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A B S T R A C T   

In this paper, GM(1,Nr) model is established to improve the traditional GM(1,N) model from three aspects: (1) 
transforming the original sequence to satisfy the modeling conditions with particle swarm optimization algo
rithm; (2) introducing grey incidence analysis to obtain the grey incidence ranking and carrying out stepwise test 
for significant variables to determine the number of variables; and (3) predicting the related factor sequence 
through the improved GM(1,1) model. Empirical analysis shows that the proposed GM(1,Nr) model has 
remarkable good prediction performance compared with the traditional grey forecasting model. It is also 
demonstrated that the extraction of influencing factors can significantly improve the prediction effectiveness, 
especially when pursuing the best fitting effect on small sample data. The findings indicate that the electricity 
consumptions of Jiangsu Province in the next several years will be at a high level and keep rising, with a pre
dicted value of 9712.48 billion kilowatt-hours in 2030. The findings can help the government and energy related 
institutions to develop management policies on energy demand, and the proposed model can also be extended for 
the application in other regions.   

1. Introduction 

Energy plays an important role in promoting social and economic 
development but it is not easy to store [1,2]. Oversupply of energy will 
lead to the increase of operating costs, while short supply will have a 
negative impact on both economic development and social livelihood. 
Therefore, accurate assessment of energy consumptions and balance 
economic and social benefits with a foresight perspective are the key 
issues for energy productions and consumptions [3,4]. Among all kinds 
of energy, the electricity is the secondary energy obtained after the 
conversion from primary energy processing. Energy as one of the basic 
resources and electricity industry as the basic industry have a close 
relationship with the national economy and peoples’ livelihood. Hence, 
it is of great significance to make the development of the specific elec
tricity consumption clear, especially in the adjustment period of energy 
consumption structure. 

Abundant studies have been carried out by scholars on energy 
forecasting, especially electricity consumption forecasting [5–8]. Exist
ing studies mainly focus on the identification of the factors affecting 
energy consumptions and the prediction of energy consumptions. For 
the research stream of the identification of influence factors, scholars 

believed that energy consumption is closely related to national economy 
and peoples’ livelihood, and of course electricity is not an exception [2, 
9]. Ali et al. found that higher household income level is related to the 
more consumption of clean energy resources [10]. Jian et al. believed 
that education, security, and social globalization have a negative impact 
on energy consumption and long-term CO2 emissions [11]. Murshed 
et al. found that economic growth and household consumption expen
diture show a positive effect on the primary energy and electricity de
mand [12]. Evidence from the work of Liddle et al. showed that 
population, age structure, household size, urbanization, and population 
density affect the way of carbon emissions and energy consumptions 
[13]. The study of Wang et al. showed that population, urbanization 
level, living standard, energy consumption structure, and energy use 
efficiency are the direct factors affecting energy demand changes, 
among which economic development level is the core factor [14]. Yang 
et al. concluded that the factors affecting regional energy efficiency 
include socio-economic factors (such as energy consumption composi
tion, industrial structure, per capita GDP, etc.) and environmental fac
tors (such as geographical location, topographical conditions, weather, 
sunshine duration, etc.) [15]. Meng et al. constructed an index system of 
influencing factors of energy efficiency in China, which contains 
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industrial structure, technological progress, energy consumption struc
ture, economic development level, marketization degree and openness 
degree [16]. Meangbua et al. showed that socio-economic and de
mographic factors can influence energy changes, and temperature and 
education are considered to be key driving factors [17]. Besides, popu
lation, technological progress, secondary industry, fixed asset invest
ment, and openness may promote the increase of energy consumption, 
of which population is the most important factor affecting energy con
sumption [18]. 

For the research stream of electricity consumption prediction, 
several models are commonly used, such as multiple linear regression 
method [19–22], time series analysis method [23], intelligent algorithm 
[24] and grey system method [25]. Kim et al. used SARIMA, SARIMA +
GARCH, Holt-Winters method and ARIMA with Fourier transformation 
models to forecast the electricity consumption of an industrial 
manufacturing building [26]. Tang et al. established binary nonlinear 
fitting regression and support vector regression models to predict the 
electricity consumption of urban rail transit [27]. Zolfaghari and Golabi 
offered a hybrid model which combines adaptive wavelet transform, 
long short-term memory (LSTM) and random forest algorithm to predict 
the EP in hydroelectric power plant [28]. Considering the influence of 
temperature, De et al. predicted daily electricity consumption in Italy 
through statistical modeling [29]. To simulate the effects of seasons and 
trends, Hamzacebi et al. developed four different artificial neural 
network models and chose the better one to predict monthly electricity 
consumption in Turkey [30]. Lin et al. proposed a short-term time-
phased electricity consumption prediction model based on LSTM with 
an attention mechanism [31]. Ercan et al. proposed a model that uses 
artificial neural networks as a machine learning method to predicts the 
electricity consumption levels in dwellings as lower consumption and 
higher consumption classes [32]. Wei et al. constructed a comprehen
sive time series prediction model based on component data [24]. Rana 
et al. studied the feature selection of a neural network-based method for 
calculating prediction intervals, and then evaluated the half-hour elec
tricity demand data in Australia and the UK [33]. Chen et al. proposed a 
novel data-driven framework to predict the annual household electricity 
consumption using ensemble learning technique [34]. 

