
Research Article
Using ARIMA-GARCH Model to Analyze Fluctuation Law of
International Oil Price

Ying Xiang

Changzhou Vocational Institute of Mechatronic Technology, Changzhou 213164, China

Correspondence should be addressed to Ying Xiang; xiangyingkelly@163.com

Received 27 January 2022; Revised 23 February 2022; Accepted 25 February 2022; Published 17 March 2022

Academic Editor: Wen-Tsao Pan

Copyright © 2022 Ying Xiang..is is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

It is meaningful and of certain theoretical value for the development of economy through analyzing fluctuation rules of in-
ternational oil prices and forecasting the future trend of international oil prices. By composing the autoregressive integrated
moving average (ARIMA) model and the combination model of autoregressive integrated moving average model-generalized
autoregressive conditional heteroskedasticity (ARIMA-GARCH) for analyzing and forecasting international oil prices, study
shows that the combination model of ARIMA (1,1,0)-GARCH (1,1) is more suitable for short-term forecasting of international oil
prices with higher accuracy that the MAPE of forecasting has reduced from 1.549% to 0.045% and the RMSE of forecasting has
reduced from 1.032 to 0.071.

1. Introduction

Oil, gold in black, “the blood of industry,” is such a kind of
important industrial source and power source and indis-
pensable strategic resource for nations to survive and de-
velop. It plays an immeasurable role in safeguarding national
economic and social development and defense security. To
some extent, the effects of oil on economy are achieved by
the price fluctuation in oil and the report of “Strategic
Energy Policy Challenges in the 21st Century” of USA has
pointed out that “almost every recession in economy since
the late 1940s happened with a spike in oil prices as a
prelude.” It is just like what economists pointed out that, for
oil consumers or importers, the deduction in oil prices is the
“driver” of their economies, and for oil producers or ex-
porters, it is regarded as the “victim” of their economies and
it is opposite to the rise in oil prices. .is shows that the
fluctuation in oil prices will definitely bring effects on global
economic development..us, it is meaningful and of certain
theoretical value for the development of economy through
analyzing fluctuation rules of international oil prices and
forecasting the future trend of international oil prices.

.e main contributions of this study are as follows:

(1) ARIMA model and ARIMA-GARCH combined
model have been constructed

(2) .e future trend of international oil price is pre-
dicted, which has certain theoretical value and sig-
nificance for economic development

(3) Comparing with other traditional models, we obtain
that the proposed model has higher prediction
accuracy

.e rest of the study is organized as follows. In Section 2,
we devote to the study of related work, and references related
to ARIMA and GARCH models have been analyzed. In
Section 3, we focus on the introduction of ARIMA and
GARCH models. In Section 4, we devote to positive analysis
of international oil price forecasting. In Section 5, we
summarize and forecast the work in this study.

2. Review of Literature

In recent years, many scholars have made outstanding
achievements in applications of ARIMA and GARCH
models. De Oliveira and FL Cyrino Oliveira [1] forecasted
long term electricity consumptions by using the ARIMA
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model in 2017. Krba et al. [2] made an analysis and fore-
casting of COVID-19 between European countries by using
the ARIMA model in 2020. Lanling Liu et al. [3] used the
ARIMA model to forecast fiscal revenue in 2020 with high
prediction accuracy. Panigrahi et al. [4] made a forecasting
of wind speed over the sea surface and time series of sun-
spots by using the ARIMAmodel in 2021; other scholars also
made a short-term forecasting of COVID-19 in India by
using the ARIMA model. Arora et al. [5–8] have also made
splendid achievements in applications of the GARCHmodel
[9–11]. Kim and Algieri [12, 13] analyzed and forecasted the
network traffic and extreme price changes by applying the
INGARCH model in 2020. Renjie Zhu made a positive
analysis of fluctuation ratio of stock market based on the
GARCH model in 2020 [14]. Other scholars conducted
research on the improved GARCH model in time series
[15–19]. Zolfaghari Mehdi applied the combination of AWT,
LSTM, and ARIMA-GARCH models to forecast stock index
in 2021. For forecasting stock fluctuation ratio of USA stock
market, Dow Jones industrial index and Nasdaq composite
index, two major index of stock fluctuation ratio, robustness
analysis has a higher accuracy [20]. Lin and Huang [21]
obtained corresponding fluctuation characteristics and
achieved forecasting of transport flow by combining ARIMA
and GARCH models in 2021. .e experiment indicates that
the ARIMA-GARCHmodel has a good performance tomeet
requirements of practical applications. Ding and Duan [22]
forecasted short-term passengers’ flow volume of three
subway stations in Beijing by applying the ARIMA-GARCH
model in 2018, and the combination model significantly
improved the reliability of predicted point’s value and the
coverage probability of prediction interval by decreasing
length of the average prediction interval.

