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Abstract. Based on concepts and methods from statistical physics, we investigate extreme-volatility dynamics in the crude oil markets, using the high-frequency data from 2006 to 2010 and the daily data from
1986 to 2016. The dynamic relaxation of extreme volatilities is described by a power law, whose exponents
usually depend on the magnitude of extreme volatilities. In particular, the relaxation before and after extreme volatilities is time-reversal symmetric at the high-frequency time scale, but time-reversal asymmetric
at the daily time scale. This time-reversal asymmetry is mainly induced by exogenous events. However,
the dynamic relaxation after exogenous events exhibits the same characteristics as that after endogenous
events. An interacting herding model both with and without exogenous driving forces could qualitatively
describe the extreme-volatility dynamics.

1 Introduction
Crude oil is one of the most important commodities in
the world. Crude oil prices signiﬁcantly aﬀect the global
economy. Low crude oil prices often lead to an economic
depression in oil exporting countries, while high oil prices
may increase inﬂation. Therefore, a better understanding
of the price movements becomes a fundamental issue in
the crude oil markets. Various methods from diverse disciplines have been proposed to forecast the price movements
in the crude oil markets. The GARCH-class models are
the common methods for forecasting the volatility persistence [1,2]. Machine-learning algorithms, such as the neural network [3] and the support vector machine [4,5], have
played an important role in forecasting crude oil prices.
Additionally, various other methods, including predictive
regressions with economic restrictions [6] and the dynamic
model averaging approach [7], have been also introduced
to predict crude oil prices.
An important factor causing the failure of predictions
is characterized by unpredictable extreme volatilities,
which may drive the crude oil markets to a non-stationary
state [8]. For improving the predicting accuracy, therefore,
it is crucial to understand the dynamic behavior of extreme volatilities. Extreme volatilities in the crude oil markets have received widespread attention in recent years.
The recurrence intervals of extreme volatilities of the energy futures have been investigated [9], and it has been
a

e-mail: xfjiang@nbdhyu.edu.cn

demonstrated that the 2006–2008 oil bubble was ampliﬁed
by the speculative behavior [10]. With the empirical mode
decomposition, it is observed that the extreme events show
a medium time impact on the crude oil markets, while the
irregular events only have a short-term eﬀect [11]. Some
works also consider the impact of extreme volatilities on
the forecasting models [11,12].
On the other hand, there has been great success in recent research of the stock markets using the methods of
statistical physics [13–18]. Therefore, it is natural to extend these methods to the ﬁeld of the crude oil markets.
For example, the return-volatility correlation has been investigated in energy futures recently [19]. In particular,
extreme-volatility dynamics have been widely studied in
the stocks markets. After extreme crashes, the rate of
volatilities larger than a speciﬁc threshold decreases by a
power law [20], which is analogous to the Omori law characterizing the aftershocks of a huge earthquake [21]. The
Omori law is also observed in the daily data of ﬁnancial
indices for several emerging stock markets after the two
largest crashes [22]. The dynamic behavior of the volatility has been determined around extreme events [23]. The
volatility dynamics driven by interest-rate change have
been investigated in the US stock market [24].
However, non-stationary dynamics are still an open
question in complex systems. For example, the correlation function nonlocal in time is constructed to investigate
the volatility-return correlation in ﬁnancial dynamics [25].
In particular, we have recently developed a theoretical

Page 2 of 7

Eur. Phys. J. B (2017) 90: 30

framework based on concepts and methods in statistical
physics, for analyzing the non-stationary dynamics of extreme events in complex systems [26]. In this paper we introduce this framework to systematically explore extremevolatility dynamics in the crude oil markets, based on
high-frequency data and daily data. We investigate the dynamic relaxation both before and after the extreme volatilities, and observe the time-reversal symmetry or asymmetry at diﬀerent time scales. We examine the dynamic
behavior of diﬀerent categories of extreme volatilities, and
search for the origin of the time-reversal asymmetry at the
daily time scale. Finally, we introduce an interacting EZ
model to simulate the extreme-volatility dynamics.

