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Abstract: The accurate prediction of China’s energy consumption and CO, emissions is important for
the formulation of energy and environmental policies and achieving carbon neutrality. This paper
proposes a new weighted error evaluation criterion that emphasizes the importance of new data,
thereby enabling more accurate capture of the variation characteristics of new data and reflecting
the principle of new information priority. By optimizing the development coefficient, grey action,
and parameters in the time response formula of the traditional GM(1,1), a novel optimized model,
OGMW(1,1), is constructed. The accuracy of the new model is verified by three cases from the
literature. The future trends of primary energy, oil, and coal consumption and CO, emissions in
China are predicted over the next five years. The conclusions are as follows: First, the new weighted
error evaluation criteria are effective and reasonable and can indicate whether a grey model can
reliably use the most recent information for modeling. Second, based on the new error evaluation
criteria, the development coefficient, ash action, and parameter C in the time response function can
be optimized. The results show that the optimization method is reasonable. Third, compared with
the traditional models GM, GMO, and ARIMA, the OGMW(1,1) provides better simulation and
prediction accuracy, and new information can be prioritized more effectively. Fourth, the forecasting
results indicate that China will increase its consumption of primary energy, oil, and coal, as well
as its CO, emissions. Notably, the growth rates of primary energy and oil consumption are high
at approximately 22.7% and 25%, coal consumption will increase slightly, and CO, emissions will
increase by approximately 11%.

Keywords: error evaluation criteria; OGMW(1,1); energy consumption; CO, emissions; forecasting

1. Introduction
1.1. Background

Since the carbon-neutral target was first proposed and popularized, a transition to
low-carbon energy forms has occurred globally to varying degrees, and due to the influence
of COVID-19, global energy supply instability is an important issue. According to data from
the IEA Global Energy Review 2021, the global energy demand decreased by 4% in 2020 due
to the economic recession caused by the pandemic. Global energy demand is expected to
grow by 4.6% year-over-year in 2021, reaching a level 0.5% higher than that in 2019, before
the pandemic. Nearly 70% of the increase in demand will come from emerging markets
and developing countries, with a value 3.4% higher than that in 2019. Since the second half
of 2021, there has been a large-scale global energy shortage. Due to the contrast between
supply and demand and extreme weather factors, global coal, oil, and natural gas prices
have explosively increased. The rhythm of China’s energy market is basically synchronized
with that of the world market. Since the second half of 2021, the supply of coal, natural
gas, and electricity in many places in China has been limited. The energy shortage has
triggered reflection and discussion regarding the positioning of fossil energy and non-fossil
energy in China. On the one hand, in 2021, China announced a series of new action plans
for implementing carbon peaking and carbon neutralization strategies, developed new and

Energies 2024, 17, 5256. https:/ /doi.org/10.3390/en17215256

https:/ /www.mdpi.com/journal/energies


https://doi.org/10.3390/en17215256
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://doi.org/10.3390/en17215256
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en17215256?type=check_update&version=1

Energies 2024, 17, 5256

2 of 25

more detailed plans for medium- and long-term carbon peaking and carbon neutralization,
and reiterated a series of goals related to energy transformation, carbon peaking, and carbon
neutralization. The newest policy document proposes that non-fossil energy consumption
should reach approximately 20% by 2025. By 2030, approximately 25% of primary energy
consumption will come from non-fossil sources. By 2060, an eco-friendly, low-carbon, and
circular economy will be established; at this time, more than 80% of energy will be derived
from non-fossil sources. On the other hand, in China, PM, 5 pollution and carbon emissions
are primarily caused by primary energy consumption [1]. As reported in the BP, in 2020,
China’s primary energy consumption totaled 145.46 exajoules, with a year-on-year increase
of 2.4%, accounting for 26.1% of the global total and ranking first. In 2020, China accounted
for 30.7% of the world’s total carbon emissions, with 9899.33 million tons. In this context,
studies must be conducted to determine whether the carbon peak and carbon neutralization
goals can be met. Therefore, reasonable predictions of energy consumption, especially coal
and oil consumption, and CO, emissions in China are important for formulating pragmatic
carbon-neutral energy policies.

1.2. Review of Existing Forecasting Methods and Grey Models

It is currently possible to predict energy consumption and carbon emissions using three
different methods. The first category includes statistical analysis models; the main methods
in this category include the vector autoregressive model [2], the autoregressive integrated
moving average model [3,4], time series analysis [5], multiple linear expression [6], the expo-
nential smoothing method [7], the environmental Kuznets curve model [8], and the Markov
model [9]. The second category includes artificial intelligence models. The main models
include artificial neural networks (ANNSs) [10-12], support vector machines (SVMs) [13,14],
BP neural networks [15], and hybrid artificial intelligence models [16]. The third category
includes grey prediction models. Since Deng first proposed the grey system theory [17],
the grey model has garnered significant interest among scholars because it can fully utilize
information from small samples and provides a simple modeling technique with high pre-
diction accuracy. Unlike machine learning and statistical methods for analyzing big data,
grey models employ small-sample datasets for making predictions. Thus, these models
are effective for solving high-uncertainty problems with limited available information. In
particular, there is a growing use of grey models in forecasting energy consumption and
carbon emission trends [18], including for electricity [19], renewable energy [20], natural
gas [21,22], aircraft remaining useful life [23], and carbon emissions [24,25]. In addition,
grey models are widely applied in the areas of air pollution [26], traffic flow analysis [27],
industrial development [28,29], landslide assessment [30], and others. Grey models have
proven to be effective in forecasting epidemics since COVID-19 emerged, thus providing a
foundation for forming epidemic prevention policies in various countries [31,32].