In the aspect of international oil price forecasting, many
scholars have also made outstanding progress. Ali Safari
et al. [23]combined the exponential smoothing model, the
autoregressive integrated moving average model, and
nonlinear autoregressive neural network in a structure of the
state space model in 2018 to increase accuracy of forecasting.
In [24], Aimei Hu built ARIMA(5,1,3) and GARCH(1,1)
models in accordance with monthly data of WTI crude oil
and made a forecasting of oil prices in 2012 which showed
that the forecasting results’ accuracy of GARCH is higher
than that of the ARIMA model, and the mean relative error
decreased from 8.2157% to 5.4791%, and the root mean
square error decreased from 9.449168 to 7.25275. In [25], Jue
Wang raised a semiheterogeneous approach to combine
forecasting of crude oil prices in 2018 by decomposing the
original price series using four decomposition methods plus
four different forecasting technologies such as AR and
ARIMA models to predict components of each disposition
methods and finally rebuilding price forecasting based on
the predicted components. .e result showed that com-
prehensive forecasting errors decreased obviously. In [26],
scholars apply different models to predict on international
oil prices aiming to figure out the fluctuation rules of oil
prices in order to take appropriate measures when strike

occurs to reduce negative effects on economic development.
For forecasting modeling issues of international oil prices
which have complex fluctuation characteristics, the com-
bination model theory of ARIMA-GARCH has great po-
tential for improving forecasting performance and
stationarity of international oil prices.

3. Brief Introduction of ARIMA and
GARCH Models

3.1. General Form of the ARMAModel. .e structure of the
ARMA model is as follows:

Xt � 

p

j�1
ϕjXt− j + 

q

j�0
θjεt− j, t ∈ Z,

θ0 � 1,

ϕpθq ≠ 0,

⎧⎨

⎩

(1)

where εt  represents a flat noise in zero-mean , real
polynomial.

ϕ(z) � 1 − ϕ1z − · · · − ϕpzp and θ(z) � θ0 + θ1z + · · · +

θqzq meet the requirements of stationarity and reversibility,
respectively.

3.2. General Form of the ARIMAModel. In the ARIMA(p, d,
q), AR represents autoregressive, p represents the number of
autoregressive terms, MA represents average move, q rep-
resents the average number of terms of moving, and d
represents the difference number. If

Yt � (1 − B)
d
Xt, (2)

is a sequence of ARMA(p, q), it indicates that Xt  is a
sequence of ARMA(p, q)and the model is shown as follows:

ϕ(B)(1 − B)
d
Xt � θ(B)εt, t ∈ Z, (3)

where B represents the operator, (1 − B) represents finite
difference operator, εt  represents a flanoise in zero-mean,
and real polynomial ϕ(z) � 1 − ϕ1z − · · · − ϕpzp and θ(z) �

θ0 + θ1z + · · · + θqzq meet the requirements of stationarity
and reversibility, respectively.

.e modeling steps of ARIMA(p, d, q) model are as
follows:

① .e stationarity test is carried out on the original
time series. If the series does not meet the stationarity
condition, the difference transformation is needed to
make the series meet the stationarity condition, so as
to obtain the value of d in the model.

② .e values of p and q in the model are determined by
using ACF and PACF.

