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Abstract

Predicting energy demand plays an important role in devising energy development plans for cities and countries. Available
data on energy demand usually consist of a nonlinear real-valued sequence, but the samples are often derived from
uncertain assessments without satisfying any statistical assumptions. This study thus establishes interval grey prediction
models without statistical assumptions by using data intervals to represent uncertainty in energy demand forecasting. The
proposed prediction models first apply nonlinear regression analysis using neural networks to determine the interval data.
The models then employ grey prediction to derive the tendency of the upper and lower limits of energy demand. Finally,
the best non-fuzzy performance value can be further obtained for each time point using the estimated upper and lower
limits. The advantage of the proposed models is that hyper-parameter settings involving residual modification and machine
learning are not a serious problem, and the construction is simple enough to implement as a computer program without any
statistical assumptions. The forecasting accuracy of the proposed models was verified using actual energy demand data.
The results showed that the proposed grey-prediction-based models using functional-link nets to modify residuals per-

formed well compared to other interval grey prediction models.
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1 Introduction

The U.S. Energy Information Administration (2019) in
International Energy Outlook 2019 projects that world
energy consumption will grow by nearly 50% between
2018 and 2050. Undoubtedly, the constant growth of
energy consumption and the requirement for more accurate
forecasts of energy demand enable the forecast of energy
demand to play a significant role in devising energy
development plans. However, although available energy
demand data usually consist of a sequence of real values
collected from a given time period, any single value is
imprecise. Furthermore, the data often fail to satisfy any
statistical assumptions (Moonchai and Chutsagulprom
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2020; Suganthi and Samuel 2012; Xu et al. 2017). Insofar
as available data are often derived from uncertain assess-
ments, we were motivated to address energy demand
forecasting with uncertain observations. In practice, data
intervals ought to be estimated to represent uncertainty and
imprecision (Zeng et al. 2014; Xie et al. 2014). Grey pre-
diction models have drawn our attention because they do
not require that data conform to statistical assumptions (Liu
and Lin 2010; Liu et al. 2017). In the face of these prob-
lems of uncertainty and statistical assumptions, we were
inspired to develop interval grey prediction models for
energy demand. Two issues are thus addressed by this
study.

The first issue we address is how to establish nonlinear
interval models (NIMs). Nonlinear interval regression
analysis is an effective method because it is highly capable
of dealing with uncertain and imprecise data (Huang et al.
1998; Jeng et al. 2003; Neto and Carvalho 2017). Given
that neural networks (NNs) can represent nonlinear map-
pings, several studies indicate that a NIM can be effec-
tively established using two NNs to find the upper and
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lower limits of a data interval from a given dataset. Related
studies include fuzzy regression with radial basis function
networks (Cheng and Lee 2001), functional-link nets
(FLNs) for nonlinear interval regression analysis (Hu
2009), interval regression analysis using neural networks
(Huang et al. 1998), support vector interval regression
(Hwang et al. 2006), fuzzy regression using fuzzified NNs
(Ishibuchi and Nii 2001), and fuzzy regression analysis
(Ishibuchi and Tanaka 1992).

The second issue we are concerned about is how to deal
with that the available data often do not adhere to any
statistical assumption. Compared with artificial intelligence
techniques and statistical time series models, such as the
machine learning techniques (Cankurt and Subas, 2015),
improved models based on NNs (Lauret et al. 2008; Niu
et al. 2012; Ruiz et al. 2019; Xia et al. 2010; Yang et al.
2016), an ant colony optimization approach (Toksari
2009), and a framework for volatile behaviour in net
electricity consumption (Tutun and Chou 2015), grey
prediction models not only have the advantage of charac-
terizing an unknown system using limited samples, but also
do not require data to be in line with any statistical
assumption. A first-order grey model with one variable
(GM(1,1)) is the most frequently used time series model
among grey prediction models for short-term prediction
problems (Hu 2021; Liu et al. 2017). It turns out that the
mechanism of nonlinear interval regression analysis using
NNs and the GM(1,1) model can be helpful for solving the
problems we address.

Despite the usefulness of the GM(1,1) model, residual
modification is often employed to improve its prediction
accuracy by incorporating predicted residuals obtained
from the residual GM(1,1) model to revise the predicted
values from the original GM(1,1) model (Deng 1982; Hu
2020; Hu et al. 2019; Liu et al. 2017). The common focus
of the residual GM(1,1) model is residual sign estimation,
such as grey predictions for the global integrated circuit
industry (Hsu 2003), improved models for power demand
forecasting (Hsu and Chen 2003), applications in relation
to the trans-Pacific air passenger market (Hsu and Wen
1998), and energy consumption forecasting using genetic
programming (Lee and Tong 2011). To further improve
prediction performance of the GM(1,1) models, Hu (2017)
developed an effective residual modification model,
FLNGM(1,1), by using FLNs with effective function
approximation capability (Pao 1989, 1992; Park and Pao
2000) to estimate the modification range of each predicted
residual. In the light of this, we studied applying the
GM(1,1) and FLNGM(1,1) models to generate the upper
and lower limits for energy demand after the interval data
for model fitting have been determined by nonlinear
interval regression analysis.
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Thus far, little attention has been paid to develop
interval grey prediction models, with some exceptions such
as the interval grey number prediction model (IGNPM) by
Zeng et al. (2010), the grey number grey modification
model (GGMM(1,1)) by Shih et al. (2011), and the interval
GM(1,1) (I-GM(1,1)) and nonlinear grey Bernoulli
GM(1,1) model I-NGBM(1,1)) by Chen et al. (2019). This
study aims to develop the grey-prediction-based NIMs to
deal with the uncertainty arising from available energy
demand data that are not likely to follow any statistical
assumption. We first apply nonlinear interval regression
analysis to convert the real-valued data to interval ones.
Next, we developed NIMs wusing GM(l,1) and
FLNGM(1,1) to derive the overall tendency of the upper
and lower limits. With the best non-fuzzy performance
(BNP) values determined by the upper and lower limits for
individual time points, the forecasting performance of the
proposed interval models was verified using actual energy
demand data. The results showed that the proposed interval
models with FLNGM(1,1) performed well compared to
other interval grey prediction models.

The remainder of the paper is organized as follows.
Section 2 introduces nonlinear interval regression analysis
using NNs, and Sect. 3 demonstrates the GM(1,1) and
FLNGM(1,1) models. Then, in Sect. 4 we present our
proposed grey-prediction-based NIMs. Section 5 examines
the prediction accuracy of the proposed models using real
cases of energy demand. Finally, Sect. 6 discusses the
outcomes and presents conclusions.

2 Nonlinear interval regression analysis
using NNs

A flow chart of the proposed grey-prediction-based NIMs
is shown in Fig. 1. To build the proposed model, the first
step was to find the interval data for model fitting using
nonlinear interval regression with NNs. This was followed
by the development of nonlinear models, consisting of
upper and lower grey models (UGM and LGM), with grey
prediction from the GM(1,1) and FLNGM(1,1). The BNP
value was then determined for each time point.

