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a b s t r a c t 

In this study, gross final energy consumption (GFEC), energy consumption of renewable energy sources 

(RES) and its share in France, Germany, Italy, Spain, Turkey and the United Kingdom (UK) are forecasted 

by 2030. A novel model is proposed in this study which is called optimized fractional nonlinear grey 

Bernoulli model, briefly as OFANGBM(1,1). In this model, three parameters, which are background value 

λ, power index value γ and fractional order value r , are optimized by genetic algorithm (GA) method. Re- 

sults of OFANGBM(1,1) show that GFEC in France, Germany, Italy, Spain, Turkey and UK will reach to 151.7 

Mtoe, 227.6 Mtoe, 110.8 Mtoe, 84.5 Mtoe, 173.4 Mtoe and 132.2 Mtoe, respectively, in 2030. Additionally, 

energy consumption from RES in France, Germany, Italy, Spain, Turkey and UK is forecasted as 28.5 Mtoe, 

53.8 Mtoe, 22.2 Mtoe, 23.2 Mtoe, 26.1 Mtoe and 39.3 Mtoe, respectively, for the year 2030. Results of this 

study are compared with the national target of these countries on the share of RES in GFEC. Moreover, it 

is estimated that RES can satisfy 18.8%, 23.6%, 20.0%, 27.5%, 15.1% and 29.7% of GFEC in France, Germany, 

Italy, Spain, Turkey and UK in 2030, respectively. 

© 2020 Institution of Chemical Engineers. Published by Elsevier B.V. All rights reserved. 
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. Introduction 

While the need of energy increases, conventional sources are

apidly running out. To overcome this handicap, renewable energy

ources with their advantages are an alternative way for govern-

ents’ energy strategy ( Pacesila et al., 2016 ). In 2017, World fi-

al energy consumption was reported as 9717 Mtoe with a growth

ate of 1.9% and the European countries had the share of 14.5% in

orld final energy consumption ( IEA, 2020 ). In 2018, gross final

nergy consumption among the European countries was the high-

st in Germany (223.3 Mtoe), followed by the France (154.5 Mtoe),

he United Kingdom (UK) (133.7 Mtoe), Italy (121.5 Mtoe), Turkey

105.0 Mtoe) and Spain (89.2 Mtoe), respectively ( Eurostat, 2020a ).

dditionally, the share of renewable sources in gross final energy

onsumption in the European Union (EU) reached from 8.5% in

004 to 18.0% in 2018. The EU targets to raise this share up to

0% by 2020 and 32% by 2030 ( Eurostat, 2020b ). Forecasting of

his target has been subject to many researchers ( Knopf et al.,

015 ; Nikolaev and Konidari, 2017 ; Liobikiene and Butkus, 2017 ;

ucchiella et al., 2018 ; Mehedintu et al., 2018 ; Simionescu et al.,

020 ). Forecasting of energy consumption plays a key role of en-

rgy management ( Wei et al., 2019 ). Even since the last two years,
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rey prediction models have been widely used as a forecasting tool

y many researchers in this field ( Li and Zhang, 2019 ; Zhang et al.,

019 ; Ye et al., 2019 ; Wang and Song, 2019 ; Wang et al., 2019 ;

u, 2019 ; Wang et al., 2020 ; Ma and Wang, 2020 ). 

The simplest form of grey prediction models is GM(1,1), firstly

roposed by Deng ( Deng, 1982 ). The main advantage of this model

s that it can be used to predict a small number of sequence data

 Liu et al., 2016 ). The methodology of GM(1,1) is based on the first-

rder single variable prediction ( Ma et al., 2013 ) and this method

as used in forecasting of energy by researchers ( Yuan et al., 2016 ;

sai, 2016 ; Li and Li, 2017 ; Ş ahin, 2018 ). The GM(1,1) assumes that

he background value ( λ) is equal to 0.5, but researchers have tried

o optimize the parameter λ which is in the range of 0-1 and is

alled optimized grey prediction model, briefly as OGM(1,1). Many

tudies ( Wen et al., 20 0 0 ; Shang and Pei, 2009 ; Zhou et al., 2009 ;