2 Data and methodology
We have collected the daily data of crude oil prices for the
West Texas Intermediate (WTI) Spot and Future, from
Jan. 2, 1986 to Oct. 11, 2016, with 7765 and 7722 trading
days respectively. The high-frequency data are the minuteto-minute prices of the fuel oil future in the Shanghai Futures Exchange, from Jan. 16, 2006 to Jun. 25, 2010, with
221 427 data points. The high-frequency data are recorded
every minute, and a working day is exactly 215 min in the
Shanghai Futures Exchange.
We deﬁne the logarithmic return over a time interval of
one day and one minute for the daily and high-frequency
data respectively,
R (t ) ≡ ln P (t + 1) − ln P (t ) ,

(1)

where P (t ) represents the oil price at time t . For simplicity, the volatility is then deﬁned as the absolute value of
returns, |R (t ) |. To investigate the dynamic relaxation before and after the extreme volatilities, let us introduce the
anti-remanent and remanent volatilities v− (t) and v+ (t),
v± (t) = [|R (t ± t) |c − σ] /Z,

(2)



where Z = |R (t ) |c − σ, σ is the average volatility,
and · · · c represents the average over those times t
which fulﬁll the extreme volatility condition. In this paper,
we determine the extreme volatilities with the condition
|R (t ) | > ζ, where the given threshold ζ is well larger
than σ. It represents the crashes and rallies in the crude
oil markets, if ζ is suﬃciently large. v− (t) describes how
the dynamic system approaches an extreme volatility from
the stationary state, while v+ (t) illustrates how it relaxes
from an extreme volatility.
Extreme volatilities in ﬁnancial markets are usually
followed by a series of aftershocks, showing long-range correlations [20,22,26]. Therefore, it is reasonable to assume
that both v± (t) follow a power law,
v± (t) ∼ (t + τ± )−p± ,

(3)

where p± are the exponents and τ± are positive constants.
The constants τ± are rather small for most cases in this
paper. To reduce the ﬂuctuations, we integrate both sides

Table 1. The exponents p± with τ± = 0 for the high-frequency
data of the fuel oil future, fitted with equation (4).
ζ
p−
p+

2σ
0.14(1)
0.13(1)

4σ
0.17(1)
0.15(1)

6σ
0.20(1)
0.18(1)

8σ
0.21(1)
0.20(1)

of equation (3) from 0 to t. The cumulative function of
v± (t) is then written as


1−p
1−p
V± (t) ∼ (t + τ± ) ± − τ± ± ,
(4)
where p± = 1. The power-law behavior of V± (t) actually
represents the long-range temporal correlation of volatilities. Such a power-law behavior has been well studied
in dynamic critical phenomena, even in cases far from
equilibrium [27,28].

3 Results
We ﬁrst analyze the high-frequency data of the fuel oil
future in the Shanghai Futures Exchange. Here |R(t)| is
calculated on the minute time scale. We set the threshold
ζ = 2σ, 4σ, 6σ and 8σ to determine extreme volatilities.
For the high-frequency data, an extreme volatility might
drive the dynamic system to a microscopic non-stationary
state, but it may not represent an exact macroscopic crash
or rally. In Figure 1a, V± (t) of the high-frequency data are
showed on a log-log scale.
Due to the intra-day pattern [29–31], both V± (t) periodically ﬂuctuate at t = 215 min, i.e., a working day
in the Shanghai Futures Exchange. This kind of intra-day
pattern originates from price jumps between the closing
price and the opening price of the next day. To exclude
the intra-day pattern, we deﬁne the intra-day pattern factor D(tday ) as




1
D tday =
|Rj tday |,
N

(5)

where j runs over all the trading days N , and tday is the
time in a trading day. Then we normalized the volatility
at time t = tday as






r tday = |R tday |/D tday .

(6)

Then V± (t) are recalculated with r(tday ). As displayed in
Figure 1b, both V± (t) for r(tday ) show an almost perfect
power-law behavior.
Fitting the curves of V± (t) to equation (4), we obtain the exponents p± summarized in Table 1. Both p±
increase with the threshold ζ. In particular, p+ and p−
of every ζ are equal within statistical errors. Namely, the
dynamic relaxation is symmetric before and after the extreme volatilities at the microscopic time scale, i.e., the
minute time scale.
For better understanding the extreme-volatility dynamics of crude oil prices, we have calculated V± (t)
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Fig. 1. (a) V± (t) for the high-frequency data of the fuel oil future in the Shanghai Futures Exchange. From above, the threshold
is ζ = 2σ, 4σ, 6σ and 8σ respectively. (b) The same as (a), but the intra-day pattern has been removed.
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Table 2. The exponents p± with τ± = 0 for the daily data,
fitted with equation (4). The first sector is p± for the WTI
Future, and the second sector is p± for the WTI Spot.
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Fig. 2. V± (t) for the daily data of the WTI Future. From
above, the threshold is ζ = 2σ, 4σ, 5σ, and 7σ respectively. For
clarity, some curves have been shifted downwards or upwards.