The grey forecasting model proposed by Prof. Deng Julong shows its 
advantages that the model only needs 4 data at least and the calculation 
is relatively simple and quick. Therefore, grey forecasting model is 
gradually adopted by scholars [35]. According to different time range, 
forecasting can be divided into short-term, medium-term, and long-term 
forecast. Grey forecasting is more suitable for short-term and 
medium-term forecast. Due to the defects of the traditional model in 
terms of the background value and initial value, scholars have proposed 
several improvement methods to overcome those problems and ach
ieved remarkable achievements [36–38]. Traditional GM(1,1) model 
has been modified by using the Markov chain method to forecast the 
coal consumptions [39]. Feng et al. adopted GM(1,1) model to forecast 
the total energy, coal energy and clean energy consumptions in China 
[40]. Genetic-algorithm-based remnant GM(1,1) model are proposed 
and demonstrated to be superior than any other GM(1,1) variants [41]. 
Wang and Song proposed a new nonlinear dynamic grey model, namely 
NMGM(1,1,alpha), to predict the oil consumptions in China accurately 
[42]. Besides, a new residual GM(1,1) model using neural networks has 
been proposed [43]. A new seasonal cycle GM(1,1) has been proposed to 
forecast the railway passenger volume [44]. 

Based on data conversion of original data series and the optimization 
of background values, Li and Zhang proposed the TBGM(1,1) model to 
predict the total energy consumption of Shanghai, China [45]. GM(1,1) 
model, NGBM(1,1) model and grey Verhulst model have been compared 
for theoretical derivation and scientific verification, and then those 
models were adopted to predict the growth trend of renewable energy 
consumption in China [46]. Hamzacebi et al. proposed a seasonal GM(1, 
1) model to solve the seasonal problem, and then predicted the monthly 
electricity demand in Turkey [47]. Applying the upper and lower limit 

sequences to construct the GM(1,1) model after residual correction, Hu 
et al. constructed a nonlinear interval grey prediction model [48]. Tsai 
et al. used the traditional GM(1,1) model and nonlinear grey Bernoulli 
model to carry out theoretical derivation and verification [49]. Xu et al. 
proposed a new grey model, namely IRGM(1,1) model, with optimal 
time response function, and was adopted to forecast electricity con
sumption [50]. Wu et al. established a multivariate grey forecasting 
model considering the total population to predict the electricity con
sumption [51]. 

There is no doubt that the multivariate linear regression method, 
intelligent algorithms, and time series analysis method require a large 
quantity of data. In addition, the time cost for calculation of intelligent 
algorithms is high. Instead, the grey forecasting model has better 
adaptability for the small data problem, which shows its advantages in 
modeling forecasting model when sufficient data is hard to come by. 
Most of the existing studies adopt grey univariate prediction models, 
however those kinds of models have the defects that only contain the 
system characteristic data sequence and ignore the influence of the 
system. Grey multivariable model GM(1,N) can be used to overcome the 
shortcomings by considering the influence of factors related to the 
sequence of system characteristic from a systematic perspective. Previ
ous studies also confirmed that the prediction effect of GM(1,N) model is 
usually better than GM(1,1) model. 

However, there are some structural defects for the traditional GM(1, 
N) model. Firstly, the sequences for GM(1,N) model need to satisfy both 
the non-negative and quasi-smooth conditions, which hinders the 
widely application of GM(1,N) model. In this paper, two constants are 
introduced to transform the original sequence to satisfy the basic 
modeling conditions and the particle swarm optimization (PSO) algo
rithm is used to determine the optimal value. Secondly, as the existence 
of some unnecessary factors, the prediction accuracy of the traditional 
GM(1,N) model may not be high. In this paper, grey incidence ranking, 
obtained by grey incidence analysis, is subsequently used for the step
wise test of significant variables, so as to determine the best “N” value in 
the traditional GM(1,N) model. Thirdly, the GM(1,1) model is requisite 
when constructing the traditional GM(1,N) model, but the deficiencies 
of the GM(1,1) itself may lead to large prediction errors. Therefore, the 
improved GM(1,1) model, metabolism GM(1,1) model will be intro
duced to the traditional GM(1,N) model to improve the fitting precision. 

The remainder of this paper is structured as follows. Section 2 il
lustrates the construction of the proposed GM (1,Nr) model and also the 
way of prediction effect verification. Section 3 carries out empirical 
analysis and forecasts the electricity consumptions in Jiangsu Province. 
Section 4 provides the conclusion and policy suggestions. 

2. Methodology 

2.1. The construction of GM (1,Nr) model 

This paper improves the traditional GM(1,N) model from three as
pects: (1) transforming the original sequence to satisfy the modeling 
conditions with particle swarm optimization algorithm; (2) introducing 
grey incidence analysis to obtain the grey incidence ranking and carry 
out stepwise test for significant variables to determine the number of 
variables; and (3) predicting the related factor sequence through 
metabolism GM(1,1) model. We name the improved GM(1,N) model as 
GM(1,Nr) model. Fig. 1 shows the predicting procedures. 

Definition 1. To obtain the original data points, we assume the non- 
negative original sequences asX(0)

i = (x(0)
i (1), x(0)

i (2), ..., x(0)
i (n)), i =

1, 2, ...,Nr, where X(0)
1 denotes the data of the system behavior variable. 

The driving variables or relative factors are denoted as X(0)
2 ,X(0)

3 , ...,X(0)
Nr

, 

the 1-AGO sequence of X(0)
i is represented by X(1)

i = (X(1)
i (1),X(1)

i (2), ...,
X(1)

i (n)), where X(1)
i (k) =

∑k
i=1X(0)

i (i), k = 1,2, ..., n and the background 
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value is z(1)1 . Set up GM(1,Nr) model as x(0)
1 (k)+ az(1)1 (k) =

∑Nr
i=2bix(1)

i (k), 

and its whiten differential equation is dx(1)
1 (t)
dt + az(1)1 (t) =

∑Nr
i=2bix(1)

i (t). 

