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Abstract: In the spring of 2022, a new round of epidemic broke out in Shanghai, causing a shock to
the Shanghai carbon trading market. Against this background, this paper studied the impact of the
new epidemic on the price of Shanghai carbon emission rights and tried to explore the prediction
model under the unexpected event. First, because a model based on point value data cannot capture
the information hidden in inter-day price fluctuation, based on the interval price of Shanghai carbon
emission rights (SHEA) and its influencing factors, an autoregressive conditional interval model
with jumping and exogenous variables (ACIX]) was established to explore the influence of the
Russian-Ukrainian conflict and COVID-19 on the interval price of SHEA, respectively. The empirical
results show that the conflict between Russia and Ukraine has no obvious influence on the price
of SHEA, but COVID-19 led to a decline in the price trend of SHEA over four days before the city
was closed, and the volatility changed significantly on the day before the city was closed. The price
fluctuation was the strongest within 3 days after the city was closed; In addition, in order to accurately
predict the interval data of SHEA against the background of COVID-19, based on the interval data
decomposition algorithm (BEMD), a hybrid forecasting model of NDGM-ACIX]/CNN-LSTM was
constructed, in which the discrete gray model of approximate nonhomogeneous exponential series
(NDGM) combined with the ACIX]J model is used to predict the high-frequency sub-interval, and
the convolution neural network long-term and short-term memory model (CNN-LSTM) is used
to predict the low-frequency sub-interval. The empirical results show that the prediction model
proposed in this article has higher prediction precision than the reference models (ACIX, ACIX],
NDGM-ACIX], BEMD-ACIX/CNN-LSTM, BEMD-ACIX]/CNN-LSTM).

Keywords: carbon emission rights in Shanghai (SHEA); convolutional neural network long-short
memory model (CNN-LSTM); interval data decomposition algorithm (BEMD); autoregressive
conditional interval model (ACIX])
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1. Introduction

In recent years, climate warming caused by excessive emissions of greenhouse gases
has become one of the vital problems that affect human survival and development in
countries all over the world. To respond to this issue, China has established a national
carbon emissions trading market. Since it was founded relatively late, compared with
the EU carbon trading market, the development of the domestic market mechanism is
not mature enough, and it is affected by various factors. As the core factor of the carbon
market, the price of carbon emission rights reflects the development of the carbon market.
Therefore, research on the price of carbon emission rights has become an important issue
of concern for many scholars. However, the operation of any market cannot be smooth
sailing. At the end of 2019, COVID-19 broke out suddenly, which hit the carbon emission
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trading markets in China to different degrees; Hubei Province even closed its trading. As
the national epidemic was returning to calm, when domestic economic development tends
to be stable, the epidemic occurred in Shanghai in early March 2022, and due to the rapid
expansion of the epidemic, the city was locked down on 28 March 2022. Before and after the
lockdown, price fluctuation of SHEA appeared abnormal, which is reflected in the range
of inter-day price fluctuation being larger than the normal period, and the overall was in
a decline state. The range of intra-day price fluctuation is widening, from 0-2 in normal
times to 5-9.9. This may cause negative emotions among investors and traders. Therefore,
it is essential to study the impact of unexpected events on the carbon trading market, which
has not yet been reported. In addition, anomalous changes in the price of carbon emission
rights have significantly affected market value and its performance. The price of carbon
emission rights predicted accurately enables us to understand changing trends in prices,
thus helping investors to avoid carbon market risks and make reasonable decisions.

In recent years, analyzing the impact of emergencies on various markets has become a
serious concern of many scholars at home and abroad [1-5]. In 2020, Abdullah M et al. [6]
used front-panel data to analyze the influence of COVID-19 on the China stock market.
In 2020, Liew et al. [7] used the Shanghai Composite Index and its constituent indexes
to comprehensively evaluate the impact of COVID-19 on the performance of the China
stock market. In 2017, Ramiah et al. [8] researched the impact of Brexit on British economic
sectors with the help of event analysis.