GM(1,1) is the simplest and a core grey model, but it also possesses numerous draw-
backs, including unstable performance, restricted adaptability, low simulation accuracy, and
high prediction error [33]. To reduce the prediction error, scholars have optimized GM(1,1)
in different ways, thus providing a theoretical basis for expanding the application field
of GM(1,1) [34]. The optimization methods are mainly based on the following strategies.
The first strategy involves the processing of raw data. GM(1,1) can undergo enhancements
by increasing the smoothness of the original data. For example, a logarithmic transforma-
tion could be performed on the original data [35], a cotangent function could be used to
transform the original data [36], or a weighted buffer operator [37] or weakened buffer
operator [38] could be used to preprocess the original data. Fractional-order accumulation
is applied to replace the original integer-order accumulation strategy and improve the
applicability of this method to cases with nonexponential series [39]. The second strategy
involves the optimization of initial values. The selection of initial conditions also plays a
large role in forecast accuracy. In the classic GM(1,1), the first value of the series is used
to establish the initial value condition. However, this initial condition may not satisfy the
priority of new information [40]. Thus, the first component of the first-order accumulation
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generation sequence is used as the initial condition [41]. Additionally, the weighted sum of
the components of the first-order accumulation generation sequence is used as the initial
condition [42]. By optimizing the objective function and considering the minimum average
relative error criterion, the optimal initial value is selected [43]. Optimizing the background
values falls into the third category. The formula used for determining the background
values in the GM(1,1) can affect the forecasting result. Therefore, to improve the perfor-
mance of GM(1,1), the background value formula must be improved [44]. For example, a
new background value optimization method was proposed based on the number of grey
features [45]. The expression of background values can be derived based on a nonhomo-
geneous exponential function [46]. Additionally, a first-order cumulative sequence was
regarded as a homogeneous exponential sequence to optimize the background values [47].
In another study, a mathematical method of variable parameters was used to calculate
the background value [48,49]. The fourth category involves the optimization of model
parameters. In the GM(1,1), the least squares method (LSM) is typically used for parameter
estimation to minimize the sum of the squares of the fitting errors and determine the
development coefficient and grey action. However, when the original dataset is large or
ill conditioned, ill-conditioned results may be obtained, thus reducing the applicability of
the model. To improve the robustness, the optimal parameters have been computed using
various optimization algorithms. Some examples include the simulated annealing algo-
rithm [50], moth flame optimization [51], the marine predator algorithm [52], and particle
swarm optimization [53]. By using these optimization algorithms, the grey model has been
improved in terms of prediction accuracy. The fifth category involves the optimization of
the structure. For example, NGM(1,1,k), NGM(1,1,k,c), GMP(1,1,n), and GM(1,1,u (t)) were
constructed by modifying the grey action [54-57]. A full-order time-power grey prediction
model was constructed by adaptively changing the model structure and parameters [58].
For predictions involving nonhomogeneous exponential series, a varistructure grey model
with speed adaptation was proposed [59]. For real problems involving nonlinear time
series prediction, nonlinear GM(1,1) power models have been proposed, including the grey
Verhulst model [60], Weibull-Bernoulli grey model [61], nonhomogeneous grey Bernoulli
model [53], and conformable fractional nonhomogeneous grey Bernoulli model [22]. The
sixth category involves building combined grey models. Combined models can be formed
by combining a grey model and an artificial intelligence method or a statistical analysis
model to improve the predictive performance. For instance, the Markov model and ARIMA
model were established by incorporating the grey prediction model [62,63]. The ARIMA
model was combined with the GM(1,1) and applied to forecast energy consumption in
China [64]. The GM(1,1) was combined with an exponential smoothing model and an
ANN model and successfully applied for the prediction of automobile life cycles [65].
Additionally, a grey prediction model was combined with a neural network and applied to
predict the degradation of fuel cells [66].

The incorporation of new information can lead to an improvement in forecast accuracy.
Therefore, the priority of new information has been highly valued in modeling. Generally,
the rolling prediction mechanism is applied to construct an optimization model by utilizing
the latest information [67-69]. Through this mechanism, new prediction information is
continuously added to the modeling data, thereby improving its efficiency. Additionally,
GM(1,1) can be modified to form GOM(1,1) by improving the accumulation mode and intro-
ducing a reverse accumulation operation, using new data to present the prioritization [70].
Unlike the accumulation method used in the GOM(1,1) model, which cannot represent
prioritization, the fractional-order accumulation operation and fractional-order reverse ac-
cumulation operation comply with the principle of new information prioritization and their
scope of application can be extended to incremental sequences [39]. Accordingly, scholars
successively developed the fractional Hausdorff grey model [71]), fractional accumulation
discrete grey model [72], and other models. In view of the complex calculation process
associated with fractional accumulation, a novel model, CFGM, was constructed by Ma
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et al. [73]. Additionally, the models CFNHGBM(1,1,k) [22], CFGOM(1,1) [74], CFGNOM
(1,1) [75], and other similar models have been developed.

1.3. Contributions and Structure of This Paper

Overall, GM(1,1) is being continuously optimized, and the optimization methods
used are becoming increasingly diversified. However, different error criteria are generally
applied to assess the predictive performance of grey models in the literature, and a unified,
reasonable, and standardized error evaluation system has not been established. In addition,
most studies have examined how well a model uses the latest information from a distur-
bance perspective and have rarely assessed whether the forecasting results can describe the
characteristics of new data by optimizing the error evaluation criteria. Therefore, this paper
proposes a new optimized grey model OGMW (1,1) to address the above shortcomings and
predicts China’s primary energy, oil, coal consumption, and CO; emissions based on the
validation of the model’s effectiveness.

(1) This paper proposes a novel weighted error evaluation criterion, which emphasizes
the significance of new data by assigning greater weight to the deviation calculations
of such data. This enables a more precise capture and reflection of the changing char-
acteristics of new data, fully embodying the principle of prioritizing new information.

(2) Based on the new error evaluation criterion, optimizations have been made to the
development coefficient a, grey action b, and parameter C in the time response formula
of the traditional GM(1,1) model. Consequently, a new optimized model, OGMW(1,1),
has been proposed, aiming to further enhance prediction accuracy and applicability.

