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Abstract: Wind energy is considered a clear and sustainable substitution for fossil fuel, and the stock
index of the wind energy industry is closely related to the oil price fluctuation. Their relationship is
characterized by multiscale and time-varying features based on a variety of stakeholders who have
different objectives within various time horizons, which makes it difficult to identify the factor in
which time scale could be the most influential one in the market. Aiming to explore the correlation
between oil price and the wind energy stock index from the time–frequency domain in a dynamic
perspective, we propose an algorithm combining the wavelet transform, complex network, and gray
correlation analyses and choose the Brent oil price and the international securities exchange (ISE)
global wind energy index from January 2006 to October 2015 in daily frequency as data sample.
First, we define the multiscale conformation by a set of fluctuation information with different time
horizons to represent the fluctuation status of the correlation of the oil–wind nexus rather than by a
single original correlation value. Then, we transform the multiscale conformation evolution into a
network model, and only 270 multiscale conformations and 710 transmissions could characterize
2451 data points. We find that only 30% of conformations and transmissions work as a backbone
of the entire correlation series; through these major conformations, we identify that the main factor
that could influence the oil–wind nexus are long-term components, such as policies, the status of the
global economy and demand–supply issues. In addition, there is a clustering effect and transmissions
among conformations that mainly happen inside clusters and rarely among clusters, which means
the interaction of the oil–wind nexus is stable over a short period of time.

Keywords: wind energy; oil price; multiscale; complex network

1. Introduction

The green gas emissions and climate changes caused by fossil fuel consumption derive an urgent
demand of the shift from traditional energy sources to renewable ones [1]. Among the developments
of different renewable resources, wind energy attracts a huge body of concerns due to its long
history and promising potential [2]. Being a clear and sustainable substitution for fossil fuel, there is
significant evidence proves that fluctuations in the oil price closely relate to the performance of the
wind energy industry, especially the linkage between oil price and the wind energy stock index [3].
Their relationships are explored by the Granger causality test, the asymmetric BEKK (named after Baba,
Engle, Kraft, and Kroner), the copula, and models from the GARCH (Generalized Auto Regressive
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Conditional Heteroskedasticity) family in the entire sample period from a holistic perspective [4–8].
However, previous research has mainly focused on the time domain and has ignored the information
from different time horizons. This multiscale information from a variety of time scales is hidden
in the frequency domain, which are the main contributors of the nonstationary and nonlinearity of
the financial time series [9]. Theoretically, oil price fluctuations could affect the wind energy stock
from two perspectives—one is through the cash flows of companies in the future, and the other is
through the discount of cash flow, such as exchange rate, interest rate, and monetary policy. Moreover,
these two kinds of impacts from oil prices on the wind energy stock index may be distinguished in
different time horizons [10]. Moreover, stakeholders involved in two markets have objectives with
in different time horizons [11]. To be more specific, demand and supply factors are elasticated in the
long term but is of rigidity in the short term, and financial investments mainly focus on short-term
profit. Therefore, it is necessary to find out whether the relationship between the oil price and the wind
energy stock index is dominated by which time horizon and the dynamic evolution of the determined
multiscale information.

We aim to explore the multiscale fluctuation of the correlation between the oil price and the wind
energy stock index in the joint time–frequency domain. Concerning the multiscale issue, the wavelet
transform offers an effective solution. The main idea of the wavelet transform is to decompose the
original time series into a variety of time horizons by transforming the time series as the function
of time into the function of time and frequency [12–14]. Thus, with the wavelet transform, we can
obtain more detailed information about the original time series in different time horizons. In addition,
the wavelet transform can decompose the nonstationary time directly. Previous works that apply the
wavelet transform to explore the fluctuation of oil price, stock markets, and their relationships from
multiscale perspectives prove that wavelets can offer a deeper understanding to the fluctuations and
interactions of multiple financial markets [15–23].