However, the above-mentioned research methods are all according to the point value
data to measure the inter-day trend, which cannot capture the constant change of the
intra-day data [9]. However, the intra-day price fluctuation just reflects the micro-structure
of the market and the emotional information of investors. Therefore, it is comparatively
important to obtain worthy intra-day news by using the interval data composed of the
daily lowest price and the highest price. At first, the regressive analysis of interval data
was based on the interval point value attribute, that is, establishing time series models
for the endpoint values of the interval, respectively, to obtain the predicted interval [10].
However, the point information inside the interval is not fully utilized, and is unable
to catch the dynamic features of interval data. Therefore, to solve this problem, Han
et al. [11] proposed the autoregressive model (ACI) in 2013. Compared with the existing
interval model, ACI can better capture the dynamic characteristics of intra-day data, and
the proposed minimum DK distance estimation method can also give the most accurate
parameters. Subsequently, Yang et al. [12] further improved Han’s model by adding interval
dummy variables to quantify the influence of emergencies on interval data. In 2020, Qiao
et al. [13] added exogenous variables based on Yang, proposed the autoregressive model
with exogenous variables (ACIX), and researched the impact of Brexit on the US stock
market. The above model can well describe the change process of inter-day and intra-day
data, but it also ignores an important fact; that is, unexpected events will lead to large
fluctuations of data, which will make the observed data appear to “jump” points. Therefore,
the traditional autoregressive model cannot well grasp the data rule; as a result, there is
no statistical consistency at the jumping point. Therefore, one of the research objectives
of this paper is reflected in two aspects: on the one hand, the jump point information is
extracted for a better established model; on the other hand, interval data are constructed
and the established model is used to extract intra-day interval data information. Based on
this objective, this paper further improved Qiao’s model and proposed an autoregressive
conditional interval model with exogenous variables and jumps (ACIX]), which is used to
study the impact of the Russian—Ukrainian conflict and COVID-19 on the interval price
of Shanghai carbon emission rights. First, the minimum DK distance estimation method
proposed by Sun et al. [14] was used to obtain the coefficient of the ACIX] model, With the
help of Wald statistics [13], the significance of the obtained parameters is tested, to study
the impact of COVID-19 on the price of Shanghai carbon emission rights.

To achieve the emission reduction target of the national carbon emission market, help
enterprises analyze the characteristics of market fluctuations, and provide convenience
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for managers, the price prediction of the domestic carbon market has become a concern of
many scholars. Liu Jinpei et al. [15] used the metrological model to predict carbon prices in
2019. However, due to the nonlinear, nonstationary, and high noise characteristics of the
carbon price, traditional metrological models have no advantages. Many studies [16,17]
have introduced machine learning and artificial intelligence methods into carbon market
price prediction. However, faced with the at present highly unstable carbon market, the ef-
fectiveness of artificial intelligence methods in forecasting is also worrying. Nowadays, the
artificial intelligence method based on decomposition prediction has attracted widespread
attention [18-22], but few scholars will discuss the combination of a metrological model
and artificial intelligence in decomposition prediction. In 2021, Huang et al. [23] proposed
a GARCH/CNN-LSTM model based on VMD decomposition to forecast the EUA price of
the European Union, providing a reference for the research in this paper.

However, these models did not consider established prediction models in the context
of unexpected events, and only for point value data. Therefore, another research objective
of this paper is to establish a prediction model based on interval data under unexpected
events. Because the inter-day and intra-day interval price fluctuations of SHEA under
COVID-19 are larger than those in normal periods, the previous prediction model cannot
capture the abnormal fluctuation information and the general law correctly. Combined with
the idea of decomposition and prediction, the two-dimensional interval decomposition
algorithm [24] (BEMD) is considered to decompose the carbon interval price into several
sub-intervals with different frequencies, and the Lempel-ZLV [25] complexity algorithm is
used to divide the subintervals into high-frequency intervals and low-frequency intervals.
The high-frequency interval is characterized by strong short-term fluctuation, high noise,
and high randomness. As an improved model of the ARMA model [26], the metrological
model ACIX] is good at predicting the high-frequency component with strong noise and
randomness, and it can well adapt to the data under the epidemic situation. At the same
time, considering the strong randomness of the influencing factor data of the SHEA interval
price, the NDGM model [27] was introduced to weaken its randomness, to solve the
problem of inaccurate prediction caused by the strong randomness of exogenous variables
in ACIX] model. Low-frequency sequences are characterized by long-period fluctuations,
while CNN-LSTM has excellent long-term memory storage and feature analysis ability,
which is suitable for predicting low-frequency sequences.