with the daily data of the WTI Spot and Future. The
extreme volatilities for the daily data are determined
with ζ = 2σ, 4σ, 5σ and 7σ. As displayed in Figure 2,
V± (t) for the WTI Future could also be characterized by
equation (4). Compared with those of the high-frequency
data, the curves of the daily data are somewhat ﬂuctuating. We obtain the exponents p± of the daily data with
τ± = 0, summarized in Table 2. p− of the daily data is
ζ-dependence obvious. However, ζ-dependence for p+ is
weaker, leading to p− = p+ . In other words, the timereversal symmetry before and after the extreme volatilities is violated at the daily time scale. Similar results are
obtained for the WTI Spot.
What is the underlying mechanism for the violation
of the time-reversal symmetry before and after extreme
volatilities at the daily time scale? Addressing this question is a natural way to investigate the dynamic relaxation
of diﬀerent categories of extreme volatilities, since the extreme volatilities may originate diﬀerently. We classify extreme volatilities |R (t ) | with R (t ) > 0 and R (t ) < 0,
which are the “rallies” and “crashes” respectively. Then
V± (t) are calculated for the rallies and crashes separately,

and ﬁtted to equation (4). At the high-frequency time
scale, the exponents p± remain the same both for the
crashes and rallies, as shown in Figure 3. At the daily time
scale, p± of the crashes and rallies are also only marginally
diﬀerent both for the WTI Spot and WTI Future. In other
words, crude oil markets do not distinguish between the
crashes and rallies for the extreme-volatility dynamics.
Extreme volatilities at the daily time scale could
also be classiﬁed into endogenous events and exogenous
events [26,32,33]. Generally, an exogenous event is related
to the market’s response to external forces, such as policy changes or wars. An endogenous event is driven by
the internal dynamics of the system. In this paper, we
mainly classify these events by the reports from the International Energy Agency and the Energy Information
Administration. Looking carefully at the history of the
crude oil markets, we conﬁrm 11 exogenous events among
36 extreme volatilities selected by the threshold ζ ≥ 6σ
for the WTI Future, and 12 exogenous events among 33
extreme volatilities for the WTI Spot. It is not meaningful
to identify the external forces for the extreme volatilities
corresponding to the lower thresholds such as ζ = 2σ and
4σ. In Figure 4 and 5, V± (t) of ζ = 5σ and 7σ are plotted
for the endogenous and exogenous events separately, and
the exponents p± are summarized in Table 3.
It is observed that the relaxation dynamics before
and after the extreme volatility is symmetric for the endogenous events, i.e., p− ≈ p+ , while asymmetric for
the exogenous events, i.e., p− > p+ . In other words,
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Fig. 3. V± (t) for the crashes and rallies of the high-frequency data are displayed for the fuel oil future in the Shanghai Futures
Exchange. The intra-day pattern is removed. From above, the threshold is ζ = 2σ, 4σ, 6σ and 8σ respectively.
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Fig. 4. For the daily data of the WTI Future, and with the thresholds of ζ = 5σ and 7σ, V± (t) are displayed for endogenous
and exogenous events separately.
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Fig. 5. For the daily data of the WTI Spot, and with the thresholds of ζ = 5σ and 7σ, V± (t) are displayed for endogenous and
exogenous events separately.