③ .e unknown parameters of the model were esti-
mated and the significance of the parameters and the
applicability of the diagnostic model were tested.

④ Predict the future value of time series.
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3.3. ARCH Model.

xt � f t, xt− 1, xt− 2, . . .(  + εt,

εt �

��

ht



et,

ht � w + 

q

i�1
αiε

2
t− i,

et ∼ II D(0, 1),

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(4)

where αi is nonnegative and f(t, xt− 1, xt− 2, . . .) is the de-
terministic information fitting model of xt .

3.4. GARCH Model.

xt � f t, xt− 1, xt− 2, . . .(  + εt,

εt �

��

ht



et,
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q
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αiε

2
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cjht− j,

et ∼ II D(0, 1),
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(5)

where αi and cj are nonnegative and f(t, xt− 1, xt− 2, . . .) is
the deterministic information fitting model of xt . It is an
extension of the ARCH model and claims that ht has AR


p
j�1 cjht− j and ARCH term is 

q
i�1 αiε2t− i. In general, the

GARCH model is easier to identify and estimate, and the
GARCH model can capture the flat period and fluctuation
period of time series.

4. Positive Analysis of International Oil
Price Forecasting

.is study collects closing price data of WTI crude oil in
total of 125 days from July 1, 2021, to December 22, 2021, as
samples for analyzing and forecasting and sets the last
10 days of closing price data as a forecasting sample, and data
originate from IN-EN.COM.

4.1. Test of Stationarity. Firstly, observe the sequence dia-
gram of samples; partial fluctuation is obvious in the figure,
and it shows a trend of decline, rise, and decline as a whole
which does not represent seasonality and singular point and
can be preliminarily judged that the time series is nonsta-
tionary series, as seen in Figure 1. As the time series is not
stationary, so there are differences on it, the sequence di-
agram fluctuates up and down in 0 after being differencing at
a time and can be preliminarily judged that the time series is
stationary after being differencing at a time, as seen in
Figure 2.

To assure the correctness of judgment, we follow and use
unit root test of ADF to further conduct experiment. .e
original hypothesis that ADF tests is that there is at least one
unit root; the alternate hypothesis is there is no unit root. If
the statistic tested by ADF is above the marginal value, the
original hypothesis is accepted which means that there is a
unit root, and the series is nonstationary. Otherwise, there is
no unit root, and the series is stationary.

To use unit root of ADF for testing, firstly, we need
to ensure the lag intervals for endogenous of rational
regressive definition. .rough BIC criteria, to ensure the
lag intervals for endogenous of rational regressive defi-
nition, we need to choose constants and temporal trend
and observe the sequence diagram, and we can choose
figures that do not contain constant terms and temporal
trend to conduct ADF test, and tests results can be seen in
Table 1.

.e result shows that statistics of ADF for WTI is
− 1.7004 which is above 10% of the marginal value and
accepts the original hypothesis which means that WTI series
is nonstationary. Statistics of ADF for dWTI is − 7.6897
which is above 1% of the marginal value and refuses the
original hypothesis which means that dWTI series is sta-
tionary. .us, WTI series is stationary after being differ-
encing at a time.

4.2. Build the ARIMA Model. .e time series of WTI has
transferred as a stationary series after being differencing at a
time, so we need to ensure the value of p and q. .us, we
observe first the difference figure of ACF and PACF, as
shown in Figure 3, and we can judge that the value of p is 1
and the value of q is 0. So, we can build the ARIMA(1, 1, 0)
model as below:

(1 − B)WTIt � − 0.0474WTIt− 1 + εt, εt ∼ N(0, 3.072). (6)

4.3. Test of the ARCH Effect. For the test result of the ARCH
effect which shows that, under the two situations of 4 orders-
lag and 8 orders-lag, both WTI series refuse the original
hypothesis with 1% significant level and consider the ARCH
effect, as seen in Table 2; we can further build the ARIMA-
GARCH model.

