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ABSTRACT ARTICLE HISTORY
Energy demand forecasting is increasingly important for devel- Received 26 August 2020
oping national energy policies. This study aims to apply the first Revised 14 September 2021
order gray model with one variable (GM(1,1)) without following ~ Accepted 15 September 2021
any statistical assumptions to energy demand forecasting. To

boost the forecasting accuracy of GM(1,1), a problem arising

from collected samples that are often derived from an uncertain

assessment should be addressed. One way to deal with these

uncertain and imprecise observations is by using nonlinear

interval regression analysis with neural networks to generate

upper and lower limits for individual samples. As a result,

a nonlinear interval gray prediction model is constructed by

applying the sequences of upper and lower limits to construct

GM(1,1) with residual modification separately. By examining the

forecasting performance of a nonlinear interval model by the

best non-fuzzy performance values, the empirical results

obtained based on real energy demand data show that the

proposed models perform well compared with other interval

gray prediction models. This study has shown the high applic-

ability of the proposed model to energy demand forecasting.

Introduction

The development of more accurate prediction models for energy demand is
very crucial for economic prosperity and environmental security (Suganthi
and Samuel 2012). Among diverse prediction models for energy demand
forecasting including artificial intelligence techniques (e.g., Cankurt and
Subasi, 2015; Ayoub et al. 2018; Lauret et al. 2008; Li et al. 2019; Norouzi
et al. 2020c; Norouzi and Fani 2020; Toksari 2009; Xia, Wang, and McMenemy
2010), time-series models (e.g., Tutun, Chou, and Caniyilmaz 2015), econo-
metric approaches (e.g., Norouzi and Fani 2021), mathematical programming
(e.g., Forough, Norouzi, and Fani 2021), and statistical analysis (e.g., Braun,
Altan, and Beck 2014; Leo et al. 2020), gray prediction models (GMs) have
indicated the uniqueness for energy demand forecasting because GMs neither
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need a large number of samples to construct models nor require data
sequences to satisfy any statistical assumptions (Hu 2017b; Suganthi and
Samuel 2012; Xu, Dang, and Gong 2017). In terms of gray prediction, the first-
order gray model with one variable (GM (1,1)) is the most frequently used
Figure lunivariate model (Liu and Lin 2010; Liu, Yang, and Forrest 2017).

To improve the prediction accuracy of the original GM(1,1), the rem-
nant GM(1,1) (RGM(1,1)) consisting of the original and residual GM(1,1)
is often suggested for real-world applications (Lee and Tong 2011; Liu,
Yang, and Forrest 2017; Norouzi, Fani, and Ziarani 2020a). In terms of the
RGM(1,1), the residual GM(1,1) is independently constructed using the
residuals generated by the original GM(1,1). The outcomes from the resi-
dual GM(1,1) can then be used to modify those from the original model.
Several variants of the RGM(1,1) have been proposed, such as the MLP-GM
(1,1) using a multi-layer perceptron (MLP) (Hsu and Chen 2003), Markov-
chain-based sign estimation (Hsu 2003; Hsu and Wen 1998), GP-GM(1,1)
using genetic programming to estimate the sign (Lee and Tong 2011),
FLNGM(1,1) using functional-link nets (FLNs) (Hu 2017a), and gray
Fourier models (Hu 2021; Wang 2014; Wang and Phan 2015). When
constructing GM(1,1) and its residual GM(1,1) separately, the RGM(1,1)
are constructed from the perspective of the local optimum. However, the
local optimum is no guarantee of the global optimum (Cormen et al. 2009).
To avoid independently creating a residual model, Hu (2020) proposes the
NR-GM(1,1) to maximize the overall forecasting accuracy of a remnant
gray prediction model. That is the reason why the NR-GM(1,1) is the most
concerned gray model of this study.