(38) To validate the practical effectiveness of the OGMW(1,1), we select four representative
cases for application and testing. The results indicate that, compared with traditional
models such as GM, GMO, and ARM, the OGMW(1,1) exhibits superior prediction
performance, demonstrating its advantages in handling complex data sequences.

(4) Given the excellent prediction capabilities of the OGMW(1,1), we further applied it
to forecast primary energy, oil, and coal consumption and CO; emissions in China
from 2021 to 2027. The objective is to provide scientific bases and forward-looking
data support for energy policy formulation and environmental protection strategies.

The remainder of this paper is structured in the following manner. In Section 2,
we introduce the weighted error evaluation criteria that prioritize new information. In
Section 3, the optimized GM(1,1) with weighted error evaluation criteria (OGMW(1,1))
and the related properties are introduced. In Section 4, the validity of the new model
is explored using three cases from the literature. In Section 5, four examples involving
primary energy, oil, and coal consumption and CO; emissions in China are explored to
assess the effectiveness of the OGMW(1,1) and forecast the related trends over the next five
years. In Section 6, the conclusions are given.

2. Weighted Error Evaluation Criteria

With the so-called new information priority, new data are deemed to provide more
important information than old data. Thus, there is more information in x(*) (1) than in
x©) (1 —1). A model can provide good prediction performance only if the most recent data
characteristics of a sequence are considered. Therefore, in the modeling process, we should
fully consider the priority of new information. Similarly, this principle should be followed
when evaluating the results of a model.

Next, we consider an example. Assume that a raw non-negative sequence is
X©® = (11 8 6 55 6 8 11) and that sequences Y(© = (118655678) and
7(0) = (876556811) are modeling results based on two different methods. A scat-
ter diagram of the three sequences is shown in Figure 1. The last two numbers of sequence
Y(©) deviate from the original value set, the first two numbers of sequence Z(%) deviate from
the original value set, and the degree of deviation is the same. Therefore, which modeling
result is better?
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Figure 1. Scatter diagram of sequences Y(?) and Z(®) and the original sequence.

Using the existing error evaluation criteria, the mean absolute percentage error
(MAPE), mean absolute error (MAE), and mean squared error (MSE), the following results
can be obtained:

O (k) — £00)
mapE — L [22E=2TE |50,
ni=1) o xO(k) (1)
_ l(i + 1)
S 8'11 8
MAE = § [0 (k) - 20 k)
i @
1 n
MSE == (x(0> (k) — £(0) (k))
i ©

Based on the three existing evaluation criteria, the accuracy of the two modeling
results seems to be the same, but is this truly the case? According to the prioritization of
new information, the ability of a model to use new information and capture the most recent
characteristics of an original sequence is very important. Considering the importance of
new information, a deviation associated with new data has a greater impact on the result
than do variations in the old data. Therefore, only when the new data deviate little can
enhanced prediction performance be achieved. In the 7(0) series, only the old data deviate,
and the most recent data do not deviate, so the modeling result is better than that for the
other series because the new information is more appropriate for modeling and prediction.
Therefore, when evaluating the error of a model, the weight of the deviation of new data
should be greater than the weights for other data. However, the existing evaluation indexes
treat old and new data equally. Considering this deficiency, new weighted error evaluation
criteria are proposed, which are defined as follows:

Definition 1. The overall absolute error (WAE) and squared error (WSE) with increasing weight
values are computed as follows:

n
k
WAE =
,{;1(1+2+---+n)

20 (k) — 2 (k) )
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WoE= 1:21 (142 +k. ) <x(0) (k) - 20 (k))z )
Based on the WAE and WSE, the previous example is revisited:
n k
WAEY =¥ o ‘x(O)(k) - f(O)(k)‘
:(3;86><3+3Z6x1) 6)
> (3 X3+ 53¢ x 1) = WAEz
Wby él (1+2+k +n) ( O _f(o)(k)f
:(?:6><9+?;6x1) )
> (3¢ X9+ 3¢ x 1) = WSEz

Obviously, compared with the original sequence, the error for sequence Y () is greater
than that for Z(©), so Z(9) is the better result, which is consistent with our analysis above.
However, there is another problem in this case. If a value in the original sequence is
very large, even if the modeling result is only slightly offset from the original sequence,
very large WAE and WSE values will be produced. How can we better evaluate the
forecasting accuracy? To solve this problem, the concept of relative error is considered,
and an evaluation index for the relative weighted error is proposed. This index is defined
as follows.

Definition 2. The relative weighted absolute error (RWAE) and the relative weighted square error
(RRWSE) are calculated as follows:

WAE
RWAE = ———— % 100% (8)

RRWSE = — Y22 % 100% ©)

The magnitudes of RWAE and RRWSE depend on the values of WAE and WSE when the
original sequence remains unchanged. In this study, when RWAE < 5% or RRWSE < 5%, the
result of a model is considered reasonable.

3. The Optimized GM(1,1) Model with Weighted Error Evaluation Criteria (OGMW(1,1))

Based on the GM(1,1), the optimization of the development coefficient, grey action, and
time response function parameter C in the grey model under the weighted error evaluation
criteria mentioned above is discussed, and a data example is used to illustrate the process
of the optimized model.
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3.1. Model Optimization

T
Definition 3. Set the initial sequence as X(0) = (x(o)(l), x0(2), x0(3) ... x(o)(n)) , where

T
the symbol T represents transposition. X(1) = (x(l)(l), xM(2), xM(3). ..x(l)(n)) is the
first-order cumulative generation sequence (1-AGO) of the original sequence, where

k
Wk =Y xOk),k=12,-,n (10)
i=1

Then,
xO (k) +azW (k) = b
2 (k) = w (11)

is called the GM(1,1), where Z\V) is the nearest mean generation sequence of XV) . The whitening
equation is
dx(l)
dt
As shown in Formula (9), parameters a and b can directly affect the predictive performance. To
reasonably estimate a and b , the least squares criterion is adopted in many models; that is,