The traditional grey multivariable model requires the sequence to 
satisfy non-negative and quasi-smooth conditions [52], so GM(1,N) 
model cannot be established if the sequence does not satisfy the condi
tions. In this paper, the initial state of the original sequence is trans
formed by introducing two constants to satisfy the conditions and the 
applicability of the grey multivariable model can be expanded. 

Theorem 1. Assume that the initial state of the original sequence is X(0)
iraw, 

where X(0)
1raw denotes the data of the system behavior and X(0)

iraw(i= 2,3, ...,N)

denotes the relative factors, then the original sequence transformation is 

expressed by 

X(0)
i =

(
x(0)i (1), x(0)i (2), ..., x(0)i (n)

)
≥ 0, n ≥ 4 (1)  

X(0)
i =X(0)

iraw + c1 + c2, i = 1, 2, ...,Nr  

where c1 and c2 are named as the first and second non-negative additive 
factors, which meet the following conditions respectively: 

c1 =

{ 0 if : ∀k ∈ (1, 2, ..., n), xiraw(k) ≥ 0

max
k

{|xiraw(k)|} if : ∃k ∈ (1, 2, ..., n), xiraw(k) < 0, i = 1, 2, ...,Nr

(2) 

Fig. 1. The procedure of predicting progress using GM(1,Nr) model.  
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Theorem 2. For any data sequence, there always exists two non-negative 
additive factors c1 and c2, which can be added to this sequence to satisfy the 
non-negative and the quasi-smooth conditions [53]. 

Proof. Considering a prediction problem, the initial state of the original 
sequence is expressed as: 

X(0)
1raw =

(
x(0)1raw(1), x

(0)
1raw(2), ..., x

(0)
1raw(n)

)
, n ≥ 4 

If there exists a negative number in the above sequence, a non- 
negative number c1 is easy to find using Equation (5). Through the 
transformation of Equation (4), the initial state of the original sequence 
can be changed into a non-negative sequence. 

X(0)
1T =

(
x(0)1T (1),x

(0)
1T (2),...,x

(0)
1T (n)

)
=
(

x(0)1raw(1)+c1,x
(0)
1raw(2)+c1,...,x

(0)
1raw(n)+c1

)

x(0)1raw(k)+c1≥0,k=1,2,...,n
(4)  

c1 =max
{⃒
⃒
⃒x(0)1raw(1)

⃒
⃒
⃒,

⃒
⃒
⃒x(0)1raw(2)

⃒
⃒
⃒, ...,

⃒
⃒
⃒x(0)1raw(n)

⃒
⃒
⃒

}
(5) 

By Equation (4), the new sequence X(0)
1T satisfies the nonnegative 

condition, and then generate its 1-AGO sequence as below: 

X(1)
1T =

(
x(1)1T (1), x

(1)
1T (2), ..., x(1)1T (n)

)
(6)  

x(1)1T (k)=
∑k

i=1
x(0)1T (i), k = 1, 2, ..., n (7) 

Grey forecasting modeling requires X(0)
1T and X(1)

1T to satisfy the quasi- 
smooth condition. If the requirement is not satisfied, a non-negative 
number c2 is added to the sequence through Equation (9), then the 
final state of the original sequence is presented as Equation (8): 

X(0)
1 =

(
x(0)1 (1), x(0)1 (2), ..., x(0)1 (n)

)
(8)  

x(0)1 (k)= x(0)1T (k) + c2, k = 1, 2, ..., n; c2 ≥ 0 (9)  

X(1)
1 =

(
x(1)1 (1), x(1)1 (2), ..., x(1)1 (n)

)
(10)  

x(1)1 (k)=
∑k

i=1
x(0)1 (i), k = 1, 2, ..., n (11) 

From Equation (9), it is obvious that x(0)
1 (k) ≥ x(0)

1T (k),k = 1, 2, ...,n. 
Therefore, we can obtain x(0)

1 (k) ≥ 0,k = 1, 2, ...,n, which satisfies non- 
negative conditions. Then, the necessary condition of c2 are deduced 
according to the quasi-smooth condition: 

0≤ ρ(k) = x(0)1 (k)
x(1)1 (k − 1)

≤ 0.5, k= 4, 5, ..., n (12) 

Replace Equation (11) into Equation (12), then we can get 

0≤
x(0)1T (k) + c2

∑k− 1
i=1

(
x(0)1T (i) + c2

) ≤
1
2  

0≤
x(0)1T (k) + c2

∑k− 1
i=1

(
x(0)1T (i)

)
+ (k − 1)c2

≤
1
2  

0≤
x(0)1T (k) + c2

x(1)1T (k) + (k − 1)c2
≤

1
2 

Thus, 
⎧
⎪⎨

⎪⎩

c2 ≥ 0

c2 ≥ max

{
2x(0)1T (k) − x(1)1T (k − 1)

k − 3

}
, k= 4, 5, ..., n (13) 

Therefore, any data sequence can be transformed and then be used to 
establish the grey forecasting model by selecting c2 to satisfy Equation 
(13). 

Although we can get a necessary condition of c2 by Equation (13), the 
variation of its specific value may result in different prediction errors. To 
minimize the prediction errors, we adopt the nonlinear programming 
method to determine the best value of c2. 