the time-reversal asymmetry of the dynamic relaxation
before and after the extreme volatility at the daily time
scale is induced by the exogenous events, not by the endogenous events. This violation of the time-reversal symmetry at the macroscopic time scale is also observed in
the traditional physics system. For instance, the microscopic equations of motion reversible in time may result
in irreversible macroscopic dynamic processes [28].
Considering that V− (t) describes how a crude oil market approaches an extreme volatility, it is reasonable that
p− of the exogenous events is larger than p− of the en-

dogenous events, since an exogenous event should arise
more suddenly than an endogenous event. On the other
hand, keeping in mind that p+ of the exogenous and p+
of endogenous events are almost equal, it seems that once
the extreme events occur, the dynamic relaxation of the
crude oil markets does not distinguish between exogenous
and endogenous events. Such a phenomenon is similar to
the behavior of the mature stock market, e.g., the German
market, while diﬀerent from the behavior of the emerging
stock market, e.g., the Chinese market. This may imply
that the crude oil market is a mature asset market.
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Table 3. The exponents p± with τ± = 0 for the endogenous
(EN.) and exogenous (EX.) events, fitted with equation (4) for
the daily data of the WTI Future and WTI Spot.
ζ
p−
p−
p+
p+
p−
p−
p+
p+

2σ
Future
0.17(1)

4σ

5σ

7σ

0.22(1)

0.21(2)
0.35(3)
0.23(2)
0.24(2)

0.23(3)
0.45(4)
0.22(2)
0.23(3)

En.
Ex.
En.
Ex.

0.21(3)
0.38(3)
0.20(2)
0.21(3)

0.24(4)
0.49(4)
0.23(3)
0.22(4)

En.
Ex.
En.
Ex.

0.16(1)

0.20(2)

Spot
0.20(1)

0.24(2)

0.19(1)

0.21(2)

f=

Table 4. The exogenous events corresponding to ζ ≥ 6σ for
the WTI Spot. IEA: International Energy Agency. OPEC: Organization of the Petroleum Exporting Countries.
Date
1990.8.6
1990.10.22
1991.1.17
1991.1.28
1998.4.23
1998.12.17
2003.3.26
2008.9.23
2008.10.10
2008.12.1
2008.12.26
2008.12.31

Event
Rally
Crash
Crash
Crash
Crash
Crash
Crash
Crash
Crash
Crash
Rally
Rally

Iraq-Kuwait War
IEA release reserved crude oil
The Gulf War
The Gulf War
Asia Financial Crisis
Asia Financial Crisis
Iraq War
Subprime mortgage crisis
Subprime mortgage crisis
Subprime mortgage crisis
OPEC cut oil production
OPEC cut oil production

endogenous events is approximately time-reversal symmetric, i.e., p− ≈ p+ . To quantitatively measure the difference between the endogenous events and exogenous
events, we introduce an asymmetric factor f to characterize extreme volatilities,

ζ
8σ
8σ
8σ
7σ
7σ
7σ
8σ
7σ
6σ
6σ
7σ
7σ

4 Discussion
Diﬀerent sorts of external forces may induce diﬀerent
extreme-volatility dynamic processes, and diﬀerent markets may respond diﬀerently to the external forces. For example, all the exogenous events in the Shanghai stock market are generated by market-policy changes, while those
in the German stock market correspond to political and
economic accidents. However, the exogenous events in the
crude oil markets are a mixture of market-policy changes
and political or economic accidents, as shown in Table 4.
For the WTI Future, we identify 11 exogenous events
among 36 extreme volatilities with ζ ≥ 6σ. For these exogenous events, 3 events drive the WTI Future to rallies, and 8 events led to crashes. The identiﬁed exogenous
events are listed in Table 4. For endogenous events, 13
events caused crashes and 12 events resulted in rallies.
Similar results are obtained for the WTI Spot. The only
diﬀerence between the two markets is that the subprime
mortgage crisis led to two crashes for the WTI Future,
while resulting in three crashes for the WTI Spot. Unlike
in the stock markets, the response to external forces is
more complicated in the crude oil markets. For example,
exogenous events usually create crashes, while endogenous
events generate rallies in the German stock market [26].
The dynamic relaxation of the exogenous events is
time-reversal asymmetric, i.e., p− = p+ , while that of the

Σ+ − Σ−
,
Σ+ + Σ−

(7)

where Σ± are the areas bounded by the curves of V± (t)
and the coordinate axes. Careful analysis shows that f >
0.16 and f < 0.16 reasonably classify exogenous and endogenous events respectively for both the WTI Spot and
Future. These calculations conﬁrm that the time-reversal
asymmetry at the daily time scale is mainly induced by
exogenous events.