Moreover, the interaction between the oil price and the wind stock index is time varying, which
means the oil–wind stock nexus changes over time [3]. However, most existing researches examine their
correlation in an average manner, which masks varieties and diversities. Hence, uncovering features of
the correlation evolution with changes over time could offer more reference for decision-making, and
considering potential upsides and downward trends [24]. Furthermore, the complex network analysis
is an ideal choice for discovering the dynamic evolution features of the time series. The complex
network analysis treats the complicated system as a network and characterizes the network by its
structural features. Time series is the signal generated by the economical and financial systems.
Transforming a time series into a network model could offer novel and structural observations to the
system quantitatively. Works in multiple disciplines, the financial field in particular, prove that the
complex network could explore the time series effectively and validly [25–34].

Aiming to examine the fluctuation of the correlation of the oil price and the wind energy stock
index, we propose a novel algorithm combining the wavelet transform, the complex network, and
gray correlation analyses. First, we implement the gray correlation to estimate the correlation between
the oil price and the wind energy stock index in a point-to-point way. Then, we decompose their gray
correlation series into a time–frequency domain and define the multiscale conformation for each time
point to express the fluctuation status of the correlation of the oil–wind nexus using a set of data from
different time horizons rather than using the original single value. We transform the time series into a
network model by taking the multiscale conformation for a time point as a node and the transmissions
among them over time as edges, and then characterize the network by its structural features. By doing
so, we offer a comprehensive observation to the interaction between the oil price and the wind energy
stock index from both time and frequency perspectives. Specifically, the frequency aspect could be
helpful in identifying the scales from which the main contributors come. The evolution over time could
identify fluctuation features of the main influential time scale of interactions across financial markets.
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2. Data and Algorithm Description

2.1. Data Description

Aiming to explore the multiscale conformation of the correlation between the oil price and wind
energy stock, we choose the Brent oil price (Brent) as the proxy for the international oil price because
over half of the oil markets all over the world choose it as the benchmark oil price and, due to the
shale gas booming in the US and the domestic issues of refining capacity and oil pipelines, the WTI
has been recently diversified with the Brent oil price and tends to reflect the domestic oil market in the
US rather than the international price level [35]. The ISE global wind energy index (wind) is used to
display fluctuations in the wind energy market because this index includes major public wind energy
companies around the world in which their products or services are playing vital role in the wind
energy industry. We sample the wind stock index and Brent price in the period from January 2006 to
October 2015 in daily frequency.

To show trends of the Brent oil price and the wind energy stock index more clearly, we normalized
the original price series (Figure 1). Original prices of the wind stock index and the Brent have similar
trends before 2010; they increased and went down together. Before August 2008, the wind stock index
went up with the oil price, which indicates a higher elasticity of substitutions of the wind energy, and
the rapid increase of the oil price promotes the development of the world energy industry. During the
financial crisis period, the entire economy was involved in a downslide, and all commodity markets
including the crude oil and the wind energy industry experienced sharp decreases. After the financial
crisis, with the recovery of the world economy, the demand of the oil and wind energy went up.
However, after 2010, the oil price kept going up with fluctuations, but the wind industry hovered at
a low level. Compared to fossil fuel, renewable energy such as wind energy generally entails high
costs to install and maintain and are not convenient to store. Hence, in the recovery period of the
world economy, fossil fuel still took the dominant place. In 2015, the wind and Brent fluctuated around
similar price level after the Brent oil price dropped dramatically in 2014. The dramatic drop of the oil
price made the prices in the energy industry decrease, which encouraged energy companies that have
more capital to invest in new energy fields.
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Figure 1. Original prices and returns of the Brent oil price and wind energy stock index. (a) plots the
original price of Brent oil price and the wind energy stock index, and (b) indicates the returns of Brent
oil price and the wind energy stock index.

We transformed the original Brent and wind prices into a logarithmic first difference (Figure 1b),
and their logarithmic returns fluctuate highly, particularly around 2009. However, through the
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logarithmic returns of the oil price and wind index, it is difficult to identify market features. Then, we
move on to further explorations with an integrated research framework.

2.2. Algorithms

Being different from previous methods, mainly focusing on the time or frequency domain
separately, we proposed an integrated research framework combining gray correlation analysis,
wavelet transform, and network analysis, which could offer a more comprehensive manner to observe
the relationship between the oil price and the wind energy stock index quantitatively in both time and
frequency dimensions. Specifically, from the point of view of dynamic evolution over time, we could
find major interaction statuses and fluctuation features between the oil price and the wind energy
stock index. Considering the frequency aspect, it will be helpful to identify the most influential time
scale to the oil–wind energy nexus.