Letting minimizing the average relative errors of the model as the 
objective, the known conditions such as model parameters and time 
response are modelled as the constraints. Then, the nonlinear pro
gramming problem can be constructed as follows: 

min
c2

avg(e(k)) =
1

n − 1
∑n

k=2

⃒
⃒
⃒x̂(0)

1 (k) − x(0)1 (k)
⃒
⃒
⃒

x(0)1 (k)
, i= 2, 3, ...,N  

s.t.

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

x(0)1

(

k

)

= − az(1)1

(

k

)

+
∑N

i=2
bi

(
x(1)i

(
k
)
)

Equation (2)

Equation (3)

(14) 

The advantage of PSO algorithm is that it can find the global optimal 
solution more easily. Practice has proved that compared with other 
traditional optimization algorithms, the solution speed of PSO algorithm 
is faster with fewer parameter adjustments, and it has a great advantage 
in the global search for the optimal solution. Therefore, PSO algorithm is 
used to solve Equation (14) and the optimal value can be obtained. 

Grey incidence analysis is generally used to determine the number of 
variables related to the system variables, but its defect lies in that the 
inclusion of certain influencing factors may also lead to the accuracy 
reduction of grey forecasting model. Therefore, a new technique was 
proposed in this paper to determine the optimal number of related 
variables, which grey incidence degree is combined with fitting and 
prediction results. 

Specifically, the procedures are summarized as follows. Firstly, 
obtain the grey incidence degree between the system characteristic 

c2 =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 if : Equation (12) issatisfied

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

c2 ≥ 0

c2 ≥ max

⎧
⎪⎪⎨

⎪⎪⎩

2(xiraw(k) + c1) −
∑k− 1

i=1
(xiraw(i) + c1)

k − 3

⎫
⎪⎪⎬

⎪⎪⎭

if : Equation (12) is unsatisfied,

i = 1, 2, ...,Nr

(3)   
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sequence and the related factor sequences using grey incidence analysis, 
and then grey incidence ranking can be obtained. Secondly, stepwise test 
is carried out. According to the grey incidence ranking from high to low, 
we can select one, two, …, N numbers of related factors each time to 
establish GM(1,N) model, and then the fitting and prediction effect can 
be calculated. Finally, the optimal “N” value, called “Nr”, is determined, 
which derives from the model with best performance. 

Theorem 3. X1 and Xi(i= 2,3, ...,N) are the indicators as assumed 
before, the grey incidence degree between the system characteristic sequence 
and the related factor sequences is calculated as 

Ri =
1
n

∑n

t=1
ξi(t) (15)  

where ξi(t) =
min

i
min

t
|x0(t)− xi(t)|+ρmax

i
max

t
|x0(t)− xi(t)|

|x0(t)− xi(t)|+ρmax
i

max
t
|x0(t)− xi(t)| , is called grey incidence 

coefficient, 0 < ρ < 1. In general, ρ = 0.5. 

Theorem 4. X(0)
i ,X(1)

i (i = 2,3, ...,N), Z(1)
1 are the indicators as assumed 

before, the matrix B, YNr and the parameter matrix PNr can be expressed as 

B=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

− z(1)1 (2) x(1)2 (2) ⋯ x(1)Nr
(2)

− z(1)1 (3)⋮ − z(1)1 (n)
x(1)2 (3) ⋯ x(1)Nr

(3)
⋮

x(1)2 (n) ⋯ x(1)Nr
(n)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

,YNr =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

x(0)1 (2)
x(0)1 (3)

⋮
x(0)1 (n)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

,PNr =

⎡

⎢
⎢
⎣

a
b2
⋮

bNr

⎤

⎥
⎥
⎦

Then, the model parameters are estimated as follows: 
⎧
⎪⎨

⎪⎩

PNr = B− 1YNr , |B| ∕= 0 if n = Nr + 1
PNr =

(
BT B

)− 1BT YNr if n > Nr + 1
PNr = BT ( BBT)− 1YNr if n < Nr + 1

(16)  

Theorem 5. The matrix B, YNr and PNr are the indicators as assumed 
before, the predicted values of X(0)

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

N are obtained from the 
metabolism GM(1,1) model [54], which is based on the principle of new 
information priority. Then, the fitted and predicted values can be deduced by 

x(0)1 (k)= − ax(1)1 (k − 1)+ β2x(1)2 (k)+⋯+ βNr
x(1)Nr

(k), k= 2, 3, ..., n (17)  

where βi =
bi

1+0.5a , α = a
1+0.5a 

Proof. According to z(1)1 (k) = 0.5x(1)
1 (k)+ 0.5x(1)

1 (k − 1), x(1)
1 (k) =

x(1)
1 (k − 1)+ x(0)

1 (k), the following formulas can be obtained: 

z(1)1 (k) = x(1)1 (k − 1) + 0.5x(0)1 (k)

x(0)1 (k) + a
(

x(1)1 (k − 1) + 0.5x(0)1 (k)
)
=
∑N

i=2
bix(1)i (k)

(1 + 0.5a)x(0)1 (k) =
∑N

i=2
bix

(1)
i (k) − ax(1)1 (k − 1)

x(0)1 (k) =
∑N

i=2

bi

1 + 0.5a
x(1)i (k) −

a
1 + 0.5a

x(1)1 (k − 1)

Suppose that βi = bi
1+0.5a, i = 2,3, ...,Nr; α = a

1+0.5a, then: 

x(0)1 (k)= − ax(1)1 (k − 1)+ β2x(1)2 (k)+⋯+ βNr
x(1)Nr

(k), k= 2, 3, ..., n 

Based on the above analysis, the prediction procedure of GM(1,Nr) 
model is summarized as follows: 

Step1: Check whether the original sequences satisfy both the non- 

negative and quasi-smooth conditions. If not, transforming the orig
inal sequences by Equation (1) to add the non-negative addictive factors, 
and then use particle swarm optimization algorithm to obtain the 
parameter value. Instead, go to the second step. 