Based on the above analysis, this paper constructed a carbon price prediction model
under COVID-19, namely a BEMD-NDGM-ACIX]/CNN-LSTM hybrid model, which can
not only fully leverage the strengths of the metrological model and artificial intelligence,
but also accurately capture the data abnormal fluctuation information caused by emergency
events. The concrete performance is to decompose the interval price into high-frequency
interval sequences and low-frequency interval sequences, and the NDGM-ACIX] model
and CNN-LSTM model are used to forecast the high-frequency interval series and low-
frequency interval series, respectively. Finally, the predicted outcomes are added to obtain
the final predicted outcomes.

2. Models

Under the background of the new economic environment, based on the random forest
characteristic engineering algorithm, the ACIX] model is established to study the influence
of the Russia—Ukraine conflict and COVID-19 on the price of Shanghai carbon emission
rights. Based on the BEMD decomposition method, the mixed model BEMD-NDGM-
ACIXJ/CNN-LSTM was established by combining the metrological model and the deep
learning model to predict and analyze the price of Shanghai carbon emission rights under
COVID-19. Its structure diagram is as follows Figure 1:
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Figure 1. Overall architecture.

2.1. Random Forest

The random forest feature engineering algorithm is used to rank the characteristic
variables that affect the price of Shanghai carbon emission rights. According to the existing
literature research, this paper selects 10 factors that affect the price of Shanghai carbon
emission rights [28-30], which are Guodian power, China Thailand Securities Nonferrous
Metals Industry Index (LOF), China Petroleum, Sanyo Chemical, China Construction,
China Eastern Airlines, CSI 500 Shanghai ETF, and SHIBOR Week, all of which choose the
highest price, lowest price, and close price. This paper increases the index of Shanghai’s
high and low temperature.

2.2. Autoregressive Conditional Interval Model with Exogenous Variables and Jump (ACIX])

The ACIX interval model is derived from the AMAR model, which can make full use of
the intra-day interval range and inter-day level information to effectively estimate and infer
interval data. Since the data selected for this paper were in the epidemic period in Shanghai,
this paper proposed an autoregressive conditional interval model with exogenous variables
and jumps (ACIX]):

Yi =ag+bolo +b1Yi—1 +c1Xi—1 + 2Xi 2 +3Xe-3 + YmDmt + 1D +21, (1)

where ap, bj(i=0,1), G (j=1,2,3), Ym, 7r are unknown parameters, [y = [—%, %} , Y1 is

the lagged first order interval variable, ag + byl = [ao - %bo, ag + %bo} , X(j=1,2,3) are

control variables, z; = [z, 2" | represents the jump height, by using the point-by-point test
method of Lee-Mykland [31], the jumping data point is identified, and the average value of
the three data before and after is taken to replace the point. Take the difference between the
original data and the new data as the jump height, and the jump height of the non-jump
point is 0.

[1,1], D occurs in event windows [11; 7],

Do — 1,1
e [0,0], otherwise

11 ' . (2)
b [—j, j} , D occurs in event windows [11; 1),
It =

[0,0], otherwise

The Dt and D, presented here are used to quantify the impact of COVID-19 on
the inter-day trend and intra-day volatility range of interval prices. According to the
law of high-frequency interval sequence, combining NDGM with the ACIX] model, the
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NDGM-ACIX] hybrid model is constructed to predict the high-frequency interval series of
carbon emission rights. The specific process is shown in Figure 2a.