In view of the capability of NNs for nonlinear regres-
sion, Ishibuchi and Tanaka (1992) employed two multi-
layer perceptrons (MLPs), NN,, and NN,, to enhance the
usefulness of interval regression analysis, where NN, and
NN;, are involved in determining the upper and lower limits
of an NIM, respectively. The principle of this approach is
that an NIM can be derived from two NNs. The mathe-
matical formulations in this section are based on those in
Ishibuchi and Tanaka (1992).
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2.1 Interval regression analysis

Let an original data sequence x© = (x§0>,x§0),...,x£,0)) be
provided by one system consisting of n samples, and d,
denote the desired output at the p-th time point denoted by
t, (p = 1, 2,..., n). In consequence, (¢, d,), (t2, d»),..., and
(., d,,) constitute a model-fitting dataset for NN,, and NN/,
where (1,,, d;,) is the p-th input—output pattern at z,. Also, let
gu(t) and g;(¢) be the output functions corresponding to ¢
from NN,, and NN, respectively. A nonlinear optimization
problem is formulated to determine a NIM as follows:

Minimize (g,(t1) — g1(t1)) + (gu(t2) — g1(2)) + ...
+ (gu(tn) - gl(tn)) (1)

subject to g1(t,) < d, < gu(ty), p = 1,2,...,n. (2)

The objective of the above formulation is to determine
the NIM with the least sum of the widths of the predicted
intervals subject to the condition that the estimated data
interval includes all the given input—output pairs.

2.2 Determining upper and lower limits

The following cost function E, with weighting scheme w,,,,
is used to determine g,(¢):
E“ = Ziwpu(dp - g“(tp)) (3)

p=1

where w,,, is defined as

1ifd, > g,(t,)
_ a, P
Wpy = {w,ifdpﬁgu(f,,)' (4)

To determine g;(¢), the cost function E; is defined as

n 1 2
Ei=_30n0p = 8i(4) (5)
=
where weighting scheme w,, is defined as
Lifd, <gi(1,)
Oy = {w?ifdp >gl1,) (6)

and where o is a small positive value in the interval (0,
1). The data interval determined by the two NNs approx-
imately includes all the given data. For simplicity, we here
omit the back-propagation (BP) learning algorithms
derived by gradient descent to determine g,(¢) and g;(¢).

For an NN-based NIM (NN-NIM), the BNP value for

x/({o) is viewed as a representative point denoted by g(z,)
between two borders. Thus, g(z,) can be the centre of both

limits (Sun et al. 2016):
g(t) = 1/2(gu(ty) + &1(1,)),p = 1,2,....,n. (7)

3 GM(1,1) and FLNGM(1,1)

This section briefly introduces the GM(l,1) and
FLNGM(1,1). The mathematical formulations in Sects. 3.1
and 3.2 are based on those in Liu et al. (2017) and Hu
(2017), respectively.
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3.1 GM(1,1)

The main computational steps to construct a GM(1,1)
model include the following: computing the accumulated
generating operation (AGO), determining the developing
coefficient and control variable, and computing of the
inverse accumulated generating operation (IAGO). Ini-
tially, a new sequence, x( = (xgl),xgl),...,xﬁ,l)), can be

generated from x(¥) by the AGO as follows:

k
x,(:):Zx,((O),k:l,Z,...,n (8)
J=1
and x(ll),xgl),...,xﬁll) can then be approximated by a first-
order differential equation,
dx(D
TV =b (9)

where a and b are the developing coefficient and control

variable, respectively.

(1)

The predicted value for x; ’ is obtained by solving the

differential equation with the initial condition xgl) = x%o):

0 _ (0 P awen) b 10
X (xl a)e t (10)

a and b can then be estimated by means of the grey
difference equations:

A4 eV = b k=23, .n (11)
where Z,(Cl) is defined as
g = ay + (1—a)x?, (12)

where the interpolation coefficient o is usually specified as
0.5. a and b can be obtained using the ordinary least
squares (OLS):

la,b]" = (B"B) 'BTy (13)
where
—z(21> 1
po |1 (14)
I
and
y= 2 10 x0T, (15)

Using the TAGO, the predicted value of x,io) is
i =8 i) k=23, n (16)

Therefore,
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9 holds.

Let x,({o) denote the predicted value of x,(co). The mean
absolute percentage error (MAPE), which can be treated as
the benchmark to evaluate the prediction performance (Lee
and Shih, 2011; Makridakis, 1993), is formulated as

‘ 0 _ 10

Note that )2(11) = )2(1

1 Yoo — M
MAPE = > G % 100%. (18)
k=1..n Xy
Here x;((o) is equal to )E,(CO).

Further, both the quasi-smoothness condition and the
quasi-exponential law can be used to verify whether the
GM(1,1) and its variants can be built on a generating
sequence. For x!), p, is defined as

<0

Pr = W, K = 2, 3, ey N (19)
Xi—1

x) satisfies the quasi-smoothness condition when pj.

€ [0, 0.5) (k > 3). Then, oy is defined as
(1)

k

%=y
k-1

k=2.3,...,n. (20)

x1) satisfies the quasi-exponential law when oy € [J1,
0,] (k > 3), where 6, — 6, = 0.5.

3.2 FLNGM(1,1)

To construct the FLNGM(1,1) model, the original GM(1,1)
model is constructed first, followed by the residual

GM(1,1) model. Let £ = (&), &”...., &) denote the
sequence of absolute residual values, where

81({0) = ’x,(co) —)6,(60) k=2,3,.

Co . (21)

Using the same construction as the original GM(1,1)

model, a residual model can be established for 8(0), and the

predicted residual of 81<(O> is

0 a0 b
O = (1—ev) (=25

a

e k=) k=34 . .n (22)

where a, and b, are the developing coefficient and the
control variable, respectively.

Let w; (j =1, 2,..., 5) be the connection weights, and 0
be the bias to the output node. By presenting an enhanced
pattern, (k, sin(wk), cos(wk), sin(2mk), cos(2mk)) with
respect to x,((o)
value yy is

, to the FLN, the corresponding actual output
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yr = tanh(wik + wysin(nk) + wscos(nk) + wysin(27k)
+ wscos(2nk) + 0)

(23)

where — 1 <y, <1,
tangent function,

and tanh denotes the hyperbolic

el — 2

e +e

tan(z) = (24)

Based on the concept of three-sigma limits (Mont-

gomery 2005), the predicted value f,ﬂ‘SEN by the
FLNGM(1,1) model is formulated as follows:

«0) _ A(0)

XN = X

+30d” k=2,3,..n (25)

where 3 é,(co) refers to the data within the three residuals

(0)

from x, and represents the tolerable maximum range for

modifying %, xk Hu (2017) used a genetic algorithm (GA) to
determine the parameter specifications of an FLN to con-
struct an FLNGM(1,1) model with high prediction accu-
racy. The reciprocal of the MAPE with x;(O) = )E,({(F?EN is used
as the fitness function.