Step2: Grey incidence analysis is carried out by Equation (15) and 
the number of variables is determined by the grey incidence ranking of 
the sequence and the result of fitting and prediction. Then, “Nr” is 
determined to construct the GM(1,Nr) model. 

Step3: Solving the parameter matrix PNr of the model by Equation 
(16) and calculating the fitted and predicted values for system charac
teristic data by Equation (17). 

2.2. The verification of the proposed model 

We utilize seven evaluation ways to measure the predictive perfor
mance of the alternative models [55,56], including absolute percentage 
error (APE), mean absolute percentage error (MAPE), fitting degree 
(FD), mean absolute error (MPE), root mean square error (RMSE), 
directional statistics (DS), and Diebold-Mariano (DM) test. The formu
lations are described as follows: 

APE=
|x̂(k) − x(k)|

x(k)
× 100% (18)  

MAPE=
1
n

∑n

k=1

|x̂(k) − x(k)|
x(k)

× 100% (19)  

FD= 100 − MAPE (20)  

MAE=
1
n
∑n

k=1
|x̂(k) − x(k)| × 100% (21)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

∑n

k=1
(|x̂(k) − x(k)|)2

√

(22)  

DS=
1
n

∑n

k=1
Fk × 100 (23)  

DM =
d
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var(d)
√ (24)  

where x̂(k) and x(k) represent the forecasted value and the original 
value, and n represents the total number of periods. For Equation (23), 
Fk = 1 if (x(k + 1) − x(k))× (x̂(k + 1) − x(k)) ≥ 0, otherwise Fk = 0. 
For Equation (24), d = 1

n
∑n

k=1dk, dk = (x(k) − f1,k)2
− (x(k) − f2,k)2; 

Var(d) = 1
n (γ0 + 2

∑n
i=1γi), γi = Cov(dk − dk− i). f1,k and f2,k represent the 

predicted value obtained by the first and second model, respectively. 

3. Empirical analysis and results 

3.1. Data and descriptive statistic 

In 2020, the total GDP in Jiangsu Province is close to 10.28 trillion 
yuan, ranking the second in China. Electricity consumptions can reflect 
economic development, so the case analysis in Jiangsu Province can not 
only provide decision-making basis for resource planning and manage
ment policies, but also provide reference for economy-related gover
nance. The influence factors of electricity consumptions (x0, billion 
kilowatt hours) are generally several representative indicators, which 
are selected from economic factors and other factors related to the 
electric power development. 

Due to the availability of limited data, we selected nine factors 
including GDP of the second industry (x1, billion yuan), total number of 
employees in the secondary industry (x2, million people), major oper
ating revenue of industrial enterprises above designated size (x3, billion 
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yuan), GDP of the third industry (x4, billion yuan), per capita disposable 
income of urban residents (x5, yuan), power installed capacity (x6, 
million kilowatt hours), the power of investment in fixed assets (x7, 
billion yuan), overall regulation of the highest power generation load 
(x8, million kilowatt hours), overall regulation of the highest power 
consumption load (x9, million kilowatt hours). 

The statistical data of electricity consumptions and main influencing 
factors in Jiangsu Province from 2010 to 2020 are provided in Table 1. 
The data are collected from Jiangsu Provincial Bureau of Statistics 
(available at: http://tj.jiangsu.gov.cn/2021/index.html). 

The data in Table 1 are initialized and their initial values are 
depicted as shown in Fig. 2. We can see the data trend of related factors 

and system behavior sequences. Except for three factors (i.e., the in
vestment in fixed assets of power supply, major operating revenue of 
industrial enterprises above designated size, and total number of em
ployees in the secondary industry), the other factors’ sequences show an 
upward trend basically. The data characteristics are consistent with 
system behavior sequences, which can be used for modeling and further 
analysis. 

Through the calculation steps of grey incidence analysis, the influ
encing factors of electricity consumptions are determined, and the re
sults can be obtained in Table 2. The result shows that the biggest factor 
impacting the electricity consumptions in Jiangsu Province is the overall 
regulation of the highest power generation load, followed by the overall 
regulation of the highest power consumption load, GDP of the second 
industry, per capita disposable income of urban residents, GDP of the 
third industry, major operating revenue of industrial enterprises above 
designated size, total number of employees in the secondary industry, 
and the last is the power of investment in fixed assets. 

3.2. Identifying the number of related factors 

Firstly, check whether the experimental data satisfies both the non- 
negative and the quasi-smooth conditions. The result shows that the 
data can be applied directly to establish the grey forecasting model. The 
grey incidence degree between electricity consumptions and its relevant 
factors can be given through grey incidence rankings as shown in 

Table 1 
Electricity consumptions and the main influencing factors.  