’ High frequency \
interval sequence

Control variable ‘ Control variable

Control varlable \ _
(22.12.5-23.5.22) Spllt data

Control varlable

(19.7.2-22.12.2)
NDGM model /o ,'}i """"""" " GEEEER
i Traning set ; Test set
Predict ; ; :
(oot |Gl | Mo | Pomelasfon Norlzsior]__
— 5 CNN —ﬂStandardlzed data’
Minimum DK P ;
distance estimation : _____ l
LSTM prediction ; T :
Coefficient of E model 5 ‘ Prediction result ‘
ACIXJ model l ; ‘
. Training results ——
Preduction result % ; :
(a) (b)
Figure 2. (a) Prediction framework of NDGM-ACIX] model; (b) Prediction framework of CNN-
LSTM model.

In this paper, the minimum DK distance estimation method is used to obtain the
model parameters, which are shown in the following:

(1) First, assuming that the true value of interval price of carbon emission rights is
U = (U,U"). The endpoint values of all experimental interval data were substituted
into Equation (1) to form the predicted intervalas V = (V—, V™).

(2) Second, the DK distance estimator is obtained from

D2(U,V) = K(1,1)(U* = V) + K(-1,1) (U~ —V~)?

—2K(1,-1)(Ut —VvH) (U~ —V") ®
where
K(1,1) >0
{ K(—1,1) = K(1,—1) (4)
K(—1,—-1)K(1,1) > K(1,-1)?

According to the restrictions in Equation (4), T = 100 data sets were selected, making
full use of interval interior point information.

(3) Finally, the fmincon function in MATLAB was used to solve for

—~

0 = argmin%D%((U, V)

to obtain the parameter that minimizes the error.
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In addition, this paper uses the Wald statistic based on interval data to test the signifi-
cance of each parameter.

w = [r(x-r)'] [riz (68) (o) 7' (8)R'](x0- 1))

= 1 & PDE S 1 & (ap2 9D L S
where Mt (6) = _Ttgl 8, Vr(0) = Ttgl a0 , After calculating M1 (0) and V1 (6) V,

the estimated parameters are substituted into them to obtain two k x h matrices. The hy-
pothesis test is defined as Hy : RO = r, R is a unit matrix of order h, with i denoting the
number of parameters. 9 is a vector of h x 1 consisting of the estimated parameters, and
ris defined as a h x 1 zero matrix. In particular, when Hy : y;m = 0 or Hp : 9 = 0, if the
original hypothesis is rejected, it is considered that the unexpected event has an effect on
the variable corresponding to this parameter.

2.3. Convolutional Neural Network Long-Term Memory Model (CNN-LSTM)

In this paper, the CNN-LSTM model is established under the Keras framework in
Python, and the specific hyperparameters are set as shown in Table 1. The CNN-LSTM
hybrid model has a powerful feature extraction function, in which CNN can automatically
extract the internal information of data, and LSTM is used to extract long-term time
feature information, which can more accurately capture the hidden trend of time series
data. The combination of the two can fully explore the data features and provide strong
support for accurate price prediction. Furthermore, the low-frequency interval series show
characteristics of longer period fluctuations. Therefore, the CNN-LSTM hybrid model is
considered in this paper to predict the low-frequency interval series of carbon emission
rights, and the specific process is shown in Figure 2b.

Table 1. Parameter setting table of the model.

Model Parameter Name IMF1/R
Number of hidden layers in a convolutional layer 10
Number of hidden layers in a LSTM layer 10
Activation Linear
CNN-LSTM Loss MSE
Batch_size 128
Epoch 300

3. Data Sources and Empirical Analysis
3.1. Data Sources

This paper constructs the daily interval value return of Shanghai carbon emission
rights from 2 July 2019 to 22 May 2023. Among them, 24 February is the period when
the conflict between Russia and Ukraine broke out, and 28 March is the closing date of
Shanghai; the interval value return is based on the following points:

ASHy = [SHy s — SHct—1,SHRrt — SHe 1] 5)

SHp; is the logarithm of the daily lowest price, SHR} is the logarithm of the daily
highest price, and SH,;_ is the logarithm of the daily close price. Based on the data selected
in Section 2.1, the random forest regression algorithm under the SK-learn framework in
Python was used to rank the importance of the features. The parameters are set as follows:
the number of estimators is 800, random forest seeds are set to 30 and 35, respectively, and
the rest of the parameters are the default parameters. The results obtained are shown in
Figure 3. The variables with importance greater than 0.1 in both the highest and lowest
price characteristic rankings were extracted as exogenous variables for the ACIX] model.
Therefore, Sanyo Chemical, China Construction, and China Eastern Airlines were selected
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as exogenous variables and used as input data for the ACIX] model after being processed
according to Formula (5).