In particular, since six-sigma limits have been widely
applied to quality management (Harry and Schroeder
2006), this inspired us to incorporate sigma between three

and six into the rule of producing )E,E(F)ZN as

)E,E(QEN = )f,(co) = syks(o) k=2,3,.. (26)

where s is an adjustment coefficient such that s = 3, 4, 5, 6.
The effect of this new updating rule on the prediction
accuracy was examined in an empirical study, as described
in Sect. 5.

4 The proposed grey-prediction-based NIMs

After training NN,, and NN,, two new data sequences were
created: X,S) by NN, and X[( ) by NN, for the upper and

lower limits, respectlvely, where xu = (gu(t1),8u(ty),.
gult,)) = (@3 o, "= (aun).i(t)...

af(t,) = (xg(i),xlz, : xln) As a result, the estimation of
each available sample was automatically extended from a
single point to an interval. Sections 4.1 and 4.2 describe the
construction of the proposed GM-NIM and FLNGM-NIM,
respectively. Section 4.3 describes our evaluation of the

prediction accuracy.

Xu n) and x,

4.1 Constructing the GM-NIM

To predict the tendency of g,(f), a GM(1,1) model called
“uapper GM(1,1)” (UGM(1,1)) was constructed using X,(,O)

such that the predicted value of xff,i is

b,
A0 = (1—e) <xu°f——) el k=23,
’ Tooay
(27)
The other GM(1,1) model called “lower GM(1,1)”

(0)

(LGM(1,1)) was constructed using x; ’ to predict the ten-

dency of g;(¢) such that the predicted value of ng,)c) is

b
Ay = (1-¢f) (ﬁﬁ)—aj) e k=23 .n  (28)

Notably, UGM(1,1) and LGM(1,1) constitute the GM-
NIM. The BNP value )Z,(CO) for x,(co) can be formulated as:

A= PE) i k=1,2,..n (29)

4.2 Constructing the FLNGM-NIM

In contrast to the GM-NIM, the FLNGM-NIM comprises
two FLNGM(1,1) models: one is a kind of UGM, the upper
FLNGM(1,1) (UFLNGM(1,1)); the other is a kind of LGM,
the lower FLNGM(1,1) (LFLNGM(1,1)). The predicted
value )Ei?ZF[_N with respect to x&o) by the UFLNGM(1,1) is
derived as follows:

~(0) ~(0) £0)

xkFLN_xuk+syukukak:2737"'7n (30)
where — 1 <y, < 1, and éff,z is
;0 tuoy (O Puey a ey,
uk_ (1_6 )(8u2 —)6 7k_3747"~7n
Aye
(31)

For x; ) the predicted value xl k)FLN by the LFLNGM(1,1)
is as follows:

A = 8 + sy &9 k=2,3,..,n (32)

where — 1 < y;x < 1, and 55(/)3 is

@) e k=34,...n (33)

aje

a0 = (1—e) (g3~

Therefore, UFLNGM(1,1) and LFLNGM(1,1) constitute

the FLNGM-NIM. The BNP value £, for x” can be
formulated as:

xkFLN = 1/2( kFLN +x§k)FLN) k= L,2,...,n. (34)

@ Springer
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5 Experiments

Experiments were conducted using real datasets to com-
pare the energy demand forecasting capability of the pro-
posed grey-prediction-based NIMs to that of other interval
grey prediction models. To evaluate the prediction accu-
racy of an interval model, the MAPE in Sect. 3.1 was taken

into account by replacing x;c(()) with the BNP value with

respect to x,((()) .

5.1 Parameter settings

Two kinds of parameters are addressed for the proposed
interval models: one is the parameters that can be auto-
matically determined by learning algorithms including
a and b in GM(1,1) and connection weights in FLN, the
other is the hyper-parameters used to control the learning
process (Kunche and Reddy 2016), including the adjust-
ment coefficient in the rule of producing new forecasts,
learning rate and configuration of NNs (the number of
hidden units and the number of hidden layers), and GA
parameters.

Since it is reasonable to tune these hyper-parameters by
following the suggestions of the related studies, the hyper-
parameters involving the construction of the proposed
NIMs are given as follows:

(1) In terms of NNs, this study followed parameter
settings and the network architecture mentioned in
Ishibuchi and Tanaka (1992). The reason is that the
construction of NIMs using two MLPs is the
foundation of this study. It turns out that we assigned
0.25 and 0.9 to the learning and momentum rates,
respectively, and used 10,000 iterations to train an
MLP with an incremental mode. Besides, an MLP
had a single input, five hidden units, a single output,
and one hidden layer.

(2)  As for the GA parameters involving the construction
of the FLNGM(1,1), as suggested by Hu (2017), we
assigned 1000, 200, 0.7, and 0.01 to the number of
generations, population size, crossover, and mutation
probabilities, respectively.

(3) About the adjustment coefficient, we examined how
s in the new updating rule influences the forecasting
accuracy of the proposed FLNGM-NIM. Figures 2
and 3 depict the MAPEs of the proposed FLNGM-
NIM for model fitting and ex post testing, respec-
tively. Figure 2 indicates that the prediction accuracy
for model fitting was not sensitive to s. We can see
that the MAPE trended down with an increase in
s. Even though Fig. 3 shows that s has a certain
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impact on the prediction accuracy in ex post testing,
especially with regard to the total energy demand in
China, this did not seem to be a serious problem. For
each dataset, the proposed FLNGM-NIM with the
smallest MAPE for model fitting was used as a
comparison with the other prediction models. There-
fore, the proposed FLNGM-NIM with s=15
(MAPE = 4.32), 6 (MAPE = 2.56), and 6 (MAPE =

1.52) were considered for predictions of the elec-
tricity demand in China, energy demand in China,
and energy demand in Taiwan, respectively.

Altogether, the settings of hyper-parameters are not a
serious problem for the construction of the proposed NIM:s.

5.2 Considered interval grey prediction models

Besides NN-NIM, the considered interval grey prediction
models including IGNPM (Zeng et al. 2010), GGMM(1,1)
(Shih et al. 2011), and IZNGBM(1,1) (Chen et al. 2019) are
briefly described below. The mathematical formulations in
this section are based on those shown in the corresponding
studies. It is noted that IGNPM and GGMM(1,1) are free of
hyper-parameters, because they simply apply the OLS to
derive the required parameters. Despite that the I-
NGBM(1,1) optimized interpolation coefficient, develop-
ing coefficient, and control variable, it is free of hyper-
parameters as well. As mentioned above, the NN-NIM is
constructed by applying the BP algorithm to optimize
connection weights of MLPs with the specification for the
values of several hyper-parameters.