Data collection ’

J

Find data intervals using two MLPs ]

J
v v

Construct the upper RGM(1,1) Construct the lower RGM(1,1)
using NR-GM(1,1) to produce using NR-GM(1,1) to produce
the estimated upper limits the estimated lower limits

| |
l

[ Compute BNP values using the ]

estimated upper and lower limits

Figure 1. A flowchart of the construction of the proposed RGM(1,1)-NIM.
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The trend of energy consumption amounts in a time series is nonlinear and
fluctuating, and available energy demand data are usually real-valued, but
derived from uncertain assessments. It is helpful to deal with uncertainty
and imprecision by estimating data intervals (Hwang, Hong, and Seok 2006;
Shih et al. 2011; Zeng et al. 2014; Xie et al., 2014; Ye et al. 2019). Ye et al. (2019)
provide a common method by characterizing the upper and lower bounds by
the highest and lowest levels of annual energy consumption for a region. This
method is simple but questionable, because the highest and lowest levels might
well be outliers that have the great possibility of worsening the performance of
forecasting models (Hladik and Cern)'r 2014). Neural networks (NNs) have
proved to be effective in the implementing nonlinear interval regression
analysis (Cheng and Lee 2001; Huang, Zhang, and Huang 1998; Ishibuchi
and Nii 2001; Ishibuchi and Tanaka 1992; Jeng, Chuang, and Su 2003;
Nasrabadi and Hashemi 2008). This motivates the use of nonlinear interval
regression analysis to extend each single value to an interval.

So far, little attention has been paid to developing interval gray prediction
models, with some exceptions such as the interval gray number prediction
model (IGNPM) by Zeng et al. (2010), the gray number gray modification
model (GGMM(1,1)) by Shih et al. (2011), the interval GM(1,1) (I-GM(1,1))
and nonlinear gray Bernoulli GM(1,1) model (I-NGBM(1,1)) by Chen, Liu,
and Hsieh (2019), the optimized discrete GM (1,1) with interval gray numbers
by Ye et al. (2019), and the interval models with forecast combination by Jiang
et al. (2020). To confront the problems arising from uncertainty and statistical
assumptions for energy demand forecasting, this study aims to develop
a nonlinear interval model (NIM) called RGM(1,1)-NIM by using NNs to
derive data intervals first and then to construct the NR-GM(1,1) based on the
data intervals instead of the original data. An interval can be transformed into
a crisp representative value (Sun et al. 2016) called the best non-fuzzy perfor-
mance (BNP), which is used to evaluate the prediction accuracy of the
proposed RGM(1,1)-NIM.

The remainder of this paper is organized as follows: Section 2 introduces
nonlinear interval regression analysis using NNs. Section 3 describes the original
GM(1,1) and the revised residual GM(1,1), which together form the basis of the
proposed RGM. Section 4 introduces the nonlinear interval GMs, including the
proposed RGM(1,1)-NIM. Section 5 demonstrates the prediction accuracy of
various NIMs and some frequently used prediction models based on real cases of
energy demand. Section 6 discusses the outcomes and presents conclusions.

Nonlinear Interval Regression Analysis Using NNs

Interval regression analysis is a simplified version of fuzzy regression analysis
(Tanaka 1987; Tanaka, Uejima, and Asai 1982) for obtaining interval-valued
data. Given the high capability of NNs for nonlinear regression, Ishibuchi and
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Tanaka (1992) used two NNs, NN, and NN, to perform nonlinear interval
regression analysis, where NN, and NN, determined the upper and lower
limits, respectively, of an NIM called NN-NIM.

Interval Regression Analysis

Let a data set be made up of (t;, y1) (£, 2), . . .» and (£,,, y,.), where (t,, y,) is the
p-th input-output pattern (p = 1, 2, ..., n) at time ¢,. In other words, the
desired output corresponding to the input ¢, is the demand y,. In addition, let
f. and f; be the output functions represented by NN,, and NN, respectively.
A nonlinear optimization problem can be formulated for determining an NIM
as follows:

Minimize (f,(t1) — fi(t)) + (fu(t2) —fi(t2)) + ...+ (fultn) —fi(ta)) (1)

subject tof, (£,)ypfi(ty),p= 1, 2,...,n (2)

where f,(t,) - fi(t,) denotes the width of the estimated data interval for ¢,.
The objective of this formulation is to determine the NIM with the least sum
for the widths of the predicted intervals subject to the condition that the
estimated data interval includes all the given input-output pairs. For this
complex optimization problem, Ishibuchi and Tanaka (1992) presented two
simple algorithms for determining f,, and f;, which approximately satisfy the
constraint condition. Each network is implemented as an MLP with a single
input, five hidden units, a single output, and one hidden layer.