0. 307
0.3040.29 0.29 0.27
e 0.25 0. 25+
0.20
30.20 <21 .
g £ 0.16
=0 15 0. 151
g“ & 0.13 2 0.13
0.104 0. 104 [J 08
0. 05 0. 04 0.057 o 03 0 03,
0. 00 +———r—"rt—= 0.00 =
R Y o dl R g'cd (\‘* \9? %‘Q . Q\ﬁ&
O 0 T o Al
o ov NN
\\\-\o’ﬁ‘\' (\\-xc?“
X &
(a) (b)

Figure 3. Feature importance ranking (a) of lowest price; (b) of highest price.

Observing Figure 4, Figure 4 (top) shows the price trend chart of carbon emission
rights in Shanghai from 2 July 2019 to 22 May 2023. Figure 4 (bottom) shows the price trend
of carbon emission rights in the days before and after the Russia and Ukraine conflict and
Shanghai closing. Observing Figure 4 (top), it is found that the price trend of Shanghai
carbon emission rights remained stable after August 2020 until February 2022, and the
data fluctuated around March. From Figure 4 (bottom), it is found that the lowest price
showed an obvious downward trend around 5 and 25 March, but both rose after the decline;
the highest price has an obvious downward trend around March 25, and then rises. The
interval spread fluctuated continuously throughout March, reaching the maximum on the
first day after the city was closed (29 March), and then it continued to decline—that is,
the fluctuation slowed down. Based on the above analysis, it is preliminarily concluded
that during the Russia and Ukraine conflict and the outbreak of a new round epidemic in
Shanghai, the price of Shanghai carbon emission rights was obviously abnormal. In order
to draw a more convincing conclusion, this paper makes the following empirical analysis.

SHEAHIGH———— SHEALOVW

SHEADTIF

NWWR BRI
oo oW,
|

2019/1/18 2020/7/18 20022873 /1:8 R2023/79/28
64 - .

62 - 10
60
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56 - A
54 [
52 -
50 4 !
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u0igB B ] 11 2022/3/1 082y 8L1E 2022/4/5

Date

Figure 4. Overall trend chart.
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3.2. Empirical Analysis
3.2.1. Analysis of the Impact of Epidemic on the Price of Shanghai Carbon Emission Rights
After the data processing in Section 3.1, it is known from the ADF test that all exper-

imental data are smooth series, i.e., they satisfy the conditions for the use of the ACIX]
model, and the results are shown in Tables 2 and 3:

Table 2. ADF test results for all lowest price variables.

Test Statistic Critical Value Critical Value Critical Value
(1%) (5%) (10%)
Xq —4.9458 —3.4409 —2.8662 —2.5693
X5 —10.3899 —3.4408 —2.8662 —2.5692
X3 —6.6893 —3.4409 —2.8662 —2.5693
Yio1 —4.9407 —3.4410 —2.8662 —2.5693
Yi —4.9296 —3.4410 —2.8662 —2.5693

Table 3. ADF test results for all highest price variables.