Generally, the wavelet transform is used to decompose the original time series, and further
measurements are then carried out based on the decomposed series corresponding to different time
horizons. As mentioned above, in reality, there are different stakeholders associated with the crude
oil and wind energy markets, and they have objectives rooted within different time horizons. All of
these multiscale factors working together form the entire interactions between the oil markets and the
wind energy stock market. In other words, the relationship between the oil price and the wind energy
stock index are composed. Through the decomposition of the original time series, it is possible to
determine the features of different frequency components separately but fail to identify the influence
of these components on the entire market interactions that appear in the real markets. Hence, we
decompose the correlation series (the entire markets interaction) and try to determine which main
frequency component can exert more influence on the entire market. Then, through identifying major
factors in the corresponding time-scale, we can offer more practical suggestions. Specifically, if the
long-term component of the correlation series is the main contributor, we infer that the oil price affects
the wind energy market mainly through a cash flow discount, such as exchange rate, interest rate, and
policy issues in the long run.

2.2.1. Co-Movement in Time Domain

Concerning two financial time series of Brent and wind energy returns that have nonlinear and
nonstationary features, we estimate their dynamical co-movement with gray correlation analysis.
Gray correlation analysis evaluates the similarity between two time series in a point-to-point manner,
which can also demonstrate their influence on each other [36,37]. Since the gray correlation is based
on the geometric distance between two series, there is no specific requirement for the time series and
could estimate the correlation in a dynamic way. The calculation equation could be written as follows:

γpx0pkq, xipkqq “
min

i
min

k
|x0pkq ´ xipkq| ` εmin

i
min

k
|x0pkq ´ xipkq|

|x0pkq ´ xipkq| ` εmin
i

min
k
|x0pkq ´ xipkq|

, (1)

where γpx0pkq, xipkqq display the correlation coefficients between two given time series for each time
point. ε is the adjusted coefficient that can control the difference of the calculation of the gray correlation
coefficients. A ε-value of 0.5 is a reasonable choice for the economical and financial time series [38].

2.2.2. Decomposition into the Time–Frequency Domain

Because the hidden information in the time–frequency domain is the main contributor to the
nonlinear and nonstationary of the financial time series, we use the continuous wavelet transform to
decompose the dynamic correlation series of Brent–wind into the time–frequency domain to display
their fluctuations with changes in time and frequency. The main idea of the continuous wavelet
transform is that using different resolutions to observe the original time and the various resolutions
could focus on the information in different time horizons [39]. The calculation of the continuous
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wavelet transform could be implemented by transforming the original time series as the function
of time into the function of time and scale with the wavelet. Hence, there are two parameters for
the wavelet, namely location (u) and scale (s). The location parameter s could track changes in the
time domain, while the scale parameter u could determine the resolution by stretching or compacting
the wavelet.

ψu,s “
1
?

s
ψp

t´ u
s
q. (2)

There are a family of wavelets, among which we choose the Morlet wavelet with ω0 “ 6 [40],
which has a good balance between the time and scale and could be represented as follows:

ψ0pηq “ π´1{4eiω0ηe´1{2η2
. (3)

The convolution of the original time series and the wavelet function, we can obtain the continuous
wavelet transform as

WXpu, sq “
ż 8

´8

1
?

s
ψp

t´ s
s
qdt. (4)

In the continuous wavelet transform, we can obtain the amplitude and its square. The square of
the amplitude is considered the wavelet power spectrum and can demonstrate the energy allocation
of the original time series in the time–frequency domain. In other words, we can distinguish the
fluctuation extent of the correlation series in different times and frequencies with the wavelet power
spectrum. The wavelet transform actually results in a n*m matrix, where n and m correspond to the
number of frequency bands and the number of time points, respectively.

2.2.3. Construction of the Multiscale Conformation Evolution Network

To explore the multiscale fluctuation of the Brent–wind interaction with time, we transform its
wavelet power spectrum into a network model.