Determining the Upper and Lower Limits

The following cost function E, with weighting scheme w), is used to determine
Ju

m

1
E, = Ziwp(yp _gu(tp))z (3)

p=1

where wp is defined as follows:

Lify, >g,(t,)
wp = {w,if)iggu(tf,) (4)

To  determine f, the cost function E; is defined as

m

1
E = Ziwpojp _gl(tp)>2 (5)

p=1
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where wp is defined as follows:

1,ify, <g(t
% = {unyoaty ©
where w is a small positive value in the interval (0, 1). The learning rule for
each connection weight can be derived easily from the cost function by
gradient descent. Note that the two learning algorithms for training NN, and
NN; are the same, except for the weighting schemes. For brevity, the learning
rules are omitted here.

In summary, the trained NN, can create a data sequence

X = () fulta), o fultn) = & x0, x%),  whereas a  data

sequence X;o) = (filh),filta), ... fi(ty)) = (xl(’(i),xgg),...,xl(,o)) can be cre-

ated by the trained NN;. Finally, a single point, x}({o)’ is extended to an interval,

0) (0
[xl(,k) ) xl(4])<]

Remnant GM(1,1)

Original GM(1,1)

Let an original data sequence x(©) = (x§°),x§°), e ,x,(do)) provided by one

system be made up of n samples. A new sequence,

xD = (Y V1), can be generated from x(© as follows:

k
x,(cl):Zx,(co),k: 1, 2,...,n (7)
=1
and xgl),xgl), e ,x,(f) can then be approximated by a first-order differential
equation:
dx(M
);t +axll=b 8)

where a and b are the developing coefficient and the control variable,
respectively.
The predicted value, 5c,(<1), of x,(cl) can be obtained by solving the differential
(1 _ (0

equation with the initial condition x;’ = x; ":

< b, _,u-1 b

x,(cl) = (x§°) - ;)e a(k=1) +a %)
and therefore, &51) = x§°) holds. Then, a and b can be estimated with a gray

difference equation:

x,((o) + az,(cl) =b (10)
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where z,(cl) is the background value, and

z,(cl) = ocx,(cl) + (1 — oc)xl(cl_)1 (11)
where « is usually specified as 0.5 (Liu, Yang, and Forrest 2017). Using n-1
gray difference equations (k = 2, 3, ..., n), a and b can be obtained with the
ordinary least-squares method:

a,b]" = (B"B) 'BTy (12)
where
—zgl) 1
B— _Z_gl) ! (13)
—;;,(71) 1
and
y= [xgo),xgo), e ,xﬁlo)]T (14)

Then, the predicted value 5(,(;)) with respect to x,((o) is computed as follows:

5CI(C0) :fc,((l) _&]((1217k: 2,3, ....,n (15)
Therefore,
b
)= (—e) (@) —e k= 2,3 ... n (16)
a
NR-GM(1,1)

The NR-GM(1,1) is briefly introduced here. In the NR-GM(1,1), the residual
GM(1,1) is constructed by the FLN. The activation function in the output node
is expressed by the following:

e —e*

e +e*

tanh(z) =

(19)

where tanh(z) lies within the range (-1, 1). When the time point #; is pre-
sented, an enhanced pattern can be generated as (f, sin(mty), cos(mty),
sin(27ty), cos(2mty)) through a functional link. The actual output value yj is

Vi = tanh(wyty + wasin(nty) + wicos(mty) + wasin(2mty) + wscos(2mty) + 6)
(20)
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where w; (i = 1, ..., 5) is the connection weight and 0 is the bias. y; can be
interpreted as the extent to which 561((0) can be modified, where y;, =1 and - 1
mean that k,ﬁo) can be modified up to the upper (¢ and lower bounds (-t;),

respectively. ty and t;  are heuristically ~ defined  as:

= 3max{s,((o)},k: 1,2, ....,n (21)

Finally, 5cl({0) can be updated as follows:

RO =30 Ly k=23 ... .n (22)

The range of modification for 5c,(<0) from the original GM(1,1) is (—#;, t;).