Year x0 x1 x2 x3 x4 x5 x6 x7 x8 x9 

2010 3864.37 21861.48 19.99 91077.41 17121.03 22273.00 64.58 103.89 53.03 60.337 
2011 4281.62 25239.22 20.18 107030.09 20699.22 25570.00 69.92 172.13 58.15 66.275 
2012 4580.90 27158.78 20.32 119286.78 23309.75 28808.00 75.32 220.05 58.20 68.566 
2013 4956.62 29149.42 20.41 133605.91 26752.50 31585.00 82.29 201.65 64.01 77.382 
2014 5012.54 31048.84 20.45 141955.99 30174.27 34346.00 85.99 163.73 64.29 78.63 
2015 5114.70 33371.77 20.34 147074.45 33931.69 37173.00 95.29 76.15 68.70 81.183 
2016 5458.95 35041.53 20.27 156591.04 38269.57 40152.00 101.48 89.12 73.60 88.862 
2017 5807.89 39124.11 20.12 148996.61 42700.49 43622.00 114.57 58.93 76.21 102.186 
2018 6128.27 42129.37 19.93 127777.89 46936.47 47200.00 126.96 32.34 79.01 102.879 
2019 6264.36 44270.51 19.61 114089.17 50852.05 51056.00 132.88 59.01 81.76 110.145 
2020 6373.71 44226.43 19.43 120699.39 53955.83 53102.00 141.46 37.43 86.89 108.284  

Fig. 2. Variation tendency of electricity consumptions and main influencing factors.  

Table 2 
Grey incidence degree between electricity consumption and its relevant factors.  

Influencing factors Grey incidence degree Ranking 

x8 0.93026 1 
x9 0.77391 2 
x6 0.70592 3 
x1 0.55855 4 
x5 0.54558 5 
x4 0.53957 6 
x3 0.51798 7 
x2 0.50542 8 
x7 0.50374 9  

X. Du et al.                                                                                                                                                                                                                                       

http://tj.jiangsu.gov.cn/2021/index.html


Energy 262 (2023) 125439

7

Table 2. 
The result shows that grey incidence degree between the related 

factors and the electricity consumptions were greater than 0.5. There
fore, the related factors will have a significant impact on the forecasting 
of electricity consumptions. Besides, according to the rankings, we select 
the first, second, …, fourth variable (from high to low) to establish the 
GM(1,Nr) model and calculate the MAPE of fitted values as shown in 
Fig. 3. When we choose the first variable, the MAPE of fitted values is the 
smallest (3.616%). Besides, the value tends to increase if more factors 

Fig. 3. Stepwise test result.  

Table 3 
Fitted values of electricity consumptions by different models.   

Year Actual 
value 

GM(1,Nr) Traditional GM(1,N) Traditional GM(1,1) Metabolism GM(1,1) FDGM Holt ES 

Fitted 
value 

APE 
(%) 

Fitted 
value 

APE 
(%) 

Fitted 
value 

APE 
(%) 

Fitted 
value 

APE 
(%) 

Fitted 
value 

APE 
(%) 

Fitted 
value 

APE 
(%) 

train 
set 

2010 3864.37             
2011 4281.62 3881.04 9.4 4281.62 0.094 4343.91 1.5 4384.89 2.4 4345.27 0.015   
2012 4580.90 4964.75 8.4 4580.90 0.084 4556.71 0.5 4578.13 0.1 4558.05 0.005 3864.37 15.6 
2013 4956.62 5075.36 2.4 4956.62 0.024 4779.94 3.6 4779.88 3.6 4781.25 0.035 4202.34 15.2 
2014 5012.54 4963.29 1.0 5012.54 0.010 5014.11 0.0 4990.53 0.4 5015.38 0.001 4512.35 10.0 
2015 5114.70 5263.99 2.9 5114.70 0.029 5259.74 2.8 5210.46 1.9 5260.97 0.029 4875.31 4.7 
2016 5458.95 5630.17 3.1 5458.95 0.031 5517.41 1.1 5440.08 0.3 5518.59 0.011 4990.10 8.6 
2017 5807.89 5828.21 0.3 5807.89 0.003 5787.70 0.3 5678.73 2.2 5788.82 0.003 5092.17 12.3  
2018 6128.27 6041.72 1.4 6128.27 0.014 6071.23 0.9 5928.02 3.3 6072.28 0.009 5390.28 12.0  
MAPE 
(%)   

3.616  3.616  1.345  1.77  1.347  11.21 

test 
set 

2019 6264.36 6353.01 1.4 6353.01 0.014 6368.66 1.7 6497.88 3.7 6369.63 0.017 5731.53 8.5 
2020 6373.71 6585.38 3.3 6644.19 0.042 6680.65 4.8 6534.56 2.5 6681.53 0.048 6056.30 6.7 
MAPE 
(%)   

2.368  2.829  3.24  3.131  3.255  6.743  

Table 4 
Range of MAPE [58].  

MAPE(%) Prediction performance 

<10 Excellence 
10–20 Good 
20–50 Reasonable 
>50 Incorrect  

Table 5 
Comparisons between GM(1,Nr) model and other models.   

GM(1,Nr) Traditional GM(1,N) Traditional GM(1,1) Metabolism GM(1,1) FDGM Holt ES 

FD 97.632 97.171 96.76 96.87 96.745 93.257 
MAE 150.163 359.133 205.619 197.185 206.547 425.119 
MAPE 2.368 2.829 3.24 3.13 3.255 6.743 
RMSE 162.273 284.639 229.228 200.505 230.041 438.552 
DS 100 100 100 100 100 0 
ranking 1 2 4 3 5 6  
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are involved. So, the number of relevant variables of GM(1,Nr) model is 
determined as 1 and the parameter Nr is set as 2. 