+axM) =p (12)

m — (B7B) 'BTY (13)
where
—M(2) 1 x(0)(2)
—-M3E) 1 ) (3
T R
—Z(l)(Tl) 1 x(O)(n)

We use the weighted error evaluation criteria when comparing the advantages and
disadvantages of different grey prediction models. However, in the model optimization
algorithm, if we continue to minimize the sum of squared errors and use the LSM to
estimate the model parameters rather than minimizing the weighted error, a disconnect
between model optimization and model tests will occur, and the weighted error of the
model may not reach a minimum. Therefore, the parameter estimation method is optimized,
and the expressions for a and b are as follows, as shown in Appendix A.

v kzO(k) ¥ kx©@ k) — ¥ k ¥ kx© (k)20 (k)
g k=2 k=2 k=2 k=2 2
Yk 3 k() = (% kW (k)
" k=2 k=2 " k=2 (14)
Y kx©O (k) +a ¥ kzM (k)
h— k=2 k=2
5k
k=2

In accordance with Equation (10), the following is an expression for the time
response function:

axV 4 ax(M) = b= 2 (k) = Ceok 4 b

£01) =2M (1) = Cce + 2 (15)
= 0) _ —ak a _
O (k) = Ce k(1 —e"),k=2,3,--- ,n

=
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In the GM(1,1), C in the time response function is obtained by setting the initial value
to (0 (1). In this way, the modeled fitting curve must pass through the point (1, x(9)(1));
however, this approach does not represent the prioritization of the latest information or
the criterion of minimizing the overall weighting error. Therefore, the parameter C in the
time response function is directly determined based on the minimum WSE, as shown in
Appendix B.
£ k) () ek — ena) 4 ea(x0) (1) - 2)
= ; a (16)
Y k(e—uk _ ea—ak)z + ¢p—2a
k=1

In summary, the above parameter optimization model and time response function
used to improve the GM(1,1) are combined to form the OGMW(1,1); a direct expression for
the time response function is

¥ k() (k) (e — e7=K) 4 e~ (x(0) (1) — Z> b
2 (k) = &=L . etk 4 0 (17)
Y k(efak _ eafak)Z 424 a
k=1
The final model formula is
fj kx(©) (k) (e~ — e2=k) 1 e=a(x(0)(1) — g) )
20 (1) = 20)(1) = &=L . et
Y k(e—ak _ ea—ak)z L2 a
Z o b (1)

¥ kx 0 (k) (= — ") + e~ (x(0)(1) — -)
20 (k) = =2 ?

m e*“k(l—e“),k:Z,B,---,n
Z k(e—ak _ ea—ak)z + e—2a
k=1

3.2. Data Example

In this section, the OGMW(1,1) is used to model a group of random positive sequences
X(©) = (424 6812) to illustrate the process of the optimized model.

According to Formulas (8) and (9), the first-order cumulative generation sequence
of the initial sequence is X(!) = (461016 24 36), and the immediate mean generation
sequence is Z(1) = (5813 20 30); then, the following matrix can be obtained:

-5 1 2 =10 2

-8 1 4 -24 3
B=|-13 1 |,Y=1|6|,Z=|-52 4
-20 1 8 —-100 5

=30 1 12 —180 6

According to Formulas (12) and (13), 2 = —0.3743 and b = 0.7508 can be obtained.
The parameter C = 4.0654 in the time response formula can be calculated, and the time
response formula is

2 (k) = 4.0654¢"3743 — 2.0059
The final reduction formula is
20 (1) = 2M (1) = 3.9049
2O (k) = 1.2693 x 03743k = 2,3,... n

According to the final reduction formula, OGMW(1,1) can be established. The sim-
ulated values of this random sequence are listed in Table 1. According to the simulated
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values, from Formulas (7) and (9), it is easy to calculate the relative mean weighted variance
root of the simulation results as RRWSE = 4.7518%. The simulation curve and error are
shown in Figure 2. The simulation results of the optimized OGMW(1,1) fit the original data
well, and the optimized model is effective and reasonable.

Table 1. Simulation results of the OGMW(1,1) for a random sequence.

Raw Data 4 2 4 6 8 12 MAPE (%) RRWSE (%) RMSE
Value 39049 26832 39011 56720 82467  11.9902
OCMWAD ™ Eror  —00951 06832 00989 —03280 02467 —00008 05477 47518 03302

. § . . = T T T T T T
——Raw data '
OGMW(1,1) o6k |

04

oo
Error
.

021

\./ _ozf
1 2 3 4 5 6 04 I 2 3 4 5 6
Time Point Time Point

Value

Figure 2. Fitting curve and error of the OGMW(1,1) results.

3.3. Modeling Process
The flow chart in Figure 3 shows how to employ the OGMW(1,1) model for forecasting
and illustrates the modeling process.

> Collect raw data
i / OGMW (1,1) \
Calculate the cumulative generation sequence (1-AGO) According to formula 12 or formula
and the adjacent mean generation sequence(MEAN) 13, calculate the development
coefficient a and grey action b

} ]

Establish OGMW (1,1) model > Calculate the parameter C in the
time response equation
N l according to equation 22

I

Calculate the final reduction formula of
the model according to formula 29

o /

Calculate the RRWSE of the model according to
the simulated value and formula 9

RRWSE<5%?

Y
v

Calculate predicted value

Figure 3. Flow chart of the OGMW(1,1).



Energies 2024, 17, 5256

10 of 25

4. Validation of the OGMW(1,1) Model

Now, we use three cases from the literature to verify the validity of the OGMW(1,1).
To effectively illustrate the predictive performance of OGMW(1,1), we use the initial value
optimization model GMO(1,1) [41], the traditional GM(1,1), and the autoregressive moving
average model (ARIMA) as benchmark models. For convenience of expression, GMO, GM,
and ARIMA are used to abbreviate these models.