hao et al.,2012; Ma et al., 2013 ; Ene and Öztürk, 2017 ) showed

hat the OGM(1,1) presents higher prediction performance than

M(1,1). Multivariable grey models are the other improved forms

f the GM(1,1) and the basic multivariable grey model is GM(1,N),

here N denotes the number of variables of the modeling equation

 Hsu and Wang, 2009 ). Hsu and Wang (2009) showed the GM(1,N)

ives higher prediction performance than GM(1,1). Hsu (2009) and

hong et al. (2017) investigated the prediction performance due to

he optimization of the parameter λ in GM(1,N). The optimized
reserved. 
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Nomenclatures 

AAGR average annual growth rate (%)s 

AGO accumulated generating operation 

APE absolute percentage error (%) 

GM(1,1) basic grey model 

FANGBM(1,1) fractional nonlinear grey Bernoulli model 

MAPE mean absolute percentage error (%) 

NGBM(1,1) nonlinear grey Bernoulli model 

OGM(1,1) optimized grey model 

ONGBM(1,1) optimized nonlinear grey Bernoulli model 

OFANGBM(1,1) optimized fractional nonlinear grey Bernoulli 

model 

λ background value 

γ power index value 

r fractional order value 

GM(1,N) is called as OGM(1,N) ( Hu, 2020 ). Tien (2005) proposed

grey prediction model with convolution integral (GMC(1,N)) to im-

prove the traditional GM(1,N). Wang (2015) showed that the MAPE

value of the GMC(1,N) is lower than that of the GM(1,N). Then,

the background value λ of GMC(1,N) is optimized by Wang and

Hao (2016) for the prediction of industrial energy consumption

in China and the model is named as OGMC(1,1). Additionally, ef-

fect of optimization of the parameter λ on prediction performance

has been investigated in the another grey model which is based

on “rolling” or “metabolism” technique. The main advantage of

this technique is that this method gives better prediction results

using the latest data sequence ( Chang et al., 2005 ). When the

rolling mechanism technique is used in GM(1,1), the model is

called metabolic grey model, briefly as MGM(1,1). Many studies

showed that the MGM(1,1) presents more accurate results than the

GM(1,1) (Zhao et al.,2012; Ma et al., 2013 ; Boran, 2015 ; Zhao et al.,

2016 ; Zhao and Guo, 2016 ; Wang et al., 2017 ). Also, researchers

have improved the MGM(1,1) by optimizing the parameter λ and

the improved model is called optimized metabolic grey model,

briefly as OMGM(1,1). There are many studies that the OMGM(1,1)

gives higher prediction performance than the MGM(1,1) (Zhao

et al.,2012; Ma et al., 2013 ; Liu et al., 2014 ; Wang et al.,

2017 ; Li et al., 2018 ; Ş ahin, 2019 ). In the further studies, re-

searchers investigated the nonlinearity of MGM(1,1) and the model

is called nonlinear metabolic grey model, briefly as NMGM(1,1).

The biggest difference between the NMGM(1,1) and MGM(1,1) is

that the NMGM(1,1) has characterized with the power coeffi-

cient value ( α) which denotes the nonlinearity ( An et al., 2019 ).

Wang et al. (2018) and Ş ahin (2019) showed that NMGM(1,1) gives

higher prediction performance than MGM(1,1). Ş ahin (2019) has

improved the NMGM(1,1) by optimizing the parameter λ and the

model is called optimized nonlinear metabolic grey model (ON-

MGM(1,1)) and compared these models for the for the forecast-

ing of Turkey’s greenhouse gas emissions. The results show that

mean absolute percentage error (MAPE) of the NMGM(1,1) is lower

than that of the MGM(1,1) which means NMGM(1,1) gives higher

prediction results than MGM(1,1) for this study. The another im-

proved grey model is nonlinear grey Bernoulli model (NGBM(1,1))

which is proposed by Chen ( Chen, 2008 ). In this model, power

index value ( γ ) is used to fit the curve of actual data. When γ
is equal to 0, the NGBM(1,1) reduces to the GM(1,1) ( Wu et al.,