Test Statistic Critical Value Critical Value Critical Value
(1%) (5%) (10%)
X; —4.2741 —3.4409 —2.8662 —2.5693
X5 —6.0901 —3.4409 —2.8662 —2.5692
X3 —21.3981 —3.4408 —2.8661 —2.5692
Yi 1 —11.3499 —3.4408 —2.8662 —2.5692
Yi —11.3474 —3.4408 —2.8662 —2.5692

When the T-statistic is less than the respective critical value, the corresponding series
can be considered a smooth series. Observing Tables 2 and 3, it can be seen that all
variables are smooth series. Different time windows were considered to study the impact
of two kinds of emergencies on the interval price of Shanghai carbon emission rights in
different periods, which are, respectively, the outbreak time of the Russia and Ukraine
conflict (24 February 2022) and the closing time of the city (28 March 2022), set as t =0, and
different time windows are set according to this time point, which is, respectively, after the
incident [0; t1] (t1 =0, 1, 2, 3, 4, 5) and before the incident [—1; t2](t2 = —1, —2, —3, —4, —5).
The optimal coefficients of the ACIX model and ACIX] model are obtained by using the
minimum DK distance estimation method, which are substituted into their respective
equations; taking the window [0; 0] as an example, the following results are obtained. As
shown in Figures 5-8.

Figures 5 and 6 show the prediction results of the ACIX and ACIX] models on the
highest price and lowest price of Shanghai carbon emission rights between 2 July 2019 and
22 May 2023. Figures 7 and 8 shows the performance comparison results of the two models,
in which MSE and MAD are obtained by calculating the mean values of MAD and MSE of
the highest and lowest price of carbon emission rights in Shanghai. It can be seen that the
predicted value of the ACIX] model is closer to the real value. The calculation formula of
the evaluation index is as follows:

MAD = i |yi =il
n
i=1 6
MSE = i (Vi*?i)Z ©)
n
i=1
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Figure 5. (a) Highest price of ACIX and ACIX] model prediction comparison against the background
of Russian-Ukrainian conflict; (b) lowest price of ACIX and ACIX]J model prediction comparison
against the background of Russian—Ukrainian conflict.
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Figure 6. (a) Highest price of ACIX and ACIX] model prediction comparison against the background
of COVID-19 epidemic; (b) lowest price of ACIX and ACIX] model prediction comparison against
the background of COVID-19 epidemic.

Therefore, this paper considers using the ACIX] model to study the impact of the
Russia-Ukraine conflict and COVID-19 on the interval price of Shanghai carbon emission
rights. In order to obtain more accurate results, this paper will study four cases, denoting
Equation (1) as M, where M1, M2, and M3 are obtained by removing X1, X2, and X3 from
Equation (1), respectively, and the Wald test is used to obtain Wald statistics of each coeffi-
cient in four cases, as shown in Figures 9 and 10. ***, **, * indicates that the null hypothesis
is rejected at the significance levels of 1%, 5%, and 10%, respectively—that is, the variable
corresponding to this coefficient has a noticeable effect on the interval price of carbon
emission rights, and the numbers in the figure represent the corresponding coefficients.
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Figure 9. Empirical results of the impact of Russia—Ukraine conflict on the price of carbon emission

rights in Shanghai.
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Figure 10. Empirical results of the impact of COVID-19 epidemic on the price of carbon emission
rights in Shanghai.

Figures 9 and 10, respectively, show the empirical results of the impact of the Russia—
Ukraine conflict and COVID-19 on the price of Shanghai carbon emission rights, including
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the parameter estimation results of the four models, i.e., M, M1, M2, and M3, in each time
window and the Wald test results, from which we can get the following:

@
@)

®)

(4)

The Russia and Ukraine conflict has little impact on Shanghai carbon emission rights.
Ex ante window. As can be seen from the results of Figure 10, in both cases, in time
windows [-1;—1], [-2;—1], [-3;—1], and [—1;—4], the estimator of 7, is basically
significant, which indicates that the price trend of Shanghai carbon emission rights
declined four days before the city was closed. In [—1;—1], the estimators of -, are
all significantly different from 0, and the significance shows the phenomenon of
alternating positive and negative, which indicates that the intra-day fluctuation range
of Shanghai carbon emission rights’ interval price changed significantly in the first
days before the incident, and the fluctuation is relatively drastic, which is consistent
with the analysis in Section 3.1.