Case 1. We consider an example from [41], which provides sample data. Given the small amount of
data, we use the full data for modeling and compare the performance of each model for fitting small
systems. The prediction results are listed in Table 2. The curve fitting results are shown in Figure 4.
The errors of the prediction results are shown in Figure 5. We can see that the modeling results
of the ARIMA model in this small sample are poor, with large errors and more serious deviations
from the raw sequence. The modeling results of the three grey models are closer; from Figure 4, the
three modeling curves are closer, and all fit the original data curve. From Table 2 and Figure 5,
the OGMW yields the most optimal modeling outcomes, followed closely by the GMO, while the
ARIMA model performs the least favorably in terms of modeling results. Therefore, in this case, the
OGMMW has the best performance.

Table 2. Forecasting results for Case 1.

Time OGMW GMO GM ARIMA
. Raw Data
Point Value Error Value Error Value Error Value Error
1 1.3499 1.4126 0.0627 1.3965 0.0467 1.3499 0.0000 1.3485 —0.0013
2 1.8221 1.8282 0.0061 1.8226 0.0005 1.8065 —0.0157 1.3499 —0.4723
3 2.4596 2.4623 0.0027 2.4548 —0.0048 2.4330 —0.0266 1.8221 —0.6375
4 3.3201 3.3164 —0.0037 3.3063 —0.0138 3.2769 —0.0432 2.4596 —0.8605
5 44817 4.4667 —0.0150 4.4531 —0.0286 4.4135 —0.0681 3.3201 —1.1616
RRWSE (%) 0.6936 0.8097 1.7533 32.4104
45
—%—Raw data
4 —4-0GMW
GMO
——GM
~® ARIMA

|
3
Time Piont

Figure 4. Curves of the forecasting results for Case 1.
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Figure 5. Error values of the forecasting results for Case 1.

Case 2. We consider a case from [29], which provides the output values of China’s high-tech
industries for the years 2009-2015. We build four models using data from 2009-2013 to predict
2014-2015. The prediction results are listed in Table 3. The curve fitting results are shown in
Figure 6. The prediction errors are shown in Figure 7. From Table 3, the OGMW has the lowest
modeling error and the ARIMA model has the largest modeling error in both the simulation and
prediction phases. From Figure 6, similar to Case 1, the modeling results of the three grey models
are similar. However, from Figure 7, the modeling error of the OGMW decreases as time passes,
which indicates that the OGMW makes full use of new information and thus further improves its
prediction performance. Overall, the OGMW demonstrates optimal performance in this case.

Table 3. Forecasting results for Case 2.

Raw Data OGMW GMO GM ARIMA
Yo PO
ear (CNY 100 Million) Value Error Value Error Value Error Value Error
2009 42,994 42,41451 —579.4944 43,087.52  93.5236 42,994.00 0.0000 42,957.70 —36.3000
2010 53,442 55,433.52 1991.5219 54,839.38 1397.3832  54,831.10 1389.1031 50,940.01  —2501.9900
2011 60,849 60,020.89 —828.1115 59,694.62 —1154.3770 59,685.61 —1163.3903 62,760.28  1911.2800
2012 66,524 64,987.88 —1536.1203 64,979.72 —1544.2755 64,969.91  —1554.0868 67,219.52 695.5200
2013 69,525 70,365.91 840.9112  70,732.75 1207.7458  70,722.07  1197.0659  72,392.11  2867.1100
RRWSE (%) 2.1244 2.1893 2.1893 3.5894
2014 76,858 76,189.00 —669.0016 76,995.11 137.1145 76,983.49 125.4890 73,090.88  —3767.1200
2015 82,439 82,493.97 549715 83,811.93 13729260  83,799.27  1360.2713  78,075.57  —4363.4300
MAPE (%) 0.4686 0.9219 0.9067 5.0972
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Figure 6. Curves of the forecasting results for Case 2.
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Figure 7. Error values of the forecasting results for Case 2.

Case 3. We consider an example from [28], which provides the capital intensity of the new energy
industry in China for the years 2010-2016. We build four different models using data from
2010-2014 and predict the system for 2015-2016. The prediction results are listed in Table 4,
and the curve fitting results are shown in Figure 8. The errors of the prediction results are shown
in Figure 9. Similar to the previous two cases, the modeling curves of the three grey models are
closer, but the modeling curve of the ARIMA model in this case is a straight line, which illustrates
the inapplicability of ARIMA in this case. From Figure 9, although the errors of the OGMW are
larger than those of the OGM and GM models in the first three years, the errors of the OGMW
are the smallest among the three grey models in the last four years. This phenomenon reflects the
intention of constructing the OGMW in this paper: the closer the modeling results are to the latest
characteristics of the system, the better the prediction performance. From Table 4, The OGMW
stands out as the most efficient, exhibiting the smallest simulation and prediction errors, thereby
achieving optimal performance in this particular case.
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Table 4. Forecasting results for Case 3.

OGMW GMO GM ARIMA
Year Raw Data
Value Error Value Error Value Error Value Error
2010 4.9292 49611 0.0319 4.9362 0.0070 4.9292 0.0000 5.2402 0.3110
2011 4.9276 4.7957 —0.1319 4.8570 —0.0705 4.8566 —0.0710 5.2402 0.3127
2012 5.2203 5.1175 —0.1028 5.1511 —0.0691 5.1507 —0.0696 5.2402 0.0200
2013 5.1517 5.4608 0.3091 5.4630 0.3113 5.4626 0.3108 5.2402 0.0885
2014 5.9725 5.8272 —0.1453 5.7939 —0.1786 5.7934 —0.1791 5.2402 —0.7322
RRWSE (%) 3.6712 3.7249 3.7249 8.5421
2015 6.9030 6.2181 —0.6848 6.1447 —0.7583 6.1442 —0.7588 5.2402 —1.6627
2016 7.5216 6.6353 —0.8863 6.5168 —1.0049 6.5162 —1.0054 5.2402 —2.2814
MAPE (%) 10.8521 12.1720 12.1796 27.2092
8 T
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Figure 8. Curves of the forecasting results for Case 3.
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Figure 9. Error values of the forecasting results for Case 3.
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In the above three cases, the ARIMA model shows the worst modeling performance,
which indicates that the grey model has better applicability in such small-sample modeling.
Additionally, among the three grey models, the OGMW has the best modeling performance,
and the OGM is the second best, which proves the effectiveness of the method proposed
in this paper. From the three error plots, compared with the other two grey models, the
error of the OGMW may be large in the early stage, but its error is smaller in the later stage,
indicating that the closer the information is to the latest state of the system, the better the
fit of the OGMW, which further reflects the priority of latest information and improves the
prediction performance.