2019a ). Researchers show that the NGBM(1,1) gives higher predic-

tion performance than the GM(1,1) ( Chen, 2008 ; Chen et al., 2008 ;

Chen et al., 2010 ; Hsu, 2010 ; Tsai, 2016 ; Pei and Li, 2019 ; Wu and

Zhang, 2020 ). Chen et al. (2008) improved the NGBM(1,1) by opti-

mizing the background value ( λ) and the improved model is called

optimized nonlinear grey Bernoulli model (ONGBM(1,1) or Nash
onlinear grey Bernoulli model (NNGBM(1,1)) ( Chen et al., 2010 ).

any studies present that the optimized NGBM(1,1) gives a higher

ccuracy than that of the traditional NGBM(1,1) ( Chen et al., 2008 ;

hou et al., 2009 ; Chen et al., 2010 ; Wang et al., 2011 ; Wang, 2013 ;

u et al., 2016 ). Also recently, NGBMC(1,n) and NGBM(1,1,k,c)

ave been proposed as improved versions of the NGBM(1,1) by

a et al. (2019a) and Wu et al. (2020) , respectively. Table 1 sum-

arizes effect of optimizing the background value λ in the grey

rediction models, mentioned in the literature review above, on

he MAPE values. It is obvious that the background value λ value

arying from 0 to 1 instead of 0.5 in grey prediction models im-

roves the prediction accuracy. 

In addition to the above grey prediction models, a new tech-

ique “fractional order accumulation” is firstly applied into the

M(1,1) by Wu et al (2013) . The novel model, is called frac-

ional grey prediction model, inspired many researchers due to its

uperior predictive performance, especially used as a forecasting

ool in energy researches. Fractional grey prediction models have

een applied to predict China’s electricity consumption ( Yang and

ue, 2016 ), China’s nuclear energy consumption ( Wu et al., 2018 ),

hina’s crude oil consumption ( Duan et al., 2018 ), China’s wind en-

rgy consumption ( Zhang et al., 2019 ), China’s natural gas and coal

onsumption ( Ma et al., 2019b ), renewable energy consumption in

hina ( Wu et al., 2019a ), China’s energy consumption ( Wu et al.,

019b ), natural gas consumption of countries ( Ma et al., 2020 ),

urkey’s electricity generation and installed capacity ( ̧S ahin, 2020 )

nd China’s annual electricity consumption ( Xie et al., 2020 ). Re-

ently, Wu et al. (2019) firstly applied fractional order accumula-

ion into the nonlinear grey Bernoulli model and the new model

s called as fractional nonlinear grey Bernoulli model, briefly as

ANGBM(1,1). The prediction performance of the FANGBM(1,1) de-

ends on optimizing the two parameters which are power in-

ex value ( γ ) and fractional order value ( r ). These two parame-

ers characterize the model’s ability to adapt to actual data. Then,

¸  ahin, 2020 used the FANGBM(1,1) to forecast Turkey’s electric-

ty generation and installed capacity from total renewable and hy-

ro energy. In another study ( ̧S ahin and Ş ahin, 2020 ), this model

as used to forecast the cumulative number of confirmed cases

f COVID-19 in many countries. In these studies, the background

alue λ of FANGBM(1,1) is equal to 0.5. 

When the above-mentioned literature is carefully reviewed, the

dea that FANGBM(1,1) can be improved by optimizing the back-

round value λ has emerged. This study proposed a novel model

hich is called as optimized fractional nonlinear grey Bernoulli

odel, abbreviated as OFANGBM(1,1). In the novel model, effect of

ptimizing λ on the prediction performance is investigated. 