The mean absolute percentage error (MAPE) was used to evaluate forecast-
ing accuracy because MAPE is more stable than other measures, including
mean absolute error and root mean square error (Lee and Shih 2011;
Makridakis 1993). The formulation is as follows:

20 _ 50)

(0)
k=1..n Xi

|- | |
MAPE = ~ Z x 100% (23)

n

The objective in this problem is to minimize MAPE by optimally determining
the connection weights and the bias, where — 1 < wy, wa, w3, wa, ws, 0 < 1.
Details of constructing NR-GM(1,1) by a genetic algorithm (GA) can be found
in Hu (2020) and are omitted here for simplicity.

Nonlinear Interval GMs

In this section, two interval GMs, IGNPM and GGMM(1,1), included in the
empirical analysis are briefly described in Sections 4.1 and 4.2. Section 4.3
presents the proposed RGM(1,1)-NIM. Evaluations of an NIM are given in
Section 4.4.

Interval Grey Number Prediction Model (IGNPM)

As mentioned above, energy demand data are usually real-valued, and there-
fore, we establish x| and xl(o) using NN, and NN, respectively, for the

IGNPM. The predicted values of the upper (&(0) ) ,9%,(40,)1) and lower

u,1> 2

~(0) ~(0) (0)
((xl(_’l),xl(v2 b X,
layers and the middle point of each gray number layer’s middle position line.

For the k-th gray number layer, its area, s,(co), is defined as

) limits can be determined by using a few gray number
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(0) (0) (0) (0)
X —x, +x — X
Sl(c()) _ k Lk 2u,k+1 Lk+1 (24)

The middle point w,(f)) of its middle position line is defined as

0 0 0 0
(0) x1(,¢l)< + xl(,k) + xi,l)chl + xl(,k)ﬂ

= 25
W . (25)
A GM(1,1) can then be built using the sequence (550),sg0), e ,55,(21) such that
39 s
b
W= (1= (Ve k=23, ... n—1  (26)
as
The sequence (w§°), w§0)7 cees wf;)_)l) is used to construct a GM(1,1) such that
fvlgo) is
by,
W = (1 - e - a—)e—“w("‘l), k=23 ....n—1 (27)
w

We can obtain 5C1(401)< — 5cl((;() by a, and b, and &iol){ + 5‘1(33 can be derived by a,, and

b,,. For a derivation of 921(4011 and 561(1), the reader is referred to Zeng et al. (2010).

Grey Number Grey Modification Model (GGMM(1,1))

Let (xﬁ??l,xfg?z, . ,xﬁf}n_mﬂ) denote a sequence x\ = ( ,S‘P,x,ﬁfih . ,x,(qo))

(1 €£m < n-3). In the GGMM(1,1), xffj}l is replaced with xﬁll) to obtain &i??k
to capture the latest trend (Dang, Liu, and Chen 2004):
b

Memamkm k=23 ... n—m+1 (28)

By = (1)) =

a, and b, are estimated using a gray difference equation:

A+ anz) = by (29)

(0

u,

For a derivation of %°) and 561((])(), the reader is referred to Shih et al. (2011).

The Proposed RGM(1,1)-NIM

To build the proposed RGM(1,1)-NIM, the first step is to find the interval data

for model fitting by using NN,, and NN; beforehand. Using x”, a prediction

model can be built, such that the predicted value, &i(?,)(, of xl(f,)c is
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. buy _an(k-
X 0])( = (1 — ea)(x Oi _ _)e u(k 1) +)’u7ktu7l7 k = 2, 3, e ,n (30)

where y,,,; obtained by the FLN is the extent to which 561(40]1 can be modified, and

AN

by 7 Whk= 1,2, ... ,n (31)

This prediction model is referred to as the upper RGM(1,1).
To build the prediction model using Xgo)) the lower RGM(1,1) can also be

created such that the predicted value, 561(_(,)3 , of xl((;c) is

. a br,
xl(gc) = (1- el)(xz(,(i) —;ﬁ)e i(k=1) +)’l,ktl,l,k =2,3 ...,n (32)

where y,,,; obtained by the FLN is the extent to which 56;3() can be modified, and

t = 3max{’xl(33 — 5cl(33‘},k =1,2, ... ,n (33)

Note that the upper and lower RGM(1,1) constitute the RGM(1,1)-NIM.