(1) IGNPM: The principle of the IGNPM is that

estimating the upper ()Efff , )Eff%,..., )ES,),;) and lower

()EE?, 32502),..., 35;21)) limits can be determined by
several grey number layers and the middle point of
each grey number layer’s middle position line. The

area of the k-th grey number layer s,(€0> is defined as
(0) (0) (0) (0)
0 _ Muk = Xk T Xkt ~ Mk 35
Sk 2 N ( )
A GM(1,1) can be set up using the sequence
(s(l()),sgo),...,sflo_)l) where sﬁo> is defined as
by

sio) = (l—e%) (s(lo)—;) e D k=23 ,n—1.

(36)

(0)

A formulation with respect to A<0,2 — X;; can then be

u7
further derived as
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Fig. 2 MAPE of the FLNGM-
NIM with different adjustment
coefficients for model fitting
® China electricity

® China energy

= Taiwan energy

Fig. 3 MAPE of the FLNGM- 35
NIM with different adjustment

coefficients for ex post testing

= China electricity

® China energy

= Taiwan energy

(37)
The middle point w,EO) of the k-th grey number layer’s
middle position line is defined as

0 0 0 0
0 _ xt(”Z + xl(’k) + 'xla,]z-kl + xl(,k)-H

wy )
Subsequently, the sequence (w§°>,w§0),...,wffi)1) is used
to construct a GM(1,1) such that W,EO) is defined as

by,
MyemakD k=23 n—1.

Ay

(38)

~(0 a 0
W = (1—e™) (¥ -

(39)
A formulation with respect to )2540,2 + )21(33 can then be
further derived as

41— em)w” — e (1 - (—e) )

Ay

14 e

+

0 0
(D ) +x9).

u,
(40)
Thus, )61(40,2 and )ng,)() can be obtained using both )Eff),z - )6533

( +(0) ) (0)

and X 0 + Xx;,/. In particular, both x;;” and x enerated
uk Lk p TS

from two MLPs are used to construct IGNPM as well,
because IGNPM required available sequences to be inter-
val-valued.

(2) GGMM(l1,1): For a sequence xf,?)z (xf,?),x(o)

O .
) = G ) (I =m<n=3),
(0) (0)

ma s replaced with xf,l) to obtain )En?, ¢ to capture
the latest tendency (Dang et al. 2004):

o a bm —apu(k—n
ok = (1=et) () =2y emenlion) &

m7
m

=23,...n—m+ 1.

X

(41)
Since there are m different sequences, )EE,O,Z and ae§f,’3 are
defined as

A0 A0
f = max {5} (42)
A0 A0
A = max {(£}} (43)

where r = min{k, m}. In particular, a,, and b,, are estimated
by a grey difference equation:

S,?}c + amz,(cl) = by

X (44)

(1)

where z;’ is defined as
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(0) (0)y2
(1) _ X m_ ()
7 = kx(o)—kxk N RO (45)
In 5 e~ X1
X1

The BNP values for IGNPM and GGMM(1,1) are the
same as those for the GM-NIM.

(3) I-NGBM(1,1): A linear regression line is created by

xgo),xgo),...,xﬁlo), and they are then separated into two
sequences. Those data whose residuals are positive
form the upper wrapping sequence
xl(l(,)) = (xi??l ,xi?’)z,...,x,s(/)yll ), and the other data consti-
tute the lower wrapping sequence
x§,°> = (x}f?i,x}?%,...,x}fzz), where n; + n, = n. A lin-

ear regression line u, (=1, 2,...), generated by
)Ef,(,)")z,)él(f,)_é,. . .,)6,(;,)’),“ obtained from the GM(1,1) model,
can be used to estimate the upper limits. Likewise,
)EE,O %,)2,(,0%)6[(,0}12 can be used to generate a linear
regression line /, to estimate the lower limits. It turns
out that u, and [, constitute the -NGBM(1,1). The I-
NGBM(1,1) can be set up with the optimized
NGBM(1,1), a variant of GM(1,1) (Wang et al.

(2011). The BNP value f; for x,(c(n can be formulated
as

fk: 1/2(lk+uk),k:1’2,...,n. (46)

5.3 Applications to energy demand forecasting
5.3.1 Data description

Three real cases of energy demand were considered in the
empirical study. The first and second experiments (Cases I
and II) were conducted based on historical annual elec-
tricity and energy demand in China, using data from the
China Statistical Yearbook, 2017. The third experiment
(Case IIT) was conducted based on historical annual energy
demand in Taiwan, using data from the Taiwan Energy
Bureau. In each case, data from 2001 to 2012 were used for
model fitting, and data from 2013 and 2014 were used for
ex post testing.

China is very iconic because it uses the most energy in
Asia. Because of global warming, China’s energy policy
not only impacts China’s own sustainable development, but
it also hugely influences the global energy distribution.
China’s 13th Five-Year Plan (FYP) for the development of
energy was released by the Chinese National Energy
Administration in 2017, and it reflected China’s determi-
nation to overcome environmental problems, such as car-
bon emission, resulting from economic growth and
increasing energy demand. Energy consumption in China
has been mainly satisfied by fossil fuels (National Bureau
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of Statistics of China 2016). However, the 13th FYP
anticipates primary energy consumption derived from coal
decreasing from its current proportion of 62% to 58%.
Undoubtedly, energy demand prediction plays a significant
role in devising energy development plans for China.
With the horizontal axis denoting the serial number of
each sample, the results of the quasi-smoothness condition

and quasi-exponential law are shown in Figs. 4, 5 and 6.

For x(1), Xf,l), and XEI) in each case, we can see that only p3

was slightly greater than 0.5, such that the quasi-smooth-
ness condition was almost satisfied. Furthermore, the quasi-
exponential law was almost met. Therefore, it was appro-
priate to apply the GM(1,1) and its variants to work on the
generating sequences in each case.

5.3.2 Case I: Electricity demand of China

The forecasting results obtained from the different pre-
diction models for China’s historical annual electricity
demand are summarized in Tables 1 and 2. The real data
are shown in the column titled “Actual”. Table 1 shows
that the MAPEs of NN-NIM, GM-NIM, IGNPM,
GGMM(1,1), I-NGBM(1,1), and FLNGM-NIM for model
fitting were 5.00, 7.16, 9.32, 4.98, 11.48, and 6.43%,
respectively. In ex post testing, the MAPEs of NN-NIM,
GM-NIM, IGNPM, GGMM(l,1), I-NGBM(1,1), and
FLNGM-NIM were 5.92, 8.69, 8.09, 2.70, 5.41, and 2.46%,
respectively. Table 2 summarizes the predictive accuracy
obtained by applying the point forecasting models includ-
ing MLP, the GM(l,1), the autoregressive integrated
moving average (ARIMA), and the FLNGM(1,1) to the
original data sequence.