5 Simulation
Although there have been many activities devoted to the
macroscopic description of ﬁnancial crashes [34–36], it
remains a great challenge to simulate the dynamic relaxation of extreme volatilities at the microscopic level.
A Gaussian process or a usual minority game fails to
explain the extreme-volatility dynamics. In this paper,
we present an interacting herding model ﬁrst introduced
in [37], which may qualitatively reproduce the dynamic
behavior of the extreme volatilities. The model consists of
N agents, which form clusters during dynamic evolution.
Initially, each agent is a cluster. The dynamics evolve in
the following way.
(1) At time step t , an agent i is selected randomly.
(2) With probability a, the agent i becomes active and
decides buying or selling, and all agents in its cluster
follow. After that, this cluster is broken into a state
where each agent is a separate cluster. The size of this
cluster is then recorded as s (t ).
(3) With probability 1 − a, the agent i remains inactive.
Another agent j is randomly selected. If agents i and
j are in diﬀerent clusters, combine the two clusters
into a bigger one.
The parameter a apparently controls the dynamic evolution. In fact, 1/a is the rate of transmission of information [37]. Practically, one assumes that s (t ) is proportional to the volatility at time t . If a is a constant, the
model does not produce the long-range auto-correlation of
volatilities. To mimic the real markets, a should not be a
constant. For example, a may interact with the volatility
in a form like [38,39],
a (t ) = b +

s (t

c
.
− 1)

(8)

Here b and c are positive constants. Such an interaction
may generate a long-range auto-correlation of volatilities.
We have performed the simulations with N = 40 000 and
b = 0.00025. The critical value of c is estimated to be
0.6. V± (t) is then calculated, and displayed in Figure 6a.
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Fig. 6. V± (t) for the interacting herding model and its variant with exogenous driving forces. From above, the threshold is
ζ = 2σ, 4σ, 6σ, 8σ respectively.
Table 5. The first sector lists the exponents p± for the EZ
interacting herding model, and the second sector includes p±
for its variant with exogenous driving forces.
ζ
τ−
p−
τ+
p+
τ−
p−
τ+
p+

2σ
1.58
0.46 (1)
2.67
0.44 (2)
1.33
0.55 (3)
2.07
0.46 (3)

4σ
2.51
0.58 (2)
2.13
0.52 (1)
2.08
0.68 (4)
2.39
0.57 (3)

6σ
3.07
0.65 (1)
1.94
0.58 (2)
2.88
0.77 (3)
2.05
0.63 (3)

8σ
3.24
0.70 (2)
1.71
0.62 (2)
3.99
0.86 (5)
1.96
0.68 (3)

Fitting the curves to equation (4), we obtain the exponents
p± (t). As shown in the ﬁrst sector of Table 5, p± (t) are
ζ-dependent, and the diﬀerence of p− and p+ is small.
Therefore, this model could be compared with the highfrequency data, although its exponents p± (t) are larger.
Actually, one may deﬁne the volatility |R| = sα with α = 1
to change the values of p± (t).
To simulate the dynamic relaxation before and after
the extreme volatilities at the daily time scale, we may introduce exogenous driving forces to the interacting herding model. Here we present a simple scheme. At a certain time, we randomly select several pairs of clusters,
and combine each pair into a bigger cluster. As shown in
Figure 6b and the second sector of Table 5, such a simple scheme does enhance the time-reversal asymmetry in
the dynamic relaxation before and after extreme volatilities. To achieve an accurate comparison with the crude oil
markets, one needs more sophisticated exogenous driving
schemes, e.g., to modify the dynamic rules for the exogenous events.

6 Conclusions
Using concepts and methods from statistical physics, we
have investigated the extreme-volatility dynamics in crude
oil markets, based on the high-frequency data of fuel oil
prices and the daily data of crude oil prices. The dynamic relaxation is characterized by the power law, and
the exponents p± usually depend on the magnitude of

extreme volatilities. The relaxation before and after extreme volatilities is time-reversal symmetric at the highfrequency time scale, i.e., p− = p+ , while it is time-reversal
asymmetric at the daily time scale, i.e., p− = p+ . This
time-reversal asymmetry in the crude oil markets is induced by exogenous events. The dynamic relaxation after
exogenous events exhibits the same characteristics as that
after endogenous events. Although the extreme-volatility
dynamics is rather complicated and may generally depend on the speciﬁc markets, an interacting herding model
without and with exogenous driving forces could qualitatively describe the extreme-volatility dynamics.
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