Evaluating NIMs

For a NIM, the BNP value for x,(co) can be viewed as a representative point

denoted by fc,(co) between &20,1 and 56,(3(), where 92,((0)

et al. 2016):

can be formulated as (Sun

20 = 1 )+X§k)) k=1,2, ... ,n (34)

Then, we can use the MAPE to measure the prediction accuracy of a NIM. In
addition, the mean absolute relative error for gray number (MAREG) (Shih
et al. 2011) is used to evaluate the reasonableness of the upper and lower limits
for an interval model:

x 100% (35)

MAREG = Z \/

kln X

If the gap between x,((o) and its two limits (561(;?]){, 5cl(33) is large, then the interval

(5cl((,){), 5c£0,)<) becomes meaningless for #;.
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Empirical Analysis

Experiments were conducted using two real-world data sets to compare the
energy demand prediction accuracy of different NIMs. Section 5.1 considers
electricity demand in China, and Section 5.2 investigates energy demand in
Taiwan.

Case |

The first experiment was conducted based on historical annual electricity
demand in China using data from the China Statistical Yearbook 2016. In
Case I, data from 2001 to 2012 were used for model fitting, and data from 2013
to 2016 were used for ex post testing. Figure 2 depicts the data intervals
determined for model fitting by the two NNs. These data intervals can be
used by different NIMs, except for the GGMM(1,1). The results obtained from
the various prediction models are summarized in Tables 1 and table 2.

The results in Table 1 show that the proposed RGM(1,1)-NIM is promising
because the RGM(1,1)-NIM was superior to the other NIMs considered for
both model fitting and ex post testing. Table 2 summarizes the prediction
accuracy obtained by applying the NN, autoregressive integrated moving
average (ARIMA), GM(1,1), and FLNGM(1,1) to the original data sequence.
It is obvious that the RGM(1,1)-NIM was superior to the NN, GM(1,1), and
FLNGM(1,1) for ex post testing. The RGM(1,1)-NIM was slightly inferior to
GM(1,1) and FLNGM(1,1) for model fitting, but ex post testing is a primary
norm used to examine the performance of a prediction model.

The results obtained by ARIMA for ex post testing are encouraging.
However, for the first two years (2013 and 2014), the average result obtained
by RGM(1,1)-NIM for ex post testing (1.75%) was clearly better than that
produced by ARIMA (2.81%). In 2017, the Chinese National Energy
Administration released the 13th Five-Year Plan for medium- and long-

60000 4
—— Actual value

—@— Lower limit

50000 | =
Upper limit
|
40000 -|

30000 | ///
20000 -/—
| ¢

10000 -

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Figure 2. Lower and upper limits determined by NNs for Case I.
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Table 1. Prediction accuracy obtained by different NIMs for Case | (unit: 100 million kWh).
NN-NIM FLNGM-NIM IGNPM GGMM(1,1) RGM(1,1)-NIM
Year Actual  Predicted APE Predicted APE Predicted APE Predicted APE Predicted APE

2001 1463346 14300.67 2.27 14300.67 227 16390.77 12.01 14633.46 0.00 14300.67 227
2002 1633145 168963 3.46 16878.96 335 16896.3 346 17100.29 4.71 16604.13 1.67
2003 19031.6  19869.09 4.40 2142359 1257 24537.58 28.93 2028582 6.59 19630.73 3.15
2004 2197138 23127.66 526 23944.65 8.98 21084.28 4.04 2226795 135 2313137 528
2005 2494032 2656833 6.53 26895.6 7.84 2914886 16.87 23979.10 3.85 26908.08 7.89
2006 2858797 30087.24 524 30283.08 593 2616165 849 2616756 847 3019213 561
2007 37211.8  33590.06 9.73 33799.86 9.17 3473944 6.64 31033.86 16.60 3345747 10.09
2008 3454135 36997.67 7.11 3723013 7.78 3231731 6.44 3509577 1.61 3664476 6.09
2009 37032.14 40248.17 8.68 40492.88 935 41517.28 1211 36746.24 0.77 3973222 7.29
2010 4193449 43296.46 3.25 4316298 293 39780.23 5.14 3954596 570 4275147 1.95
2011 47000.88 46112.69 1.89 45088.18 4.07 4973453 5.82 4367858 7.07 45803.52 255
2012 49762.64 48680.08 2.18 4832147 290 48828.04 1.88 4824327 3.05 49061.19 141
MAPE 5.00 6.43 9.32 4.98 4.60
2013 5420341 5099252 592 52557.06 3.04 59696.86 10.13 53064.90 2.10 5244559 3.24
2014 56383.69 53052.18 591 5747469 193 5979733 6.05 58246.18 330 56525.05 0.25
2015 58019.97 54867.18 543 63048.75 8.67 7177488 2371 6393825 1020 61919.16 6.72
2016 61297.09 5644938 791 6932471 13.10 73096.15 19.25 7019192 1451 68530.21 11.80
MAPE 6.29 6.68 14.79 7.53 5.50

Table 2. Prediction accuracy obtained by different prediction models for Case | (unit: 100 million
kWh).