The results presented in Tables 1 and 2 show that the
FLNGM(1,1) outperformed the other prediction models
considered for model fitting. Furthermore, the FLNGM-
NIM was superior to the other grey prediction models
considered for ex post testing. Although the FLNGM-NIM
was slightly inferior to the FLNGM(1,1) for model fitting,
ex post testing is the primary norm used to examine the
predictive power of a forecasting model.

Table 2 includes the results obtained by the simple
linear regression (SLR) as well. We can see that the SLR
performed well and outperformed the other prediction
models considered for ex post testing. It was found that the
t-statistics of the regression coefficient (year) is 20.79
which is highly significant at the 5% level. However, a
nonstationary series can give rise to the spurious regression
(Montgomery et al. 2008). That is, the results obtained by
the SLR become meaningless statistically for a nonsta-
tionary series. In Cases II and III, the results obtained by
the SLR still have the problem with spurious regression.
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5.3.3 Case lI: Total energy demand of China

The forecasting results obtained from the different pre-
diction models for China’s total energy consumption are
summarized in Tables 3 and 4. Table 3 shows the MAPEs
of the different NIMs. The MAPEs of the NN-NIM, GM-
NIM, IGNPM, GGMM(1,1), I-NGBM(1,1), and FLNGM-

NIM for model fitting were 2.14, 4.78, 8.12, 8.88, 4.49, and
2.56%, respectively. In ex post testing, the MAPEs of NN-
NIM, GM-NIM, IGNPM, GGMM(1,1), I-NGBM(1,1), and
FLNGM-NIM were 3.23%, 8.74%, 9.80%, 4.51%, 3.27%,
and 1.01%, respectively. Table 4 shows the forecasting
results obtained by applying MLP, ARIMA, GM(1,1), and
FLNGM(1,1) to the original data sequence.
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Table 1 Prediction accuracy obtained by different interval models for China electricity demand (unit:

100 million kWh)

Year Actual NN-NIM GM-NIM IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-NIM

Forecast ~APE Forecast APE  Forecast APE  Forecast APE  Forecast APE  Forecast APE
2001 14,633.46 14,300.67 2.27 14,300.67 227 16,390.77 12.01 14,633.46 0.00 17,480.72 19.46 14,300.67 2.27
2002 16,331.45 16,8963 346 19,918.03 21.96 16,896.3 346 17,100.29 471 20,267.14 24.10 16,961.64 3.86
2003 19,031.60 19,869.09 440 2191441 15.15 24,537.58 2893 20,285.82 6.59 23,053.57 21.13 21,264.71 11.73
2004 21,971.38 23,127.66 526 24,112.97 9.75 21,084.28 4.04 2226795 135 25,840 17.61 23,304.19 6.07
2005 24,940.32  26,568.33 6.53 26,534.39 6.39 29,148.86 16.87 23,979.10 3.85 28,626.43 14.78 25,844.27 3.62
2006 28,587.97 30,087.24 524 29,201.5 2.15 26,161.65 849 26,167.56 847 31,412.86 9.88 28,675.50 0.31
2007 37,211.80 33,590.06 9.73 32,139.49 13.63 34,739.44 6.64 31,033.86 16.60 34,199.29 8.10 31,792.50 14.56
2008 34,541.35 36,997.67 7.11 35376.16 242 3231731 644 35,095.77 1.61 3698572 7.08 35,069.15 1.53
2009 37,032.14 40,248.17 8.68 38,942.18 5.16 41,517.28 12.11 36,746.24  0.77 39,772.15 7.40 38,477.49 3.90
2010 41,934.49 4329646 3.25 42,871.42 2.23 39,780.23 5.14 39,54596 5.70 42,558.57 149 41,983.04 0.12
2011 47,000.88 46,112.69 1.89 47,201.26 0.43 49,734.53 582 43,678.58 7.07 45,345 3.52 45,569.75 3.04
2012 49,762.64 48,680.08 2.18 51,972.95 4.44 48,828.04 1.88 48,243.27 3.05 48,131.43 328 4935145 0.83
MAPE 5.00 7.16 9.32 4.98 11.48 4.32
2013 54,203.41 50,992.52 592 57,232.05 5.59 59,696.86 10.13 53,06490 2.10 50917.86 6.06 53,707.08 0.92
2014 56,383.69 53,052.18 591 63,028.87 11.79 59,797.33  6.05 58,246.18 3.30 53,704.29 475 58,639.40 4.00
MAPE 5.92 8.69 8.09 2.70 541 2.46
Table 2 Prediction accuracy obtained by point forecasting models for China electricity demand (unit: 100 million kWh)
Year Actual MLP ARIMA GM(1,1) FLNGM(1,1) LR

Forecast APE Forecast APE Forecast APE Forecast APE Forecast APE

2001 14,633.46 16,398.85 12.06 14,633.46 0.00 14,633.46 0.00 14,633.46 0.00 13,091.30 10.54
2002 16,331.45 17,533.93 7.36 14,937.32 8.54 18,481.63 13.17 16,297.24 0.21 16,362.27 0.19
2003 19,031.60 19,207.48 0.92 18,984.30 0.25 20,423.29 7.31 18,832.58 1.05 19,633.24 3.16
2004 21,971.38 21,518.08 2.06 22,888.61 4.17 22,568.94 2.72 21,733.65 1.08 22,904.20 4.25
2005 24,940.32 24,483.08 1.83 26,655.28 6.88 24.940.00 0.00 25,027.63 0.35 26,175.17 4.95
2006 28,587.97 28,004.94 2.04 30,289.16 5.95 27,560.17 3.60 28,482.36 0.37 29,446.14 3.00
2007 37,211.80 31,880.39 14.33 33,794.93 9.18 30,455.61 18.16 31,923.40 14.21 32,717.11 12.08
2008 34,541.35 35,855.23 3.80 37,177.11 7.63 33,655.24 2.57 35,316.92 2.25 35,988.08 4.19
2009 37,032.14 39,694.69 7.19 40,440.06 6.61 37,191.02 0.43 38,720.22 4.56 39,259.04 6.01
2010 41,934.49 43,231.85 3.09 43,587.98 3.94 41,098.26 1.99 42211.10 0.66 42,530.01 1.42
2011 47,000.88 46,379.42 1.32 46,624.93 0.80 45,415.99 3.37 45,941.81 2.25 45,800.98 2.55
2012 49,762.64 49,114.49 1.30 49,554.81 0.42 50,187.34 0.85 50,241.02 0.96 49,071.95 1.39
MAPE 4.78 4.53 4.51 2.33 4.48
2013 54,203.41 51,454.11 5.07 52,381.41 3.36 55,459.96 2.32 55,406.60 222 52,342.91 343
2014 56,383.69 53,434.01 5.23 55,108.35 2.26 61,286.52 8.70 61,445.34 8.98 55,613.88 1.37
MAPE 5.15 2.81 5.51 5.60 2.40