3.3. Forecasting electricity consumptions in Jiangsu Province 

In this paper, the experiment of the proposed GM(1,Nr) model is 
carried out by MATLAB R2017b. Due to the availability of limited data, 
the dataset is divided into training set (from 2010 to 2018) and test set 
(from 2019 to 2020). At the same time, we establish the traditional GM 
(1,N) model, the traditional GM(1,1) model, metabolism GM(1,1) 
model, fractional discrete grey model (FDGM) [57], and exponential 
smoothing method (Holt ES) for comparative analysis. The results of the 
above six models are presented in Table 3. The absolute percentage error 
and mean absolute percentage error of the fitted values for each fore
casting model are calculated according to Equations (18) and (19). 

Model fitting effect is measured according to the prediction accuracy 
standard of MAPE as shown in Table 4. The MAPE of six models are all 
below 10%, and the model prediction grade is excellent. As for the value 
of FD, grey forecasting model is above 95% at high level, while Holt ES 
model is below 95%. These evidences indicate that grey forecasting 
model has better fitting performance for small sample data. 

For model evaluation, the prediction effect of the model is more 
important than the fitting degree, because the prediction effect can 
better reflect the stability and reliability of the model’s prediction 
ability. For the test set, the performance of the proposed GM(1,Nr) is 
significantly better than other models, and the prediction of MAPE is 
2.368%, which is at the lowest level among all the models, such as 
traditional GM(1,N) model (2.829%), traditional GM(1,1) model 
(3.24%), metabolism GM (1,1) model (3.13%), FDGM model (3.255%), 
and Holt ES model (6.743%) as shown in Table 5. Compared with its 
own fitting effect, the accuracy of the proposed model is improved. 
However, traditional GM(1,1) model, metabolism GM(1,N) model, and 
FDGM model decrease in different degrees. FDGM model is unable to 
show its advantage, which means this model cannot be applied in this 
forecasting case. With regard to other indexes, such as MAE and RMSE, 
the values of GM(1,Nr) areae obviously the lowest, and its FD is the 
highest. Besides, DS and DM test are also provided for further analysis. 
These specific values can be seen in Tables 5 and 6 and their compari
sons are depicted in Fig. 4. DS result shows that the directional fore
casting accuracy of these models(100) is good except Holt ES model(0). 
And We can deduce that our model has a significant probability to 
perform well based on DM test. 

Fig. 5 shows the line graph of the actual sequence, GM(1,Nr) model, 
traditional GM(1,N) model, traditional GM(1,1) model, metabolism GM 
(1,1) model, FDGM model and Holt ES model. We can find that the 
fitting and prediction sequences of GM(1,Nr) model, traditional GM(1, 

N) model, traditional GM(1,1) model, and metabolism GM(1,1) model 
are relatively close to the actual data sequence with similar morphology, 
yet the FDGM model and Holt ES model show obvious deviation from 
the original sequence. In addition, the performance of metabolism GM 
(1,N) is better than that of traditional GM(1,1) model in predicting 
stage, which proves the rationality and effectiveness of this optimization 
to a certain extent. 

In general, GM(1,Nr) performs best of all benchmark models. The 
prediction effect of GM(1,Nr) model is better than that of the traditional 
GM(1,N), which indicates that the improvement of the traditional GM(1, 
N) model is effective, and also demonstrates that the metabolism GM 
(1,1) model can improve the model accuracy. Holt ES model is also 
unsatisfactory in terms of prediction effect, because its MAPE is the 
largest among all the benchmark models, indicating its weak ability to 
reduce uncertainty factors. Univariate grey forecasting models (i.e., 
traditional GM(1,1) model, metabolism GM(1,1) model) are better than 
other models in terms of fitting effect. Though the prediction accuracy is 
slightly lower, it is still higher than the FDGM model and the Holt ES 
model, showing the superiority of grey forecasting model. Because of the 
lack of information extracted from relevant factors, it is slightly inferior 
to the multi-variable grey forecasting model. 

Based on above analysis, it can be preliminarily judged that the 
proposed GM(1,Nr) model has the best adaptability to predict electricity 
consumptions in Jiangsu Province. It is also demonstrated that the 
extraction of influencing factors can significantly improve the prediction 
effectiveness, especially when pursuing the best fitting effect on small 
sample data. Meanwhile, it is essentials to determine the number of 
influencing factors by combining the grey incidence analysis and 
checking the fitted effects. 

After verifying the rationality of the proposed model in this paper, 
the electricity consumptions of Jiangsu Province can be predicted. 
Firstly, the main relevant factor of the next 10 years, i.e., overall regu
lation of the highest power generation load, need to be obtained. Due to 
the lack of actual data at present, this paper adopts metabolism GM(1,1) 
model to infer the appropriate value. In order to ensure that the grey 
forecasting model is suitable for prediction, the grey exponential rate is 
checked before modeling. The results show that the fitted value of MAPE 
is 1.252%, indicating an excellent accuracy. Therefore, the prediction 
could be made based on the metabolism GM(1,1) model, and the pre
diction results are shown in Table 7. 

Based on the prediction result, the GM(1,Nr) model is constructed, 
and the predicted values from 2021 to 2030 are calculated as shown in 
Fig. 6. The analysis shows that the electricity consumptions of Jiangsu 
Province in the next 10 years is still at a high level and will keep rising. 
Specifically, it will achieve 6871.47 billion kilowatt-hours (KWHs) in 
2021, 7129.17 billion KWHs in 2022, 7413.49 billion KWHs in 2023 and 
so on. The specific values can provide reference for government de
partments to make economic policy related decisions. 