NN ARIMA GM(1,1) FLNGM(1,1)
Year Actual Predicted APE Predicted =~ APE  Predicted APE Predicted APE

2001 14633.46 16398.85 12.06 14633.46 0.00 14633.46 0.00 14633.46 0.00
2002 16331.45 17533.93 7.36 14937.32 8.54 18481.63 13.17 16146.45 1.13
2003 19031.6 19207.48 0.92 18984.30 0.25 20423.29 7.31 18932.71 0.52
2004 21971.38 21518.08 2.06 22888.61 417 22568.94 2.72 21966.45 0.02
2005 24940.32 24483.08 1.83 26655.28 6.88 24940.00 0.00 25281.11 137
2006 28587.97 28004.94 2.04 30289.16 5.95 27560.17 3.60 28678.21 0.32
2007 37211.8 31880.39 14.33 33794.93 9.18 30455.61 18.16 32017.3 13.96
2008 34541.35 35855.23 3.80 37177.11 7.63 33655.24 2.57 35277.03 213
2009 37032.14 39694.69 7.19 40440.06 6.61 37191.02 0.43 38487.54 3.93
2010 41934.49 43231.85 3.09 43587.98 3.94 41098.26 1.99 41705.57 0.55
20M 47000.88 46379.42 1.32 46624.93 0.80 45415.99 337 45239.89 3.75
2012 49762.64 49114.49 1.30 49554.81 0.42 50187.34 0.85 49670.02 0.19
MAPE 4.78 7.16 4.51 232
2013 54203.41 51454.11 5.07 5238141 3.36 55459.96 2.32 55111.25 1.67
2014 56383.69 53434.01 5.23 55108.35 2.26 61286.52 8.70 61322.78 8.76
2015 58019.97 55094.69 5.04 57739.17 0.48 67725.21 16.73 68209.12 17.56
2016 61297.09 56474.52 7.87 60277.23 1.66 74840.33 22.09 75801.45 23.66
MAPE 5.80 1.94 12.46 1291

term energy development to show China’s determination to decrease its

environmental impact. Therefore, two years can be roughly treated as

a short-term period. Therefore, the proposed RGM(1,1)-NIM can also be

used for short-term energy demand forecasting. As mentioned above, the

MAREG measures the reasonableness of fcio) and 561(33 by computing the
(©

distance between 5cu.) and x,(co) and that between 551((1)3 and x}({o)_ The results in

Table 3 illustrate that data intervals obtained by the proposed RGM(1,1)-
NIM are more reasonable than those from the other NIMs considered for ex
post testing.
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Table 3. MAREG obtained by different NIMs for Case I.

Phase NN-NIM FLNGM-NIM IGNPM GGMM(1,1) RGM(1,1)-NIM
model-fitting 11.22 13.30 14.21 8.11 10.53
ex post testing 6.46 742 16.48 12.36 5.62
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Uper limit

110000
105000 //
100000

95000

90000
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Figure 3. Lower and upper limits determined by NNs for Case II.

Table 4. Prediction accuracy obtained by different NIMs for Case Il (unit: 10* KLOE).
NN-NIM FLNGM(1,1)-NIM IGNPM GGMM(1,1) RGM(1,1)-NIM
Year Actual  Predicted APE Predicted APE Predicted APE Predicted APE Predicted APE