Ex post window. It can be seen from Figure 10 that the estimators of <y, are all in the
windows [0;0], [0;1], [0;2], and [0;3]. Both of them are significant, and the significance is
positive, which indicates that the intra-day fluctuation range of the price of Shanghai
carbon emission rights has changed significantly within three days after the incident.
The insignificance in other windows means that the market can respond quickly,
keeping the price volatility of SHEA stable, which is consistent with the analysis in
Section 3.1.

Estimator of lag first-order variable in the ACIX] model in Figure 10. In the case of M,
the coefficient of the lagging first-order variable is significantly positive, which shows
that the price trend of the SHEA interval has a strong positive correlation with the
price trend of the previous day.

3.2.2. Forecast and Analysis of the Price of Carbon Emission Rights under the Epidemic

After analyzing the impact of the pandemic, this paper argues that it is also important

to predict the future price of carbon emission rights. First, the interval data price decom-
position (BEMD) algorithm is used to decompose the interval price of carbon emission
rights into several sub-series intervals, as shown in Figure 11a,b. With the help of the LZ
complexity algorithm, the sub-series intervals are divided into high-frequency intervals
and low-frequency intervals, as shown in Table 4.
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Figure 11. (a) Decomposition result of BEMD for the highest price; (b) Decomposition result of BEMD

for the lowest price.
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Table 4. LZ complexity of each subsequence.
IMF1 IMF2 IMF3 IMF4 IMF5 R
Lowest price 0.2086 0.3621 0.7778 0.4572 0.6953 0.0973
Highest price 0.2086 0.3616 0.7788 0.4589 0.7649 0.0973

Price

=—=— Real
NDGM-ACIX - J|

f=—+— NDGM-ACIX]

f=—+— BEMD-ACIX/CNN-LSTM

First, the complexity of each sequence is calculated and ordered from largest to

smallest, denoted as z;; second, according to 7 = f ¢/ i g >08, me (1,2,---,6),the
=1 i=l

minimum value m that makes the above equation greater than or equal to 0.8 is considered

the boundary that divides high-frequency sequences from low-frequency sequences, so the

IMF1 and R sequences are low-frequency sequences, and the other sequences are considered

high-frequency sequences.

Considering that interval sequences with different frequencies have their own suitable
prediction models, in this paper, the NDGM-ACIX] hybrid model is proposed to predict
the high-frequency interval series, and the CNN-LSTM is used to predict the low-frequency
interval series, and then the prediction results are added together. To predict the interval
price of carbon emission rights between 5 December 2022 and 22 May 2023, with the
window [0; 0] as an example, the following results are obtained Figure 12.
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Figure 12. (a) Lowest price comparison prediction results of different models; (b) Highest price
comparison prediction results of different models.

According to the above figure, compared with the reference model, the BEMD-NDGM-
ACIX]J/CNN-LSTM hybrid model predicts that the highest price and lowest price of carbon
emission rights are closer to the real value, and they can predict the direction and amplitude
of price fluctuation very well.

Figure 13 shows the performance comparison results of each prediction model. Models
1-7 are ACIX, NDGM-ACIX, ACIX], NDGM-ACIX], BEMD-ACIX/CNN-LSTM, BEMD-
ACIXJ/CNN-LSTM, and BEMD-NDGM-ACIX]/CNN-LSTM, respectively. It can be seen
that Model 7 has the highest prediction accuracy among the six models; MSE is the smallest
in each window, and the prediction accuracy of the six models from high to low is in the
order of model 7, model 6, model 5, model 4, model 3, model 2, and model 1. Thus, it can
be seen that the price decomposition prediction model and jump model are necessary for
the carbon emission rights price prediction.