5. Application of the OGMW(1,1)

Consequently, the OGMW(1,1) introduces a new weighted error evaluation criterion
that highlights the significance of new data, enabling it to more precisely capture the
characteristics of data variations and enhance prediction accuracy. With the proposal of the
dual carbon goals, China is accelerating its transition towards a low-carbon energy system.
Accurate predictions can provide data support and decision-making evidence for China
to achieve its dual carbon targets, assist the government in formulating more scientific
and rational energy policies and emission reduction measures, and play a crucial role in
advancing global climate governance. Therefore, the OGMW(1,1) is applied to simulate and
forecast energy consumption (including primary energy, oil, and coal) and CO, emissions
in China. First, to illustrate the predictive performance of OGMW(1,1), we use GMO, GM,
and ARIMA for comparison. The modeling accuracy is compared for energy consumption
and CO; emissions data in China from 2014 to 2020. Finally, the OGMW(1,1) is applied to
forecast energy consumption and CO; emissions in China from 2021 to 2027.

The energy consumption and CO; emissions data are from the BP, as presented in
Figure 10. Recently, due to the rapid economic development in China, primary energy
and oil consumption have steadily increased. Coal consumption first decreased and then
increased, and the proportion of coal consumption was still very high, accounting for
more than half of the primary energy consumption in China. Figure 10 also shows that
CO, emissions decreased to some extent from 2014 to 2016, but after 2016, CO, emissions
increased by nearly 200 million tons per year.
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Figure 10. Primary energy, oil, and coal consumption and CO, emissions in China from 2014 to 2020.
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5.1. Model Comparison

For these four sets of data, based on the values from 2014 to 2018, we constructed a
model and predicted the values from 2019 to 2020. Then, we compared these values to
understand the degree to which each model captured trends and evaluated its simula-
tion and prediction performance. The prediction errors for primary energy, oil, and coal
consumption and CO, emissions are listed in Table 5. The curve fitting results are shown
in Figures 11-14. The errors of the prediction results are shown in Figures 15-18. The
three curves of OGMW, GMO, and GM in Figure 12 almost overlap, and the curves of GMO
and GM in Figure 13 overlap; therefore, the differences between them are not significant.

Table 5. Prediction error.

Error OGMW GMO GM ARIMA
Primary energy RRWSE (%) 0.4311 0.4480 0.4480 2.8277
consumption MAPE (%) 0.2926 0.4831 0.4840 42735
RMSE 0.5679 0.6316 0.6318 4.300
RRWSE (%) 0.2699 0.2678 0.2678 4.3610
Oil consumption MAPE (%) 1.547 1.578 1.576 4.0912
RMSE 0.2758 0.2801 0.2797 1.1326
RRWSE (%) 0.3560 0.3699 0.3699 0.7255
Coal consumption MAPE (%) 1.0210 1.2781 1.2781 1.1716
RMSE 0.5238 0.6223 0.6223 0.8431
RRWSE (%) 0.4631 0.4784 0.4784 1.8047
CO; emissions MAPE (%) 0.3069 0.3539 0.3540 4.6729
RMSE 42.7985 44.3452 44.3467 276.9828
T
150 -~ igg\f&a Simulation n
GMO
——GM <
145~ | -®-ARIMA =

135

130 -
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Primary energy consumption in China(Exajoules)

| | | | 1
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Figure 11. Curves of the forecasting results for primary energy consumption.

From Figures 11-18, we can obtain the following conclusions. First, among the
four models, the error values of the ARIMA model are the highest. The four fitting
diagrams show that the modeling results of the three grey models are relatively similar,
and the modeling results of ARIMA deviate greatly from the original sequence; notably,
the modeling results for coal consumption and CO, emissions are plotted along a horizon-
tal line, indicating that the grey model has significant advantages in small-sample data
modeling. Second, in the simulations of primary energy consumption, coal consumption,
and CO; emissions, the OGMW yields the lowest error and the highest accuracy. From the
four error diagrams, in most cases, the results of the OGMW deviate less from the initial
data than do the other results, which suggests that the optimization method proposed in
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this paper is effective and reasonable, can utilize the original sequence for modeling, and
can enhance the predictive capability of the GM(1,1); thus, the weighted error evaluation
criteria proposed in this paper are reasonable and effective. Third, from the prediction
results for the four examples, the OGMW yields the lowest prediction error; that is, it
provides the highest prediction accuracy, which indicates that the latest information can be
effectively incorporated into the OGMW to achieve accurate prediction.
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Figure 12. Curves of the forecasting results for oil consumption.
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Figure 13. Curves of the forecasting results for coal consumption.
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Figure 14. Curves of the forecasting results for CO, emissions.
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Figure 15. Error values of the forecasting results for primary energy consumption.
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Figure 16. Error values of the forecasting results for oil consumption in China.
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Figure 18. Error values of the forecasting results for CO, emissions.