Step 1. The discretization of the wavelet power spectrum. The wavelet power spectrum shows a
clearer picture of the fluctuation of the correlation of Brent–wind in detail. The frequency
band of the wavelet power spectrum is continuous and rings from 2 to 512 days. Here, we
choose the frequency band of 2 days, 4 days, 8 days, 16 days, 32 days, 64 days, 128 days,
256 days, and 512 days as the backbone to stand for the entire continuous frequency band
according to the discretization method of the discrete wavelet transform. As mentioned, the
wavelet power spectrum is a n*m matrix, where n is the number of frequency bands that
constitute the continuous frequency band, and m is the number of data points. After the
discretization we obtain a new matrix, the size of which is 9*m. We normalize the discretized
wavelet power spectrum matrix through the logarithmic transform.

Step 2. The definition of the multiscale conformation. First, we divide the values of the discretized
wavelet power spectrum into four levels according to its maximum and minimum and divide
the value ranges from the minimum to the maximum into four equal intervals. We also use
L1, L2, L3, and L4, which mean the fluctuation is very weak, weak, high, and very high,
respectively. For each time point, there are nine components from different time horizons,
and the combination of them can determine the status of the original Brent–wind correlation.
Here, we define the multiscale combination of nine time scales at one time point as the
multiscale conformation.

Step 3. Constructing an evolution network for the multiscale conformations. Taking multiscale
conformations as nodes, transmissions among them as edges, we transform the series of
multiscale conformations into a network. Details are shown in Figure 2. Among nodes and
edges, transmissions between two types of multiscale conformations appear repetitively;
therefore, we take the n umber at which these edges appear as its weight.
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Figure 2. The construction of the evolution network for the multiscale conformations.

3. Empirical Results and Discussion

3.1. Fluctuations of Correlations of Brent–wind in the Time Domain

Generally, the gray correlation coefficients between wind and Brent are above 0.6 (Figure 3),
which means their correlation is relative high, and the fluctuation of the oil price could trigger the
shocks in the global wind industry. However, fluctuations in their correlation coefficients series are
extremely high, and it is difficult to characterize the co-movement between wind and Brent returns in
a precise manner. As mentioned above, the interaction between the oil price and wind stock index
has multiscale features and their complicated behaviors are decided by the market components from
different time horizons. Hence, observing the Brent–wind interaction from a multiscale perspective
rather than only from the time domain could help to attain a deeper understanding. More specifically,
through the information from the multiple time scale, we are capable of distinguishing the fluctuation
of the Brent–wind in which the time scale is dominant and plays a more important role.
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Figure 3. The gray correlation coefficients of the Brent oil price and the wind energy stock price.

3.2. Decomposition in Time–Frequency Domain

With the continuous wavelet transform, we could obtain the wavelet power spectrum, which
could demonstrate the energy allocation of the Gray correlation series of the Brent–wind nexus with
changes of time and frequency (Figure 4). The wavelet power spectrum is visible, and the horizontal
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and vertical axes depict the time and frequency information, respectively. Shadowed areas on the left
and right sides of the figure are regions affected by the boundary effect. We used a warm color and
a solid black line to demarcate regions in which the fluctuation highly corresponds to certain time
period and frequency band. For instance, from 2007 to 2009, in the frequency band of 128–512 days,
the color of this area is yellow and circled by a solid black line, which means the fluctuation of the gray
correlation in a time period from 500 to 12,500 is mainly decided by the components in the long term
(frequency band of 128–512 days). This indicates that the relationship between the wind industry and
oil price are mainly determined by long-term factors. In the high-frequency band (4–16 days), there
also tiny areas circled by the black line, but their durations are especially short, which could mean that
the market expectation in wind energy caused by the oil price fluctuations is not influential and will
quickly peter out. Hence, the short-term fluctuations may be due to the fact that market expectations
are short-lived, while fluctuations in the long term could last for a relevant long time period.
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3.3. Construction of the Evolution Network

The wavelet power spectrum has a continuous frequency band, so we distinguish the continuous
one into nine separate frequency bands, namely 2, 4, 8, 16, 32, 64, 128, 256, and 512 days. In Figure 5,
it is obvious that the magnitude of the frequency components of the correlation coefficients series
increases with the length of frequency band. Then, we transform a n*m wavelet power spectrum
matrix into a 9*m discrete wavelet power spectrum matrix. By normalizing the discrete matrix with a
logarithmic transform, we obtain a maximum of ´0.4 and a minimum of ´7.38. Dividing the range
from ´7.38 to ´0.4 into four sub-regions corresponds to four fluctuation levels as follows:

f luctuation level “

$

’