2001 913334 922226 097 922226 097 922226 097 913334 0.00 922226 097
2002 953859 969779 167 97293.0 2.00 969779 648 974634 218 9755131 227
2003 99252.5 1009721 1.73 1026748 3.45 1073766 3.63 100689.8 145 1007729 153
2004 1035533 104180.7 0.61 1040823 0.51 99487.7 0.59 1042983 0.72 1045133 0.93
2005 105700.9 106626.1 0.88 105739.0 0.04 109917.2 0.20 1066268 0.88 107594 1.79
2006 107773.8 1083984 058 1070270 0.69 102059.5 0.87 109862.2 1.94 1090942 1.23
2007 113024.6 109638.7 3.00 108561.3 3.95 1125206 4.27 1108263 195 1093706 3.23
2008 109819.2 1104934 0.61 109684.5 0.12 1046948 0.23 106287.3 3.22 1098358 0.02
2009 107677 1110824 3.16 1109199 3.01 1151884 3.05 1001956 6.95 110642 2.75
2010 114368 1114924 251 1115820 244 1073953 1.74 1435623 2553 1118986 2.16
2011 1131053 111781.6 1.17 1127834 028 1179220 0.62 1132446 0.12 112709.2 0.35
2012 1128708 111988.6 0.78 113733.0 0.76 1101626 211 114043.2 1.04 1138438 0.86
MAPE 1.47 152 4.07 3.83 151
2013 115893.7 1121388 3.24 1151530 0.64 1207232 4.7 1145534 116 1157613 0.1
2014 116826.5 112249.1 3.92 116136.7 059 112998.2 3.28 1150793 150 116881.6 0.05
2015  116509.1 1123308 3.59 1176155 0.95 1235937 6.08 115621.2 0.76 115654.7 0.73
2016 116808.9 1123919 3.78 118940.7 1.82 1159039 0.77 1161793 0.54 1155768 1.05
MAPE 3.63 1.00 3.57 0.99 0.49

Case Il

The second experiment was conducted based on the historical annual energy
demand of Taiwan using data from the Taiwan Energy Bureau. Data from
2001 to 2012 were used for model fitting, and data from 2013 to 2016 were
used for ex post testing. Figure 3 depicts the data intervals determined for
model fitting by two NNs.
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Table 5. Prediction accuracy obtained by different prediction models for Case Il (unit: 10* kLOE).

NN ARIMA GM(1,1) FLNGM(1,1)
Year Actual Predicted APE Predicted APE Predicted APE Predicted APE
2001 913334 90894.3 0.48 913334 424 913334 0.00 913334 0.00

2002 95385.9 95719.4 0.35 95203.1 4.60 100267.5 512 95315.22 0.07
2003 99252.5 99957.2 0.71 99774.9 4.03 101798.4 2.57 100601.9 136
2004 1035533 103408.2 0.14 103256.6 2.27 103352.8 0.19 103278.7 0.27
2005 105700.9 106103.0 0.38 105907.9 2.1 104930.8 0.73 105702.5 0.00
2006 107773.8 108158.0 0.36 107927.1 1.57 106533.0 1.15 107747.7 0.02
2007 113024.6 109704.4 2.94 109464.7 2.1 108159.6 4.30 109379.3 3.23
2008 109819.2 110859.7 0.95 110635.7 1.56 109811.1 0.01 110579.4 0.69
2009 107677 111719.6 3.75 111527.4 421 111487.7 3.54 111368.7 343
2010 114368 112358.6 1.76 112206.5 1.44 113190.0 1.03 111885.9 217
2011 113105.3 112833.4 0.24 112723.6 0.01 1149183 1.60 1123921 0.63
2012 112870.8 113186.5 0.28 1131175 0.48 116672.9 337 1131475 0.25
MAPE 1.03 7.16 1.97 1.01
2013 115893.7 113449.6 2.1 113417.4 1.79 118454.36 2.21 114310.1 137
2014 116826.5 113645.9 2.72 113645.8 272 120263.00 294 115957.9 0.74
2015 116509.1 113792.8 233 113819.7 2.31 122099.26 4.80 118145.1 1.40
2016 116808.9 113903.0 249 113952.2 2.45 123963.56 6.13 120887.8 3.49
MAPE 241 2.40 4.02 1.75

Table 6. MAREG obtained by different NIMs for Case .