5.2. Forecasting Results for the Next Five Years

According to the comparison of the modeling results for the four cases above, among
the models considered, the OGMW yields the highest simulation accuracy and prediction
accuracy. Therefore, we utilize the OGMW to forecast primary energy, oil, and coal con-
sumption and CO; emissions trends in China from 2021 to 2027. The prediction results
are listed in Table 6. The RRWSEs of the simulation results for the four groups of data are
less than 1%, which suggests that the model provides good simulation performance and
accurate predictions.
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Table 6. Forecasting results of the OGMW from 2021 to 2025.
Primary Energy Oil Consumption Coal Consumption CO; Emissions
Year Consumption (Exajoules) (Exajoules) (Exajoules) (Million Tons)
Raw Data  Simulation = Raw Data  Simulation Raw Data  Simulation = Raw Data  Simulation
2014 124.8237 124.9184 22.3859 22.3483 82.4928 82.5045 9293.1859 9296.5434
2015 126.5339 125.5799 24.2375 24.4547 80.9368 80.0759 9279.7314 9210.9859
2016 128.6315 129.3766 25.0629 25.2472 80.2131 80.4841 9278.9783 9348.8428
2017 132.8045 133.2881 26.2026 26.0653 80.5876 80.8944 9466.3604 9488.7630
2018 137.5766 137.3178 27.0643 26.9100 81.1097 81.3067 9652.6872 9630.7773
2019 142.0287 141.4694 27.9350 27.7820 81.7890 81.7212 9810.4564 9774.9170
2020 145.4560 145.7465 28.4992 28.6823 82.2705 82.1377 9899.3347 9921.2140
RRWSE (%) 0.3796 0.6385 0.3624 0.3940
Prediction

2021 150.1529 29.6117 82.5564 10,069.7006

2022 154.6925 30.5713 82.9773 10,220.4095

2023 159.3694 31.5620 83.4003 10,373.3740

2024 164.1876 32.5847 83.8254 10,528.6279

2025 169.1516 33.6407 84.2527 10,686.2054

2026 173.75855 34.6155 84.6746 10,838.0319

2027 178.5078 35.62264 85.0987 10,992.1547

The forecasting results indicate that primary energy, oil, and coal consumption and
CO, emissions in China are expected to increase from 2021 to 2027. Notably, primary
energy consumption will rise by 33.05 exajoules, up 22.7%; oil consumption will rise by
7.12 exajoules, up 25%; and coal consumption will rise by 2.83 exajoules, up 3.4%. Addi-
tionally, CO, emissions are expected to increase by 1092.8 million tons, an increase of 11%.
This trend significantly diverges from China’s proposed carbon neutrality goal for 2060 and
may pose multifaceted challenges to the achievement of this objective. On the one hand,
the growth rates of China’s primary energy consumption and oil consumption remain high,
indicating that China still heavily relies on fossil fuels for energy consumption, which con-
tradicts the substantial reduction in fossil fuel use required by the carbon neutrality target.
On the other hand, the continuous increase in carbon emissions undoubtedly exacerbates
the difficulty in achieving the carbon neutrality goal. The forecast results also highlight
the inertia of the current energy consumption and carbon emission patterns, suggesting
that to achieve the carbon neutrality target, policymakers need to adopt more decisive
and effective measures to reverse this trend. These measures include but are not limited
to increasing investment in clean energy, promoting energy efficiency, and implementing
stricter carbon emission control policies. However, the implementation of these policies
requires time and resources and may face resistance from industries and the public.

6. Conclusions

In this paper, weighted error evaluation criteria considering the priority of new infor-
mation are proposed. Under the error evaluation criteria, the development coefficient 4,
grey action b, and parameter C in the time response formula of the GM(1,1) are optimized
to obtain a new optimization model OGMW(1,1). A data example is applied to illustrate the
calculation process of the OGMW(1,1). Three cases are explored to assess the effectiveness
of the OGMW(1,1), and the trends of primary energy, oil, and coal consumption and CO,
emissions in China are predicted from 2021 to 2027. The conclusions are as follows: First,
the new weighted error evaluation criteria are effective and reasonable, and they can be
used to effectively test whether the grey model can utilize the most recent information for
modeling. Second, according to the new weighted error evaluation criteria, the optimal
development coefficient and ash action of the grey model are calculated, and the parameters
of the time response function can be optimized. The results show that the optimization
method is reasonable. Third, compared with the traditional GM, GMO, and ARIMA mod-
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els, the optimized OGMW(1,1) yields higher simulation and prediction performance and
is better at utilizing new information. Fourth, primary energy, oil, and coal consumption
and CO, emissions in China are expected to increase from 2021 to 2027. Notably, primary
energy consumption will rise by 33.05 exajoules, up 22.7%; oil consumption will rise by
7.12 exajoules, up 25%; and coal consumption will rise by 2.83 exajoules, up 3.4%. Ad-
ditionally, CO, emissions are expected to increase by 1092.8 million tons, an increase
of 11%.

According to the forecast results, China’s energy consumption and carbon emis-
sions will continue to increase. Therefore, in order to achieve the 2030 carbon peak and
2060 carbon neutrality goals as scheduled, a series of energy conservation and emission
reduction measures should be strictly implemented. First, further promotion of the opti-
mization and upgrading of the energy structure is essential. Forecasts indicate that China’s
primary energy, oil, and coal consumption will continue to increase in the coming years,
posing a challenge to achieving carbon neutrality goals. Therefore, policymakers should
intensify investment in clean and renewable energy sources, accelerate the development of
renewable energy such as wind and solar power, and reduce dependence on traditional
fossil fuels. By increasing the share of renewable energy in energy consumption, carbon
emissions can be effectively reduced, laying a solid foundation for the realization of carbon
neutrality objectives. Second, more stringent carbon emission control policies should be
implemented. Forecasts suggest that carbon emissions will continue to grow in the next few
years, posing a severe threat to environmental protection and climate change mitigation.
Consequently, the government should introduce stricter carbon emission standards and
focus on regulating and restricting high-emission industries. Simultaneously, enterprises
should be encouraged to adopt low-carbon technologies and production processes to
improve energy efficiency. Furthermore, research and promotion of carbon reduction tech-
nologies such as carbon capture, utilization, and storage (CCUS) should be strengthened to
effectively reduce carbon emissions. Third, the transformation of energy consumption pat-
terns should be promoted. In the future, China should encourage residents and enterprises
to adopt more energy-efficient lifestyles and production methods to reduce unnecessary
energy waste. The government can guide the public and enterprises to form energy-saving
awareness by introducing energy-saving policies and raising energy prices. Meanwhile, the
promotion and subsidy of energy-saving products should be increased to raise their market
share, thereby promoting the transformation of energy consumption patterns. Fourth,
international cooperation and exchanges should be strengthened. Climate change is a
global issue that requires the joint efforts of all countries. China should actively participate
in global climate change governance and strengthen cooperation and exchanges with other
countries in clean energy, carbon reduction technologies, etc. By sharing experiences and
jointly developing new technologies, the global goal of carbon neutrality can be advanced.