4.4. ARIMA-GARCH Model Estimation. .e build of the
ARIMA-GARCH model firstly needs to create the GARCH
model of WTI. .e average equation that we choose is
ARIMA(1,1,0) and the chosen fluctuation ratio equation is
GARCH(1, 1); estimated parameters are listed in Table 3, and
the models are as below:

(1 − B)WTIt � 74.562559 + 0.95346WTIt− 1 + εt,

εt �

��

ht



et,

ht � 0.095549 + 0.0000ε2t− 1 + 0.969848ht− 1,

et ∼ IID(0, 1).

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(7)

.e parameter of ε2t− 1 is small, which is close to 0.

4.5. Comparison of Predictive Validity between ARIMA and
ARIMA-GARCH. .e forecasting figures of ARIMA(1, 1, 0)
and ARIMA-GARCH are shown as Figures 4 and 5. It is not
clearly distinguished from the forecasting figures whether
ARIMA or ARIMA-GARCH is better for prediction; thus,
the study divides the sample data into two parts: one part
for the training set from July 1, 2021, to December 8, 2021,
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and another part for the testing set from 9 December 2021
to 22 December 2021..e training set is used to forecast the
future data of WTI by applying in the ARIMA(1, 1, 0)
model and the ARIMA(1, 1, 0)-GARCH(1, 1) model. To
compare forecasting results with the real value, with
forecasting results being represented in Figure 4, the results
show that the forecasting MAPE and RMSE of the ARIMA-
GARCH model are 0.045% and 0.071, and those of the
ARIMA model are 1.540% and 1.032. So, the forecasting

effect of the ARIMA-GARCH model is better. .e MAPE
and RMSE of the forecasts are shown in Table 4. It can be
seen that the ARIMA-GARCH model solves the hetero-
scedasticity of the ARIMAmodel residual and improves the
prediction accuracy. In addition, the ARIMA-GARCH
model has solved the prediction modeling issue that the
time series can be affected by complex factors, and it is
represented as abnormal leptokurtosis and fat-tail
distribution.
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Figure 2: WTI-order difference sequence diagram.

Table 1: Test results of stationarity of each variable.

Variable D (C, T, K)∗ ADF test value
Critical value of ADF at significance

level Stationarity
1% 5% 10%

WTI 0 (C, 0, 1) − 1.7004 − 3.46 − 2.88 − 2.57 Nonstationarity
dWTI 1 (0, 0, 1) − 7.6897 − 2.58 − 1.95 − 1.62 Stationarity
Note: the unit root test assumes that a sequence has a unit root. (C, T,K) denotes the constant term, the time trend, and the best delay term of the unit root test
equation, respectively. C (or t) means excluding constant or trend terms. .e delay term is added to make the residual term white noise. .e selection criteria
of lag period refer to SC criterion.
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Figure 1: WTI sequence diagram.
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Table 3: Coefficient significance test table.

Estimate Std. error t value Pr(> |t|)

mu 74.562559 1.536693 48.521 0.000000
ar1 0.953460 0.028053 33.988 0.000000
omega 0.095549 0.049584 1.927 0.053975
alpha1 0.000000 0.008002 0.000 1.000000
beta1 0.969848 0.029566 32.803 0.000000

Forecasts from ARIMA (1, 1, 0)
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Figure 4: Forecasts from ARIMA(1, 1, 0).
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Figure 3: ACF and PACF.

Table 2: .e test result of the ARCH effect.

ARCH(4) ARCH(8)
Chi-squared p value Chi-squared p value

WTI 110.17 2.20E-16 107.08 2.20E-16
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5. Conclusion