4. Conclusion and policy implications 

4.1. Conclusion 

In this paper, a novel grey forecasting model i.e., GM(1,Nr) model is 
constructed by combining particle swarm optimization algorithm, grey 
incidence analysis and the metabolism GM(1,1). Besides, the proposed 
model is compared with traditional GM(1,N) model, traditional GM(1,1) 
model, metabolism GM(1,1) model, FDGM model and Holt ES model to 
demonstrate its superiority. The following findings can be drawn:  

(1) The proposed GM(1,Nr) model is more effective than the other 
two grey forecasting models, which indicates that the proposed 
model can predict the electricity consumption in Jiangsu Prov
ince in a more accurate way. To overcome the defects of the 
traditional grey forecasting model, we develop three improve
ments to the traditional GM(1,N) model: Firstly, introducing two 

Table 6 
The Diebold-Mariano test results of different models.   

Traditional 
GM(1,N) 

Traditional 
GM(1,1) 

Metabolism 
GM(1,1) 

FDGM Holt ES 

GM(1,Nr) − 1.054 
(0.000)* 

0.703 
(0.000)* 

0.791 
(0.000)* 

0.711 
(0.000) 
* 

− 1.071 
(0.000) 
* 

Traditional 
GM(1,N)  

0.893 
(0.000)* 

1.147 
(0.000)* 

0.896 
(0.000) 
* 

− 1.071 
(0.000) 
* 

Traditional 
GM(1,1)   

− 0.436 
(0.000)* 

1.068 
(0.000) 
* 

− 1.071 
(0.000) 
* 

Metabolism 
GM(1,1)    

0.476 
(0.000) 
* 

− 1.071 
(0.000) 
* 

FDGM     − 1.071 
(0.000) 
* 

Note: “*” indicates significant level at 1%. 
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constants to satisfy the basic modeling conditions and using 
particle swarm optimization to find the parameter value; Sec
ondly, the number of related factors is determined by grey inci
dence analysis and stepwise test of the fitting and prediction 
errors; Thirdly, the metabolism GM(1,1) is used to improve the 
prediction accuracy of GM(1,Nr) model. The proposed model is 
applied to the prediction case of electricity consumptions in 
Jiangsu Province, and also compared with the fitted results of 
traditional grey forecasting models and time series models. The 
results show that the fitting accuracy of GM(1,Nr) model is 
significantly higher than that of the other five models.  

(2) By using the grey incidence analysis, it is found that the following 
factors, such as GDP of the second industry, total number of 

employees in the secondary industry, major operating revenue of 
industrial enterprises above designated size, GDP of the third 
industry, per capita disposable income of urban residents, power 
installed capacity, the power of investment in fixed assets, and 
overall regulation of the highest power generation load have a 
significant impact on the electricity consumptions. Therefore, 
electricity consumptions in Jiangsu Province is attributed to the 
level of economic development, internationalization, living 
standards of residents, and relevant investment in electricity, 
which coincides with the conclusion of existing studies. Based on 
the GM(1,Nr) model, the amount of electricity consumption is 
predicted. The results show that the value will continue to in
crease in the future. 

4.2. Policy implications 

Under the background of power consumption increasing with 
economy, we can solve the contradiction between power supply and 
demand from both sides. On the supply side, China mainly relies on 
thermal power generation at present. According to the latest data from 
the National Bureau of Statistics, the cumulative thermal power gener
ation has reached 5.28 trillion KWHs in 2020, accounting for 71.19% of 
the total power generation. In recent years, the trend of thermal power 
generation has been gradually decreasing. And thermal power mainly 
depends on coal, which will produce a large amount of CO2, and then 
bring a series of environmental problems [59]. 

Thus, China needs to explore a low carbon development mode when 
using coal or other clean or new energy to further reduce coal-fired 
power and achieve the goal of the proposed “carbon dioxide peaking” 
and “carbon neutrality” [60]. On the demand side, due to the particu
larity of electricity, i.e., electricity demand is concentrated, it is also 
crucial to reduce peak load and achieve balanced electricity consump
tions. From the perspective of government and enterprises, more tech
nical measures should be explored to optimize the way of electricity 
consumptions, such as load monitoring, Ultra High Vacuum trans
mission, energy storage, and other load management technologies. From 
the perspective of publics, it is necessary to raise awareness of envi
ronmental protection, cultivate the atmosphere of saving electricity in 

Fig. 4. Comparison between the GM(1,Nr) model and the other models.  

Fig. 5. Comparisons of the fitted value of six models with the actual value.  

Table 7 
Predicted value of the main relevant factor.  

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030 

Predicted value 8986.34 9323.36 9695.19 10084.74 10474.42 10891.61 11319.06 11761.70 12224.63 12701.75  
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the whole society. 

4.3. Limitation and future directions 

The GM(1,Nr) model proposed in this paper is an effective tool to 
analyze and predict electricity consumptions in Jiangsu province, but it 
should be noted that this paper remains some limitations. For example, 
in the selection of related factors, qualitative factors are not considered. 
In fact, some qualitative factors may also have a strong impact on 
electricity consumptions, such as electricity price, government financial 
support and so on. In the future, the impact factors could be further 
quantified to improve the forecasting prediction of electricity con
sumptions. In addition, the proposed GM(1,Nr) model can be further 
optimized, such as utilizing background value optimization to reduce 
the impact of the lack of the model itself on prediction effectiveness. 
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