Moreover, fractional grey prediction models can be used to fore-

ast the renewable energy consumption and total energy consump-

ion for European countries due to their high prediction perfor-

ance. In this way, projections on the share of renewable sources

n energy consumption for these countries can be made and pro-

ide information on how far to approach future targets. As far

s the author’s knowledge, EU’s target on the share of renewable

ources in gross final energy consumption has not forecasted yet

y using fractional grey prediction models. As a result, it is be-

ieved that this study fills the gap in the literature. Therefore, this

tudy aims to forecast renewable energy consumption and gross fi-

al energy consumption of selected European countries, which are

ermany, France, Italy, Spain, Turkey and the United Kingdom us-

ng FANGBM(1,1) and OFANGBM(1,1) by 2030. The reason for these

ountries being selected is the highest gross final energy consump-

ion in European countries for the year 2018, according to the data

f Eurostat. 

The novelty of this study is an improved fractional nonlinear

rey Bernoulli model is proposed. The difference of the new pro-

osed model from the FANGBM(1,1) is that the background value
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Table 1 

The overview of comparison of MAPE values between grey prediction models and optimized grey prediction models in the literature. 

Reference Study Grey prediction models MAPE (%) 

Wen et al., 2000 Cage-net amounts of fish GM(1,1) 10.32 

OGM(1,1) 7.86 

Shang and Pei, 2009 Chinese rural gross domestic product GM(1,1) 4.45 

OGM(1,1) 4.06 

Ene and Öztürk, 2017 End-of-life vehicles of West Anatolia region GM(1,1) 4.83 

OGM(1,1) 4.62 

Hsu, 2009 Taiwan’s integrated circuit industry output GM(1,N) 0.29 

OGM(1,N) 0.24 

Zhong et al., 2017 Photovoltaic power generation (for April) GM(1,N) 3.53 

OGM(1,N) 7.14 

Wang and Hao, 2016 Industrial energy consumption in China GMC(1,N) 11.24 

OGMC(1,N) 8.34 

Zhou et al., 2009 Power load of Hubei electric power network GM(1,1) 3.63 

OGM(1,1) 3.61 

NGBM(1,1) 1.79 

ONGBM(1,1) 1.78 

Zhao et al., 2012 Per capita annual net income of rural 

households in China 

GM(1,1) 8.29 

OGM(1,1) 7.88 

MGM(1,1) 4.69 

OMGM(1,1) 2.79 

Ma et al., 2013 Iron ore import of China GM(1,1) 16.88 

OGM(1,1) 14.45 

MGM(1,1) 6.70 

OMGM(1,1) 2.31 

Liu et al., 2014 Financial intermediation in Beijing MGM(1,1) 8.36 

OMGM(1,1) 0.05 

Real estate in Beijing MGM(1,1) 61.77 

OMGM(1,1) 0.99 

Semiconductor industry production in Beijing MGM(1,1) 10.52 

OMGM(1,1) 8.38 

Wang et al., 2017 Beijing’s tertiary industry GM(1,1) 4.54 

OGM(1,1) 4.05 

MGM(1,1) 4.54 

OMGM(1,1) 0.07 

Beijing’s other services industry GM(1,1) 12.11 

OGM(1,1) 11.22 

MGM(1,1) 8.04 

OMGM(1,1) 0.12 

Li et al., 2018 Spontaneous combustion of the stockpiled coal MGM(1,1) 1.83 

OMGM(1,1) 0.50 

Ş ahin, 2019 Turkey’s GHG emissions from the energy sector MGM(1,1) 5.55 

OMGM(1,1) 5.26 

NMGM(1,1) 5.25 

ONMGM(1,1) 5.19 

Wang et al., 2011 Opto-electronics components in Taiwan NGBM(1,1) 4.82 

ONGBM(1,1) 4.04 

Opto-electronics application in Taiwan NGBM(1,1) 4.10 

ONGBM(1,1) 3.10 

Lu et al., 2016 Foreign exchange rates in Taiwan NGBM(1,1) 0.25 

ONGBM(1,1) 0.10 
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 λ) is also optimized in the range of 0-1. Therefore, it is aimed

hat having more accurate results than that of the FANGBM(1,1) by

ptimizing three parameters are λ, γ and r . 

The main contributions of this study can be given as: 

(1) The background value λ of the FANGBM(1,1) is equal to 0.5.

