0 = 1 1 1 1 1 ST G- 0 L = e =~
-5-4-3-2-101 2 3 435 -5-4-3-2-101 2 3 435

Input variables
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Input variables

(d) Variable 4

\
C = L L L i 0 - _
5 -4-3-2-10 12 3 435 5 -4-3-2-10 12 3 435
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(e) Variable 5 (f) Variable 6
1.0 =
By N Before optimization
=0.5F \
- mmm After oplimization

0 3 200 1 23 45
Tnput variables
(g) Variable 7
Fig. 9 Footprint of uncertainly (FOU) of each MF before
and after optimization for the first fuzzy rule
To further validate the performance of the proposed
model and consider the influence of seasonal factors, the
IGWO optimized TSK FLS model was used for short-
term PV power prediction in different seasons, and the
results were compared. Data from April in autumn 2017,
July in winter 2017, October in spring 2017, and
January in summer 2018 were selected as the training
dataset, and the corresponding monthly data from 2018
to 2019 were used for prediction analysis.
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Table 6 shows the values of Egyse, Euae, and R? for
each prediction model when predicting PV power in
different seasons. It can be seen that for short-term PV
power prediction one hour in advance, the IGWO optimized
A2-C1 TSK FLS model has the lowest Eryse, Ewvar, and
its prediction is significantly better than that of other models.

Table 5 Results of consequent parameter design for A2-C1 type
TSK FLS method based on IGWO algorithm in PV power
forecasting

y=Cy+Cia,+ Coay+ Cyay+ Coay+ Csas+ Coxs+

Crx;,C=[c—s,c+5s]
=[—1.8328,2.1264 ]+[—1.3012,—0.4997 ] 2, +

[—0.2926,0.594 2 | x, +[—0.8146,1.0235 ] x5 +
[
[

Number

Rules 1
0.3664,0.2127 ]2, +[0.0284,0.829 1 ] x5 +

0.4031,0.3255 )25 +[—0.0704,0.0737 ],

v, =[0.0441,0.7056 ]+ [—0.499 5, —0.116 8 ] 2, +
[1.2149,0.5847 ]y +[0.2406,1.082 3 ] x5 +
[~0.3635,—0.026 9]z, +[0.7160,2.577 7 1 s +
[-0.1304, —0.0822 ]2, +[—0.5792,0.394 7] 2,

v, =10.0456, —0.0602 ]+ [0.5102,1.574 1 ] &, +

Rules 2

the system’s true output, and the difference between them
can only be distinguished at a very small scale, with the A2-
C1 method having the best performance.

4.0

—Real Al1-C1 A2-CO0  ---A2-C1

A

Power/kW
- = N
(= W (=] wn

=
W

Rules 3

[-0.3349,0.836 1 ]z,
[—0.5931,0.7680 ] =,

0.2856, —0.549 8 ] 2y +
+

[—0.0564,1.5797 ]

+[
+[—0.4141,0.3723 ] x5
+[ —0.4684 ] x

—0.3031,

0.4331,—0.4891]+[0.0808,0.494 3 ] x, +
0.8313,—0.4664 Jx, +[—1.3832,1.5737 J x5+
0.2826, 25245] 4 [—0.4144,—-0.0854 J s +

1.7101,1.6919 J s +[—0.9549,1.391 9 ] &,
=[—0.8668, 10964}+[*0.3937,O.1252]11+

[+0.5268,0.196 3 | &, +[—2.3069,1.431 8 J a5 +

=[—
Rules 4 =
[
[

Rules 5

[—1.0681,2.0939 ]z, +
[0.024 3,0.0900 ] x4 +[—

[—0.7004,—0.776 7 ] x5 +
0.1051,0.758 1] &,

Table 6 Power forecasting results for each model in different

seasons
Season Model Eguse Evias R?

SVM 0.130 93 0.105 92 0.763 92

A1-CO 0.083 43 0.064 46 0.938 81

Spring A1-Cl 0.084 89 0.066 07 0.935 46
A2-CO 0.079 78 0.064 03 0.943 40

A2-C1 0.077 01 0.058 83 0.946 46

SVM 0.109 21 0.093 77 0.814 03

A1-CO 0.107 74 0.086 16 0.892 14

Summer A1-Cl 0.105 06 0.083 05 0.893 95
A2-CO 0.112 72 0.094 13 0.882 64

A2-C1 0.054 48 0.041 08 0.964 60

SVM 0.082 04 0.067 38 0.879 89

A1-CO 0.078 19 0.060 48 0.936 31

Autumn A1-C1 0.062 04 0.046 41 0.950 34
A2-CO 0.060 76 0.048 13 0.961 50

A2-C1 0.057 55 0.044 74 0.963 57

SVM 0.117 69 0.099 05 0.752 68

A1-CO 0.114 89 0.098 57 0.796 49

Winter A1-C1 0.107 61 0.092 84 0.827 38
A2-CO 0.106 74 0.093 41 0.827 08

A2-C1 0.086 03 0.067 69 0.892 45

To better visualize the prediction performance in different

seasons, Fig.10 further presents the predicted curves of
each model on the test dataset. It can be seen that the
predicted output curve of the IGWO optimized IT2 TSK
FLS method almost completely overlaps with the curve of
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Fig. 10 Photovoltaic power forecasting curves for each

model in different seasons
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5 Conclusions

A method for short-term prediction of photovoltaic
power was proposed by optimizing the parameters of the
TSK FLS using the IGWO algorithm, which was
applied to a prediction example in a certain region.

The IGWO algorithm retained the advantages of the
GWO algorithm, while overcoming the its drawbacks by
introducing the early maturity convergence judgment
Levy flight
adjustment strategy of convergence factor. Meanwhile,
the IT2 TSK FLS method could handle uncertainty well
in modeling. Therefore, the IGWO-IT2 TSK FLS
method

accuracy, and the experimental results demonstrated the

mechanism, strategy, and nonlinear

could effectively improve the modeling
effectiveness of this method. Compared with the existing
type-I TSK FLS method, the prediction accuracy of
IT2 TSK FLS method has been significantly improved.
The IT2 TSK FLS method was suitable for modeling
data  with

randomness in photovoltaic power data and had effective

uncertain significant  fluctuations and

application potential.
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