Tables 3 and 4 show that the results obtained using the
NN were better than those obtained using the other pre-
diction models considered for model fitting, and that the
proposed FLNGM-NIM was superior to the other predic-
tion models considered for ex post testing. Table 4 also
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includes the results obtained by the SLR with the highly
significant 7-statistics with respect to the year (29.24) at the

5% level.
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Table 3 Prediction accuracy obtained by different interval models for China energy demand (unit: 10.* TCE)
Year Actual NN-NIM GM-NIM IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-NIM

Forecast APE  Forecast APE  Forecast APE  Forecast APE  Forecast APE  Predicted APE
2001 155,547 155,192.3 0.23 155,1923 023 155,192.3  0.23 155,547.0 0.00 176,110.3 13.22 155,192.3 0.23
2002 169,577 179,166.6 5.66 204,220.9 2043 179,166.6 5.66 181,873.0 7.25 196,836 16.07 179,055.6 5.59
2003 197,083 204,882.3 396 219,078.6 11.16 245988.9 24.81 205972.0 451 217,561.8 1039 214,854.1 9.02
2004 230,281 231,240.3 042 235,017.6 2.06 210,298.1 8.68 226,111.9 1.81 238,287.6 348 2348166 1.97
2005 261,369 257,237.5 1.58 252,116.6 3.54 279,400 6.90 237,579.5 9.10 259,013.4 090 257,3594 1.53
2006 286,467 282,082.5 1.53 270,460.1 5.59 246,155.6 14.07 243,364.6 15.05 279,739.1 2.35 280,511.9 2.08
2007 311,442 305,239.6 199 290,138.5 6.84 317,883.1 2.07 238,889.8 23.30 300,464.9 352 3029325 273
2008 320,611 326,413.2 1.81 311,249.1 292 287,456.7 10.34 202,225.8 36.92 321,190.7 0.18 3243660 1.17
2009 336,126 345,4984 279 333,896.3 0.66 362,2084  7.76 330,565.5 1.65 341916.5 1.72  344,537.6 2.50
2010 360,648 362,525.4 0.52 358,191.7 0.68 335,027.6 7.10 349,8859 298 362,642.2 0.55 363,172.1 0.70
2011 387,043 377,609.6 244 384,255.5 0.72 413,262.7  6.77 374269.3  3.30 383,368 0.95 380,334.6 1.73
2012 402,138 390,914.0 2.79 4122164 251 389,820.3 3.06 399,611.6 0.63 404,093.8 049 396,2704 1.46
MAPE 2.14 4.78 8.12 8.88 4.49 2.56
2013 416,913 402,622.7 343 4422125 6.07 472,067.4 13.23 426,246.3 224 424819.5 1.90 412,051.7 1.17
2014 425,806 412,923.8 3.03 474,392.0 1141 4529309 6.37 454,703.4 6.79 4455453 4.64 429,438.7 0.85
MAPE 3.23 8.73 9.80 4.51 3.27 1.01
Table 4 Prediction accuracy obtained by point forecasting models for China energy demand (unit: 10.* TCE)
Year Actual MLP ARIMA GM(1,1) FLNGM(1,1) LR

Forecast APE Forecast APE Forecast APE Forecast APE Forecast APE

2001 155,547 153,991.4 1.00 155,547.0 0.00 155,547 0.00 155,547.0 0.00 158,965.3 2.20
2002 169,577 174,080.0 2.66 165,288.4 2.53 199,729.7 17.78 171,845.2 1.34 181,855.4 7.24
2003 197,083 199,580.0 1.27 176,837.9 10.27 215,113.7 9.15 205,310.2 4.17 204,745.6 3.89
2004 230,281 227,262.3 1.31 189,194.4 17.84 231,682.7 0.61 224,675.2 243 227,635.7 1.15
2005 261,369 253,609.9 2.97 202,414.3 22.56 249,527.8 4.53 244,595.4 6.42 250,525.8 4.15
2006 286,467 277,251.0 3.22 216,557.9 24.40 268,747.4 6.19 266,787.4 6.87 273,415.9 4.56
2007 311,442 298,977.4 4.00 231,689.8 25.61 289,447.4 7.06 288,855.8 7.25 296,306.1 4.86
2008 320,611 320,261.7 0.11 247,879.0 22.69 311,741.8 2.77 311,139.2 2.95 319,196.2 0.44
2009 336,126 342,082.6 1.77 265,199.5 21.10 335,753.4 0.11 334,025.6 0.62 342,086.3 1.77
2010 360,648 364,493.4 1.07 283,730.2 21.33 361,614.5 0.27 357,940.6 0.75 364,976.4 1.20
2011 387,043 386,718.4 0.08 303,555.7 21.57 389,467.5 0.63 383,719.8 0.86 387,866.6 0.21
2012 402,138 407,554.8 1.35 324,766.6 19.24 419,465.9 4.31 411,508.0 2.33 410,756.7 2.14
MAPE 1.73 17.43 4.45 3.00 2.82
2013 416,913 425,857.6 2.15 347,459.5 16.66 451,774.8 8.36 441,824.7 5.98 433,646.8 4.01
2014 425,806 440,879.5 3.54 371,738.1 12.70 486,572.3 14.27 475,173.2 11.59 456,536.9 7.22
MAPE 2.84 14.68 11.32 8.78 5.62
5.3.4 Case lll: Energy demand of Taiwan the NN-NIM, GM-NIM, IGNPM, GGMM(l,I),

The forecasting results obtained from the different pre-
diction models are summarized in Tables 5 and 6. Table 5
shows the MAPEs of the different NIMs. The MAPEs of

I-NGBM(1,1), and FLNGM-NIM for model fitting were
1.47, 2.06, 4.07, 3.83, 2.55, and 1.52%, respectively. In ex
post testing, the MAPEs of NN-NIM, GM-NIM, IGNPM,
GGMM(1,1), I-NGBM(1,1), and FLNGM-NIM were 3.58,
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Table 5 Prediction accuracy obtained by different interval models for Taiwan energy demand (unit: 10.* KLOE)
Year Actual NN-NIM GM-NIM IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-NIM