Although the new error evaluation criteria proposed in this paper consider the priority
of new information, this evaluation can be applied to other grey models or prediction
methods to better evaluate the modeling performance. Additionally, due to the fact that
the OGMW(1,1) is derived from the traditional GM(1,1), it possesses a relatively simple
structure and a certain scope of application. This may render it difficult to adapt to complex
and dynamic environments, such as volatile data and periodic data. This paper does not
discuss how these criteria can be used to optimize the parameter C in the time response
function; this is a topic that should be considered in future research and deserves the
attention of scholars.
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Nomenclature
1-AGO First-order accumulative generation operator
GM(1,1) Grey model

NGM(1,1) Nonhomogeneous grey model
GMO(1,1) Grey model with initial value optimization
OGMW(1,1) Optimized GM(1,1) with weighted error evaluation criteria

ARIMA Autoregressive moving average model
SVM Support vector machine

RWAE Relative weighted absolute error
RRWSE Relative weighted square error

MSE Mean squared error

MAPE Mean absolute percentage error

MAE Mean absolute error

Appendix A

Theorem Al. Let the sequences X9, X(), and Z(V) be as shown in Definition 2; then, for the
minimum WSE, the estimation of p = [a,b]" must satisfy

5= (2TB) 2Ty (A1)
where
—zM@2) 1 x0)(2) -2z10(2) 2
. —z(l.)(3) o x<°>.(3) - —32(:”(3) 3
_2O(m) 1 X0 () =z (n) n

Alternatively, a and b can be expressed directly as follows:

n n n n

Y kzW (k) ¥ kx© (k) = ¥ k ¥ kx(© (k)20 (k)
g = k=2 k=2 k=2 k=2
n n n 2
Lk ¥ k= (#0) = (L kW (K)
k=2 k=2 k=2 (A2)
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h— k=2 k=2
n
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Proof. In accordance with the expression of the GM(1,1),
x02) +azM(2) =b
x0(3) +azM(3) =b (A3)

Therefore, b — az(!) (k) is used instead of £() (k). Additionally, from the WSE equation, the
weighting error s of the model is

n k )
- =L 0) (k) — £(0)

S VZSE ":1;<<1+2+"‘+”) (x o U:)) (A4)
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Then, the p = [a, b]" that minimizes s should meet the following conditions:
%,y k (3O (k) +az D (k) ~ b)zD (k) = 0
da S (A+24-+n) (A5)
ds n k
— = (0) W(k)—b) =
%= 2L Trrs 5 (x (k) + azW (k) b) 0
After sorting we have
n
Y k(x<0> (k) + azM (k) — b)z(1> (k) =0
5 (A6)
Y k(x<0> (k) + azV (k) — b) =0
k=2
According to Formula (17),
ZT(Y-Bp)=0=2TY - ZTBp=0= p = (27B) '2zTY (A7)

Moreover, according to Formula (17), we can obtain the following expression:

v k@020 +a ¥ kEOE) —b ¥ kD (k) =0

kZZ ; k=2 " k=2 (A8)
Y kxO () +a ¥ kzW(k)—b Y k=0
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After sorting we have

Y kzW (k) ¥ kx@ (k) — ¥ k ¥ kx© (k)2 (k)
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Lk % kW)~ (£ ke (K))
L k=2 k=2 k=2 (A9)
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h— k=2 k=2
5k
k=2

This completes the proof. [

Appendix B

Theorem A2. On the basis of Definition 1, according to the minimum weighted error criterion, the
parameter C in the time response function must satisfy

Y, kxlO (k) (e~ — %) 4 ¢~9(x0)(1) - S)
_ k=1
€= S k(p—ak _ pa—ak\2 1 o2 (A10)
Y. k(e=k — ea—ak)" 4 g=2a
k=1
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Proof. Based on the time response function, £() (k) = C(e~% — ¢~%), the WSE of the
model is

n k 2
_ (0) (k) — £(0)
WSE k§1(1+2+---+n)(x (k) - 2O (k)
b2 (A11)

5 k(x0(k) — ek — o)) 4 (x0(1) — Cet )
k=2

a

(1+2+-+n)

The parameter C that minimizes the WSE should meet the following condition:

L b
_ (0) _ —ak __ ,a—ak —ak _ ya—ak\ _ n,—a((0) o —a Y
WSE 2k§2k(x (K) — Cle~k — en=ak) ) (e~ — e=1K) — 2¢=0(x(0)(1) - Ce ) _0 -
ic (1+24---+n) N
After sorting, we can obtain
i kx(© (k) (efak _ eafak) + e*”(x(o)(l) _ Z) _ C( i k(efﬂk _ eafak)z + 672”) =0
k=1 k=1
5 ka0 (J)(e~ak — ea=ak) 4 ¢~ (x(0) (1) — 9) (A13)
>c= 1

i k(e*”k _ eafak)2 + e—2a
k=1

This completes the proof. [
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