However, in many improved grey prediction models, which

are OGM(1,1), OMGM(1,1), ONMGM(1,1) and NNGBM(1,1),

this parameter is in the range of 0-1. This phenomena can be

used in the FANGBM(1,1). In other words, the FANGBM(1,1)

can be improved by optimizing the parameter λ and as far

as the author’s knowledge, this issue is probably the first

in the literature. In this study, a new model is proposed

which is called optimized fractional nonlinear grey Bernoulli

model, briefly as OFANGBM(1,1). 

(2) In the OFANGBM(1,1), the background value ( λ), power in-

dex value ( γ ) and fractional order value ( r ) are optimized

by using genetic algorithm (GA) technique for this study. In

this way, the proposed model with higher prediction perfor-

mance can be used for the further studies. 
(3) The OFANGBM(1,1) is used to forecast the renewable en-

ergy consumption, gross final energy consumption and its

share in Germany, France, UK, Italy and Turkey by the year

2030. Except for the previous studies ( Cucchiella et al., 2018 ;

Mehedintu et al., 2018 ; Simionescu et al., 2020 ), forecasting

on this issue is very scarce in the literature whereas these

studies present projections by the year 2020. This study not

only tests the national targets of the selected countries in

2020, but also provides projections on this issue by 2030. 

(4) The results of this study are expected to provide important

information to researchers and energy decision makers. 

The rest of this study is: In Section 2 , the methodology of the

FANGBM(1,1) is given. Additionally, the optimization technique

nd how the prediction performance is measured is mentioned. In

ection 3 , the results of this study are presented and also com-

ared with the literature. Finally, Section 4 presents the conclu-

ions, suggestions and limitations. 
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Fig. 1. Cyclic scheme of the grey prediction models for this study. 
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2. Methodology 

This section presents the methodology of the proposed

novel model, optimized fractional nonlinear grey Bernoulli model

(OFANGBM(1,1)). Additionally, the cycle scheme on how the

OFANGBM(1,1) reduces to GM(1,1) is mentioned. At the end of this

section, how the optimal parameter is obtained and which metric

is used for evaluating performance are given. 

2.1. The structure of optimized fractional nonlinear grey Bernoulli 

model 

The principle of fractional order accumulated is based

on the r-th accumulated generation operation (r-AGO) and

Wu et al. (2013) presented this methodology with the following

definitions. 

The original non-negative sequence X 

(0) is indicated as: 

X 

( 0 ) = 

{
X 

( 0 ) ( 1 ) , X 

( 0 ) ( 2 ) , X 

( 0 ) ( 3 ) , . . . . . . .., X 

( 0 ) ( n ) , n ≥ 4 

}
(1)

X 

(0) transforms to the X 

( r ) as: 

X 

( r ) = 

{
X 

( r ) ( 1 ) , X 

( r ) ( 2 ) , X 

( r ) ( 3 ) , . . . . . . .., X 

( r ) ( n ) 
}

(2)

Where X 

( r ) is the r -th accumulated generating operation (r-

GO) sequence of X 

(0) and r denotes the fractional order value

r > 0. Additionally, X 

( r ) can be formulated as: 

X 

( r ) ( k ) 

= 

k ∑ 

i =1 

X 

( r−1 ) ( i ) = 

k ∑ 

i =1 

(
k − j + r − 1 

k − j 

)
X 

( 0 ) ( i ) , k = 1 , 2 , . . . .., n 

(3)

where (
k − j + r − 1 

k − j 

)

= 

( r + k − i − 1 ) ( r + k − i − 2 ) ( r + k − i − 3 ) . . . ( r + 1 ) r 

( k − i ) ! 
(4)

When r = 1 , X 

( r ) ( k ) reduces to X (1) (k ) = 

k ∑ 

i =1 

X (0) (i ) which de-

notes the first-order accumulated generating operation (1-AGO) se-

quence of X 

(0) . 