Tomake up for arch that exists in the ARIMAmodel, known
as ARCH effect, the study has applied the ARIMA-GARCH
model to analyze and forecast the forward price of WTI
crude oil based on MAPE and RMSE as evaluation; the
predicted result shows that the combination model of
ARIMA(1, 1, 0)-GARCH(1, 1) has increased forecast ac-
curacy. .e MAPE of forecasting has reduced from 1.549%
to 0.045% and the RMSE of forecasting has reduced from
1.032 to 0.071. In addition, the ARIMA-GARCH model has
solved the prediction modeling issue that the forward price
of WTI crude oil can be affected by complex factors, and it is
represented abnormal leptokurtosis and fat-tail distribution.
In the future, the following two aspects are planned: one is to
distinguish the prediction effect of the ARIMA model and

the ARIMA-GARCH model by integrating various evalua-
tion indexes. .e second is to popularize the ARIMA-
GARCH model, for example, to analyze and forecast
international gold price, stock price index, Sino-US exchange
rate, and short-term passenger flow of subway station.
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Table 4: MAPE and RSME.

Date Actual
value

ARIMA predicted
value

ARIMA relative error
(%)

ARIMA-GARCH predicted
value

ARIMA-GARCH relative error
(%)

2021/12/9 72.36 71.9682748 0.541 72.26946 0.125
2021/12/10 70.94 71.97088379 1.453 70.91556 0.034
2021/12/13 71.67 71.9708005 0.420 71.64392 0.036
2021/12/14 71.29 71.97080316 0.955 71.26396 0.037
2021/12/15 70.73 71.97080307 1.754 70.70396 0.037
2021/12/16 70.87 71.97080308 1.553 70.84396 0.037
2021/12/17 72.38 71.97080308 0.565 72.35396 0.036
2021/12/20 70.86 71.97080308 1.568 70.83396 0.037
2021/12/21 68.23 71.97080308 5.483 68.20396 0.038
2021/12/22 71.12 71.97080308 1.196 71.09396 0.037
MAPE 1.549% 0.045%
RMSE 1.032 0.071
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“Volatility GARCH models with the ordered weighted av-
erage (OWA) operators,” Information Sciences, vol. 565,
pp. 46–61, 2021.

[17] Z. Sun, “.e risk measurement on portfolio of open-end
fund—based on copula-ARMA-GARCHmodel,” Advances in
Applied Mathematics, vol. 10, no. 4, pp. 946–952, 2021.

[18] C. Wu, “Window effect with Markov-switching GARCH
model in cryptocurrency market,” Chaos, Solitons & Fractals,
vol. 146, no. 2, Article ID 110902, 2021.

[19] S. Aras, “On improving GARCH volatility forecasts for Bit-
coin via a meta-learning approach,” Knowledge-Based Sys-
tems, vol. 230, Article ID 107393, 2021.

[20] M. Zolfaghari and S. Gholami, “A hybrid approach of adaptive
wavelet transform, long short-term memory and ARIMA-
GARCH family models for the stock index prediction,” Expert
Systems with Applications, vol. 182, Article ID 115149, 2021.

[21] X. Lin and Y. Huang, “Short-term high-speed traffic flow
prediction based on ARIMA-GARCH-M model,” Wireless
Personal Communications, vol. 117, no. 4, pp. 3421–3430,
2021.

[22] C. Ding, J. Duan, Y. Zhang, X. Wu, and G. Yu, “Using an
ARIMA-GARCH modeling approach to improve subway
short-term ridership forecasting accounting for dynamic
volatility,” IEEE Transactions on Intelligent Transportation
Systems, pp. 1054–1064, 2017.

[23] S. M. Al-Fattah, “Artificial intelligence approach for modeling
and forecasting oil-price volatility,” SPE Reservoir Evaluation
and Engineering, vol. 22, no. 3, pp. 817–826, 2019.

[24] A. Safari and M. Davallou, “Oil price forecasting using a
hybrid model,” Energy, vol. 148, pp. 49–58, 2018.

[25] A. Hu and S. Wang, “Comparative analysis of the interna-
tional oil price forecast based on the ARIMA and GARCH
models,” Economic Research Guide, vol. 26, pp. 196–199, 2012.

[26] J. Wang, X. Li, T. Hong, and S. Wang, “A semi-heterogeneous
approach to combining crude oil price forecasts,” Information
Sciences, vol. 460-461, pp. 279–292, 2018.

Mathematical Problems in Engineering 7