Forecast APE  Forecast APE  Forecast APE  Forecast APE  Forecast APE  Forecast APE
2001 91,333.4 92,222.6 0.97 92,222.6 0.97 92,222.6 0.97 91,3334 0.00 98,075.8 7.38 92,222.6 0.97
2002 95,385.9 96,9779 1.67 101,567.3 6.48 96,9779 6.48 97,4634 218  99,653.7 4.47 97,293.0 2.00
2003 99,252.5 100,972.1 1.73 102,859.1 3.63 107,376.6 3.63 100,689.8 1.45 101,231.6 199 102,674.8 3.45
2004 103,553.3 104,180.7 0.61 104,167.4 0.59 99,487.7 0.59 104,2983  0.72 102,809.4 0.72 104,082.3 0.51
2005 105,700.9 106,626.1 0.88 105,492.3 0.20 1099172 0.20 106,626.8 0.88 104,387.3 1.24 105,739.0 0.04
2006 107,773.8 108,398.4 0.58 106,834.2 0.87 102,059.5 0.87 109,862.2 1.94 1059652 1.68 107,027.0 0.69
2007 113,024.6  109,638.7 3.00 108,193.1 4.27 112,520.6 4.27 110,826.3 1.95 107,543.1 4.85 108,561.3 3.95
2008 109,819.2 110,493.4 0.61 109,569.4 0.23 104,694.8 0.23 106,287.3 3.22 109,121.0 0.64 109,684.5 0.12
2009 107,677 111,082.4 3.16 110,963.3 3.05 115,1884 3.05 100,195.6 695 110,6989 2.81 1109199 3.01
2010 114,368 111,4924 251 1123749 1.74 1073953 1.74 143,562.3 2553 1122768 1.83 111,582.0 2.44
2011 113,105.3 111,781.6 1.17 113,804.6 0.62 117,922.0 0.62 1132446 0.12 113,8547 0.66 112,783.4 0.28
2012 112,870.8 111,988.6 0.78 1152525 2.11 110,162.6 2.11 1140432 1.04 1154326 227 113,733.0 0.76
MAPE 1.47 2.06 4.07 3.83 2.55 1.52
2013 115,893.7 112,138.8 3.24 116,718.8 0.71 120,723.2 4.17 1145534 1.16 117,010.5 096 115,153.0 0.64
2014 116,826.5 112,249.1 3.92 11822039 1.18 112,998.2 328 115,079.3 1.50 118,588.3 1.51 116,136.7 0.59
MAPE 3.58 0.95 3.73 1.33 1.23 0.62
Table 6 Prediction accuracy obtained by point forecasting models for Taiwan energy demand (unit: 10.* KLOE)
Year Actual MLP ARIMA GM(1,1) FLNGM(1,1) LR

Forecast APE Forecast APE Forecast APE Forecast APE Forecast APE

2001 91,333.4 92,243.1 1.00 91,333.4 4.24 91,333.4 0.00 91,333.4 0.00 95,762.7 4.85
2002 95,385.9 94,827.3 0.59 95,203.1 4.60 100,267.5 5.12 95,373.6 0.01 97,652.3 2.38
2003 99,252.5 99,289.9 0.04 99,774.9 4.03 101,798.4 2.57 100,707.4 1.47 99,541.9 0.29
2004 103,553.3 103,431.8 0.12 103,256.6 227 103,352.8 0.19 103,386.4 0.16 101,431.5 2.05
2005 105,700.9 106,385.7 0.65 105,907.9 2.11 104,930.8 0.73 105,760.3 0.06 103,321.0 225
2006 107,773.8 108,411.0 0.59 107,927.1 1.57 106,533.0 1.15 107,746.0 0.03 105,210.6 2.38
2007 113,024.6 109,834.3 2.82 109,464.7 2.11 108,159.6 4.30 109,331.4 3.27 107,100.2 5.24
2008 109,819.2 110,865.3 0.95 110,635.7 1.56 109,811.1 0.01 110,512.3 0.63 108,989.8 0.76
2009 107,677 111,630.7 3.67 111,527.4 421 111,487.7 3.54 111,319.5 3.38 110,879.3 297
2010 114,368 112,208.7 1.89 112,206.5 1.44 113,190.0 1.03 111,880.9 2.17 112,768.9 1.40
2011 113,105.3 112,649.6 0.40 112,723.6 0.01 114,918.3 1.60 112,416.1 0.61 114,658.5 1.37
2012 112,870.8 112,987.4 0.10 113,117.5 0.48 116,672.9 3.37 113,133.8 0.23 116,548.1 3.26
MAPE 1.07 7.16 1.97 1.00 243
2013 115,893.7 113,145.8 2.37 113,417.4 1.79 118,454.36 221 114,147.6 1.51 118,437.6 2.20
2014 116,826.5 113,302.8 3.02 113,645.8 2.72 120,263.00 2.94 115,479.3 1.15 120,327.2 3.00
MAPE 2.70 2.26 2.58 1.33 2.60

0.95, 3.73, 1.33, 1.23, and 0.62%, respectively. Table 6
shows the forecasting results obtained by applying MLP,
ARIMA, GM(1,1), and FLNGM(1,1) to the original data
sequence.
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Tables 5 and 6 show that the results obtained using the
FLNGM(1,1) were better than those obtained using the
other prediction models considered for model fitting, and
that the proposed FLNGM-NIM and GM-NIM were
superior to the other prediction models considered for ex
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post testing. Also, the results obtained by the SLR with the
highly significant #-statistics with respect to the year (6.94)
at the 5% level are shown in Table 6. The SLR performed
moderately but the results have the problem arising from
the spurious regression.

5.3.5 Statistical analysis

Figure 7 shows the ex post testing results for different
prediction models. We employed the nonparametric
Friedman test, recommended by Demsar (2006), for sta-
tistical analysis of the interval grey prediction models
considered over the datasets for ex post testing. The dis-
tribution-free Friedman test ranks the prediction models for
each dataset separately, with the best method ranked as 1,
the second best ranked as 2, and so on. Average ranks are
assigned in the case of ties.

Let r; denote the average rank of the j-th model (j = 1,
2,..., 6). With the null hypothesis, (rjy =r, = ... = rg),
statistic F'r distributed according to the F distribution with
ki — 1 and (k; — 1)(k; — 1) degrees of freedom is for-
mulated as follows:

(ky — 1) 72
ky(ky — 1) — 13

where k; and k, are the number of models and the number

Fr= (47)

of data sequences, respectively, and X} is the Friedman
statistic. The average ranks of individual models are shown
in Table 7. Since the Friedman statistic of 10.25 was
greater than the critical value of F(5, 10) = 3.33 at the 5%
level, the null hypothesis was rejected. This means that
there was a significant difference among the interval grey
prediction models considered. From the perspective of
average ranks, the proposed FLNGM-NIM was superior to
the other interval models considered.

Fig. 7 Forecasting performance 16

of different prediction models
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China electricity demand

6 Discussion and conclusions

Energy management is a significant issue for economic
growth and environmental security (Suganthi and Samuel
2012). Because of the uncertain and imprecise nature of the
available energy demand data, interval estimation can be
used to represent these data and provide useful information.
This study used a simplified version of fuzzy regression
analysis (Tanaka, 1987; Tanaka et al. 1982), namely,
interval regression analysis, to provide the interval data.
Because the available energy demand data usually exhibit
nonlinear tendencies, the NN-NIM created by two two-
layer NNs was taken into account.