Wu et al. (2019a) presented the whitening equation of frac-

tional nonlinear grey Bernoulli model (FANGBM(1,1)) as: 

d X 

( r ) ( k ) 

dt 
+ a X 

( r ) ( k ) = b 
(
X 

( r ) ( k ) 
)γ

(5)

and the discrete form can be given as, 

X 

( r ) ( k ) − X 

( r ) ( k − 1 ) + a z ( r ) ( k ) = b 
(
z ( r ) ( k ) 

)γ
(6)

where γ indicates the power index value. 

When r = 1 , the whitening equation and the discrete form can

be written respectively, as ( Lu et al., 2016 ): 

d X 

( 1 ) ( k ) 

dt 
+ a X 

( 1 ) ( k ) = b 
(
X 

( 1 ) ( k ) 
)γ

(7)

X 

( 1 ) ( k ) − X 

( 1 ) ( k − 1 ) + a z ( 1 ) ( k ) = b 
(
z ( 1 ) ( k ) 

)γ
(8)

and this model is called the nonlinear grey Bernoulli model, briefly

as NGBM(1,1)), firstly proposed by Chen (2008) . 

When γ = 0 and r = 1 , the whitening equation and the dis-

crete form can be presented by the following equations (Wu e al.,

2019a), 

d X 

( 1 ) ( k ) + a X 

( 1 ) ( k ) = b (9)

dt 
 

( 1 ) ( k ) − X 

( 1 ) ( k − 1 ) + a z ( 1 ) ( k ) = b (10)

nd this model is called the grey model, briefly as GM(1,1), firstly

roposed by Deng (1982) . 

In Eq. (6) , the form of z (r) ( k ) is given by (Mao et al., 2016) as: 

 

( r ) ( k ) = λ∗X 

( r ) ( k ) + ( 1 − λ) ∗ X 

( r ) ( k − 1 ) , k = 2 , 3 , 4 , . . . .., n 

(11)

here λ denotes the background value which is which is in the

ange of 0-1 ( Ma et al., 2013 ). In FANGBM(1,1), the background

alue λ is equal to 0.5 ( Wu et al., 2019a ). When λ is in the range

f 0-1, the model is called the optimized nonlinear fractional grey

ernoulli model, abbreviated as OFANGBM(1,1) in this study. There-

ore, constraints of the parameters of the OFANGBM(1,1) can be

iven as 0 < λ < 1, γ � = 0, and r > 0. 

Additionally, when λ ranges from 0 to 1 in the Eq. (8) and (10) ,

he model is called as optimized nonlinear grey Bernoulli model

ONGBM(1,1)) and optimized grey model (OGM(1,1)), respectively.

his cycle can be summarized in Fig. 1 . By this way, it is explained

hat how the OFANGBM(1,1) reduces to GM(1,1) with the changing

f parameters λ, γ and r . 

Once given the background value ( λ), power index value ( γ )

nd fractional order value ( r ), parameters a and b of the whitening

quation of grey prediction models can be calculated by the least

quares method as: 

a 
b 

]
= 

[
B 

T B 

]−1 
B 

T Y (12)

here 

 = 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

−z ( r ) ( 2 ) 
(
z ( r ) ( 2 ) 

)γ

−z ( r ) ( 3 ) 
(
z ( r ) ( 3 ) 

)γ

−z ( r ) ( 4 ) 
(
z ( r ) ( 4 ) 

)γ

. . . 
. . . 

. . . 
. . . 

−z ( r ) ( n ) 
(
z ( r ) ( n ) 

)γ

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

Y = 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

X 

( r ) ( 2 ) − X 

( r ) ( 1 ) 
X 

( r ) ( 3 ) − X 

( r ) ( 2 ) 
X 

( r ) ( 4 ) − X 

( r ) ( 3 ) 
. . . 
. . . 

X 

( r ) ( n ) − X 

( r ) ( n − 1 ) 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

(13)



U. Ş ahin / Sustainable Production and Consumption 25 (2021) 1–14 5 

Fig. 2. The flowchart scheme of the OFANGBM(1,1) in this study. 