Mathematics 2023, 11, 3126 14 of 16
[ ] ACIX ] NDGM-ACIX
[ AcIXJ [ ] NDGM-ACIX]J

] BEMD-ACIX/CNN-LSTM

(1 BEMD-ACIXJ/CNN-LSTM
4.0 |4 [ BEMD-NDG-ACLX)/CNN-LSTM
3.5 - - L E L
7 124 L L . -
3.0
m i m i o 104
2.5
m = 0. 81 M
£9.0- =
.51 0.6
o ) 0.4
()- 5 ] —H —’> m () Z _
0.0 T T T T T 0.0 T T T T T
(0;5] [0;4] [0;3]  [0;2] [0;1] (0;5] [0;4] [0;3] [0;2] [o0;1]
4. 01 1.44_ - come - - —
3.5 1. 241 - M. s Il -
3.0
s L. & L - L. 1.0
2.5+
= =0.81
£9.0+ =
0.6
1.5
1.0 0.4
(). 5 ] m m m m m m (). 2 _
0.0 0

T T T T T T .0 T T T T T T
[0;0] [-1 :*l][;}:*Z]_[*l ;=31[-1;-4]1[-1;-5] [0;0] [*l;*l][il :=2][=1;-3]1[-1;-4][-1;-5]

ime Windows ime Windows
Figure 13. Performance comparison results of each model in different windows.

4. Discussion

This paper discussed the impact of COVID-19 and the Russian-Ukrainian conflict on
the price of Shanghai carbon emission rights and forecasted the price of Shanghai carbon
emission rights under COVID-19. For the former, which has not been reported so far,
this paper proposed the ACIX] model for the research, which added a jump term than
the previous ACIX model and can better adapt to the situation of drastic data changes;
the hybrid forecasting model, BEMD-NDGM-ACIX]/CNN-LSTM, combined econometric
model, and deep learning to effectively improve forecasting accuracy.

However, there are some limitations to the research in this paper. For example, the
minimum DK distance estimation method did not include infinitely many data in the
interval when choosing the K; only 100 were chosen. Furthermore, the ACIX] model in
this paper is only applicable to interval data and cannot be used for point-value data. The
findings of this paper can also be further expanded: (1) indicators measuring investor
sentiment could be used as control variables to be selected in the future; (2) developing a
more convenient interval estimation algorithm that allows more interval interior data to be
applied; (3) applying experimental methods to EU carbon emission rights options data.

5. Conclusions

In this paper, an autoregressive conditional interval model with jumps based on
dummy variables is first proposed to study the impact of the Russian-Ukrainian conflict
and COVID-19 in the spring of 2022 on the price of Shanghai carbon emission rights. The
dummy variables were used to evaluate the inter-day trend and intra-day volatility of
carbon emission right interval prices caused by the epidemic. At the same time, the Wald
statistic was used to measure the impact of the pandemic on inter-day trend and intra-day
volatility. Second, the BEMD-NDGM-ACIX]/CNN-LSTM decomposition hybrid model
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was constructed to predict the price of Shanghai carbon emission rights. Finally, using the
interval price of SHEA for empirical analysis, the following results are obtained:

(1)  When studying the impact of Russia—Ukraine conflict and COVID-19 on prices of
Shanghai carbon emission rights, the advantages of research based on interval price
data are fully taken into account—that is, it can accurately capture information about
the trend of inter-day price and the range of intra-day price fluctuations and construct
the metrological model ACIX]. The empirical results show that the Russia and Ukraine
conflict has no obvious effect on the price of Shanghai carbon emission rights. In view
of the impact of COVID-19, the results of the ex ante analysis show that the price
decreases significantly in the first four days of lockdown, and the intra-day volatility
changes significantly. the ex post analysis results show that the volatility is strong in
the latter two days.

(2) The mixed BEMD-NDGM-ACIX]J/CNN-LSTM model was constructed when the price
of Shanghai carbon emission rights was predicted against the background of COVID-
19, taking into full account the abnormal data fluctuation caused by unexpected
events. The results show that the decomposition hybrid model proposed in this article
has higher prediction precision than the reference model, and it fully leverages the
strengths of combining the econometric model and deep learning.

The research results also have practical implications. Buyers always want to buy
carbon allowances when the price drops, and there was a clear downward trend in the
price of carbon emission rights before the epidemic outbreak, suggesting that it is best for
buyers to buy and hold before the unexpected event becomes more serious. In addition,
unexpected events can lead to unusual price changes before they occur; the carbon trad-
ing market can select suitable measures in response to these unusual changes to avoid
long-term impacts.
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