Energy demand forecasting can be regarded as a grey
system problem (Pi et al. 2010; Suganthi and Samuel,
2012), because factors such as income and population
influence energy demand. As such, the precise manner of
the effect is unclear. Therefore, it is reasonable to apply
grey prediction to energy demand forecasting. Grey pre-
diction models have played an important role in energy
demand prediction, because they require only a few sam-
ples to construct a prediction model, and the samples do
not need to satisfy particular statistical assumptions. Thus,
we combined grey prediction with the interval data esti-
mated by two NNs, namely, the GM(1,1) and FLNGM(1,1)
models, to develop two new NIMs: the GM-NIM and the
FLNGM-NIM. Furthermore, a new updating rule for the
FLNGM-NIM was presented with six-sigma limits. We
found that the MAPE for model fitting and ex post testing
improved when s was greater than three. It is thus rea-
sonable to expect more accurate predictions when s is
appropriately adjusted.

As for the computing time analysis, since the considered
interval grey prediction models are constructing on the
basis of GM(1,1), the total number of GM(1,1) that can be
generated by individual interval models is a basis of
comparing the time complexity.

(1) As far as the construction of a GM(1,1), because
OLS dominates the construction, the time

= GGMM(1,1)

NN ARIMA

China energy demand Taiwan energy demand
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Table 7 Average ranks of

L . Phase Model
individual interval models
NN-NIM GM-NIM  IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-NIM
Average rank  3.67 (r) 4.33 (rp) 5.67 (r3) 3.33 (ry) 3 (rs) 1 (re)

complexity is Q(n3). Since IGNPM, GGMM(1,1),
and I-NGBM(1,1) have to establish two GM(1,1),
nine GM(1,1), and two NGBM(1,1), respectively, the
time complexity of constructing each of them is
o).

(2) Next, the proposed GM-NIM involves training of
two MLPs by the BP algorithm and the establishment
of two GM(1,1) including UGM(1,1) and LGM(1,1).
Let m; and m, denote the number of hidden nodes
and iterations used to train an MLP, respectively.
The time complexity of constructing the GM-NIM
turns out to be Q(n3 + mym,).

(3) Finally, the proposed FLNGM-NIM involves train-
ing of two MLPs, the establishment of two GM(1,1)
and two residual GM(1,1), and the construction of
UFLNGM(1,1) and LFLNGM(1,1) by GA. Let mj3
and m4 denote the number of generations and
population size in GA, respectively. As a result,
compared to the other interval models considered,
the construction of the FLNGM-NIM has a higher
time complexity, Q(n3 + mymy 4+ mzmyn).

Real energy demand data were used to evaluate the
forecasting performance of the proposed GM-NIM and
FLNGM-NIM. The results showed that the proposed
FLNGM-NIM provided satisfactory prediction accuracy,
and that it was superior to the other grey prediction models
considered for ex post testing using energy demand data
from China and Taiwan. In some economies, the FLNGM-
NIM can be helpful to facilitate energy plans. For instance,
almost 98% of Taiwan’s energy is imported, and its cost
reaches 13%—-15% of the gross domestic product. Fur-
thermore, the supply of energy is currently highly

dependent on the importation of fossil fuels, which is the
leading cause of high carbon dioxide emissions.

In addition to the MAPE, a variant of the MAPE by
naive predicted values (MAPEN) can be further used to
evaluate the forecasting capability, formulated as follows:

‘ (0) /) ‘ (0) ,0)
xk — X'k
MAPEN = )~ ((» Iy (48)
k=ny..ny k=ny..ny
where x(10> = x(()0> and )c,(C )1 is treated as the naive predicted

value of x,(( )

In the experiments for model fitting, n; and n,
are 1 and 12, respectively; while n; and n, are 13 and 14,
respectively, for ex post testing. For a prediction model, its
MAPEN is less than one which indicates that using its
predicted values is better than simply using naive predicted
values. The smaller the MAPEN, the better forecasting
capability a prediction model has. From Tables 8, 9 and 10,
we can see that the MAPENs of the proposed FLNGM-
NIM for model fitting and ex post testing were all less than
one. Compared with the other prediction models consid-
ered, the MAPENSs of the proposed FLNGM-NIM for ex
post testing were encouraging.

Additionally, there are some issues that remain for
future study. First, the FLN used the hyperbolic tangent
function, which assumed the additivity property of inter-
action among the individual variables in the enhanced
pattern. Because the criteria are not always independent
(Hu 2009; Jiang et al. 2021; Onisawa et al. 1986; Wang
et al. 2005), we will explore the ability of a non-additive
version of the FLNGM(1,1) to forecast energy demand.
Second, as mentioned above, several factors can influence
predictions. Therefore, we will look into developing

Table 8 MAPEN of different prediction models for China electricity demand

Phase Model
Model fitting NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
0.468 0.670 0.872 0.466 1.074 0.404
NN ARIMA GM(1,1) FLNGM(1,1)
0.447 0.424 0.422 0.218
Ex post testing NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
0.982 1.441 1.342 0.448 0.897 0.408
NN ARIMA GM(1,1) FLNGM(1,1)
0.854 0.466 0914 0.929
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Table 9 MAPEN different prediction models for China energy demand

Phase Model
Model fitting NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
0.285 0.636 1.081 1.182 0.598 0.341
NN ARIMA GM(1,1) FLNGM(1,1)
0.230 2.320 0.592 0.399
Ex post testing NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
1.147 3.100 3.480 1.601 1.161 0.359
NN ARIMA GM(1,1) FLNGM(1,1)
1.008 5.213 4.200 3.118
Table 10 MAPEN different prediction models for Taiwan energy demand
Phase Model
Model fitting NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
0.535 0.750 1.481 1.394 0.928 0.553
NN ARIMA GM(1,1) FLNGM(1,1)
0.389 2.605 0.717 0.364
Ex post testing NN- GM- IGNPM GGMM(1,1) I-NGBM(1,1) FLNGM-
NIM NIM NIM
2.102 0.558 2.190 0.781 0.722 0.364
NN ARIMA GM(1,1) FLNGM(1,1)
1.585 1.327 1.515 0.781
multivariate grey prediction models (MGPMs) by com- Declarations

bining the proposed grey-prediction-based NIMs with the
GM(1, N) model. The GM(1, N) model with N variables is
fundamental to MGPMs and has been widely applied to
time series forecasting (Hu et al. 2021; Liu et al. 2017).
Third, in addition to energy demand, there are other
important prediction problems, such as predicting carbon
dioxide emissions. In fact, accurate forecasts of carbon
dioxide emissions are crucial when formulating public
policy (Wang and Ye 2017). Indeed, our experimental
results demonstrated the applicability of the proposed
FLNGM-NIM to other prediction problems.
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