Phase NN-NIM FLNGM-NIM IGNPM GGMM(1,1) RGM(1,1)-NIM
model-fitting 3.16 3.38 5.26 6.28 335
ex post testing 4.39 3.14 5.02 4.36 3.76

The forecasting results obtained by the various prediction models are
summarized in Tables 4 and table 5. These results show that the proposed
RGM(1,1)-NIM was slightly inferior to the NN-NIM, NN, and FLNGM(1,1)
for model fitting, but it performed better than all the prediction models
considered for ex post testing. In terms of the MAREG for ex post testing,
Table 6 shows that the reasonableness of the data intervals estimated by the
proposed prediction model was slightly inferior to those from the FLNGM-
NIM but superior to those from the other NIMs considered.

Discussion

This study has proposed the RGM(1,1)-NIM, which is made up of two
NR-GM(1,1). In particular, the upper and lower RGM(1,1) are created by
the NR-GM(1,1). Compared to the other remnant GM(1,1) variants, the
NR-GM(1,1) features the ability to leverage the residual model by provid-
ing a novel adjustment mechanism for the predicted values to maximize
prediction accuracy (Hu 2020). The reason for choosing a value that is
three times larger than the max{e,(co)} in Eq. (21) is based on the three-
sigma limits used to set the upper and lower control limits in statistical
quality control charts (Montgomery 2012), thereby making the modifica-
tion much more flexible.



APPLIED ARTIFICIAL INTELLIGENCE . 1503

Real-valued data were collected to verify the prediction accuracy of the
proposed RGM(1,1)-NIM. The results showed that the proposed model was
superior to the other interval gray prediction models considered for ex post
testing. Both the MAPE and MAREG results indicate that the proposed RGM
(1,1)-NIM is promising for applications in energy demand forecasting. In
addition to RGM(1,1)-NIM, it is interesting to examine forecasting accuracy
of the other novel interval models, such as the discrete GM(1,1) of interval
gray numbers (Ye et al. 2019) as well by using data intervals generated by two
MLPs, but this remains to future study.

This study has focused on forecasting rather than projection. Projection is
required to answer “what-if” questions to extrapolate development trends. In
other words, it is concerned about what would happen to carbon dioxide
emissions based on certain future scenarios. In this case, the key factors that
can have the greatest impact on the scenarios must be identified (Norouzi,
Fani, and Ziarani 2020b). Besides, Kristjanpoller and Minutolo (2021) point
out that the series has underlying characteristics of autocorrelation, hetero-
skedasticity, and non-linearity. Understanding the cross-correlation rela-
tionships between electricity production and demand can boost the
performance of the models used to forecast both production and demand.
Their findings suggest a way to improve the forecasting performance of the
proposed interval model.

Note that the FLN uses the hyperbolic tangent function as its activation
function and computes a weighted sum for a connection weight vector with an
enhanced pattern. Therefore, such a model assumes the additivity property of
the interactions among individual variables in the enhanced pattern (Onisawa
et al. 1986). However, the criteria are not always independent (Tzeng and Shen
2017). Therefore, it would be interesting to apply a non-additive version of the
FLN (Hu 2017c) to energy demand forecasting in future research.

Conclusions

Energy demand forecasting has played a very important role in economic
growth and environmental security. It can be regarded as a gray system
problem (Suganthi and Samuel 2012) because factors, such as income and
population influence energy demand, but their precise effects are not clear.
Therefore, gray prediction, which does not require that data conform to
statistical assumptions (Liu and Lin 2010; Liu, Yang, and Forrest 2017), is
appropriate for energy demand forecasting. In practice, GM(1,1) forms the
development base of the proposed interval model.

The problem addressed in this study is that available energy demand data
are usually real-valued, but are uncertain and imprecise. This makes it possible
to use nonlinear interval regression analysis with two MLPs, one for the upper
limits and the other for the lower limits, to generate interval-valued data to
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represent uncertainty. Subsequently, the upper and lower RGM(1,1) can be
built by working on the data sequences that make up the upper and lower
limits, respectively. The experimental results show that the proposed models
performed well compared with other interval gray prediction models. The
RGM(1,1)-NIM has indicated its high applicability to energy demand fore-
casting as well.

In Taiwan, almost 98% of energy is imported, and its cost accounts for
13%-15% of the gross domestic product. Furthermore, the energy supply is
highly dependent on fossil fuel imports, which are the leading source of high
carbon dioxide emissions. The public sectors may leverage the proposed
GM to plan an energy development policy to achieve the goals of environ-
mental protection, sustainable economic growth, and green industry
development.
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