 

e

⎧⎪⎪⎨
⎪⎪⎩

2

p

 

b  

(  

a  

a  

H  

p  

t  

s

 

d  

(

a  

t  

2

A  

Updaie new value with 
Genetic Algorithm 

No 

Oblain.ing 1he original non-nega1ive sequence x<0) 

Give an initial value of fra,ctional order value r 

Trnnsfonning )(CO) to XCr) 

Give an initial valueoflbackground value A 

Obiaining z (r) 

Give an initial value of power index value y 

Solving a and b parameters by the lo.-isl squares method 

Ob1aining predicted values 'j((r) 

Tes1ing the prediction performance of OFANGBM( l, I) using MAPE (%) 
Finally, the predicted values can be calculated by the following

quations: 

 

 

 

 

 

 

 

ˆ X 

( r ) ( 1 ) = X 

( 0 ) ( 1 ) 

ˆ X 

( r ) ( k ) 

= 

[ ((
ˆ X 

( r ) ( 1 ) 
)1 −γ − b 

a 

)
e −a ∗( 1 −γ ) ( k −1 ) + 

b 
a 

] 1 
1 −γ

, k = 2 , 3 , . . . ., n 

(14) 

.2. Optimization of the parameters and metrics for evaluating 

erformance 

In this study, finding the optimal value of the parameters is

ased on reaching the smallest mean absolute percentage error

MAPE) value of the prediction model. To achieve this, genetic
lgorithm (GA) method is used which has been widely used as

n optimization technique in literature ( Wang and Hsu, 2008 ;

su, 2009 ; Hsu, 2010 ). The GA is solved by installing a software

ackage on the Microsoft Excel for this study and runtime is con-

inued until the change of the MAPE value reaches to 0.01% in the

imulation process. 

In this study, the error between the original data and predicted

ata is obtained by calculating of the absolute percentage error

APE). Additionally, prediction performance between FANGBM(1,1) 

nd OFANGBM(1,1) is compared by using MAPE. The formulation of

he APE and MAPE is given by the following equation ( Ding et al.,

020 ): 

P E ( % ) = 

∣∣∣∣X ( i ) − ˆ X ( i ) 

X ( i ) 

∣∣∣∣x 100 (15)
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Fig. 3. Actual values of GFEC (a) and energy consumption from RES (b) for the selected countries from 2004 to 2018. 

Fig 4. Goodness of fit values of FANGBM(1,1) and OFANGBM(1,1) for the prediction of gross final energy consumption (a) and energy consumption from RES (b) in the 

selected countries. 
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Where, X is the actual data, ˆ X is the predicted data and n is the

observation data. The lowest MAPE value denotes the best predic-
ion model in this study and the prediction model is classified as

igh level when MAPE value is lower than 10% ( Lewis, 1982 ). Addi-

ionally, goodness of fit values for the grey prediction models can

e formulated as ( Han and Li, 2019 ): 

oodness ( % ) = 100 − AP E ( % ) (17)
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• In this study, optimal parameters of OFANGBM(1,1) are ob-

tained by genetic algorithm (GA). In further studies, optimal pa-

rameters of this model can be obtained by other algorithms.

Kong and Ma (2018) compared the performance of GA with

the other algorithm methods such as Particle Swarm Optimizer

(PSO), Grey Wolf Optimizer (GWO) and Ant Lion Optimizer

(ALO) on the nonlinear parameter optimization of NGBM(1,1).

As a result, it was obtained that these algorithms have their

own advantages and disadvantages. 

• Prediction performance of this study are tested by mean abso-

lute percentage error (MAPE) values. Maybe, forecasting results

can be tested with expanding window method. 

• On the other hand, COVID-19 outbreak has changed the energy

consumption balance of the countries. In particular, energy con-

sumption in residences has increased, as experts and politicians

encourage people to stay at home ( Graff and Carley, 2020 ).

This may lead to an increase in solar PV investments in resi-

dential buildings ( IRENA, 2020 ). In the coming years, new jobs

may be created in many fields of renewable energy and new

incentives may be introduced by governments for investment

in the renewable energy sector. Therefore, fractional nonlinear

grey Bernoulli models can be used to forecast investments in

the renewable energy sector and the share of energy consump-

tion in energy sector for the further studies. 
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