’

’

&

’

’

’

%

L1, wavelet power value P r´7.38,´5.63q
L2, wavelet power value P r´5.63,´3.89q
L3, wavelet power value P r´3.89,´2.14q
L4, wavelet power value P r´2.14,´0.40s
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Combining nine frequency components from different time horizons at each time point to
obtain the multiscale conformations. Multiscale conformations at all time points form a sequence.
We transform the multiscale conformation sequence evolving with time into a directed and weighted
network by taking conformations as nodes and transmissions as edges (Figure 6). There should be
2451 multiscale conformations for every 2451 data points; however, there are only 270 conformations
and 710 edges because of the repetitiveness of the multiscale conformations. The size of nodes is
identified by the out-degree; when one node transfers to a large number of nodes, it has a large
out-degree and large size. Each edge has its own weight that is decided by the frequency of the given
edges appearing among the total transmissions. In addition, nodes are marked by different colors,
which means nodes belong to different clusters. More details will be given in a later section.
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3.4. Evolution Features Analyses

3.4.1. Major Conformations and Transmissions

In the evolution network of multiscale conformations, do some conformations play a more vital
role than others? To answer this question, we introduce the index of a weighted out-degree that
depicts the frequency of one given transmission from one conformation among all transmissions.
The weighted out-degree of one multiscale conformation could be as follows:

wout
i “

ÿ

jPNi

wij, (5)

where Ni represents the number of neighbors shared by the conformation wi, and wj represents the
weight between conformation wi and wj. Figure 5 depicts features of the weighted out-degree and we
find an 80.12% transmission occur among 31.85% of the total conformations (Figure 7a). In addition,
the distribution of the weighted out-degree follows the low power distribution ppwoutq „ wout´γ

(Figure 7b), which also demonstrates that a small amount of multiscale conformations is more vital
than others.
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probability of the weighted out-degree.

In Table 1, we list the top 10 major multiscale conformations ranking by the weighted out-degree.
The accumulation percentage of their weighted out-degree accounts for around 30% of the total number.
The attractive point is that the last three elements of each multiscale conformation are L4, which means
that the entire correlation between the Brent oil price and the wind stock index is determined by the
long-term components from the frequency bands of 128, 256, and 512 days. Generally, factors activated
in the long term are associated with demand–supply, policy, and the economy circle. These factors
are the main contributors of correlations between oil price and the wind energy stock index, which
could be led by the inherent feature of the wind industry. In reality, wind energy is mainly used as
distributed energy and the investment is high, and the main challenges are stability and storage, of
which development requires subsidization and the promotion of new policy. Therefore, oil price shocks
driven by these long-term factors tend to trigger the co-movements of the wind energy industry.

Currently, the world economy is in a downturn, and the supply of oil dramatically exceeds the
demand, which indicates that the situation could be considered a long-term factor. Therefore, now is a
good time to promote the development of the wind energy industry. The low price level of fossil fuel
lowers the cost of relative energy industries, enabling investment in new energy fields. Moreover, the
investment in a new energy industry could help the economy to recover.
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Table 1. The top 10 multiscale conformations ranked in order of the weighted out-degree.

No. Conformations Weighted Out-Degree Percentage (%) Accounts for
Total Weighted Out-Degree

1 L3L3L3L3L3L3L4L4L4 649 4.69
2 L3L3L3L4L3L3L4L4L4 291 4.37
3 L3L3L3L3L3L4L4L4L4 228 3.31
4 L3L3L4L4L3L4L4L4L4 152 3.22
5 L3L3L3L4L3L4L4L4L4 151 2.82
6 L3L3L4L4L3L3L4L4L4 149 2.57
7 L3L3L3L3L4L4L4L4L4 115 2.20
8 L3L4L3L3L3L3L4L4L4 101 2.20
9 L3L3L4L3L3L4L4L4L4 99 2.12

10 L3L3L4L3L3L3L4L4L4 99 1.96

3.4.2. The Clustering Effect

In the multiscale conformation evolution network, the average transmission path between the
two conformations is 19.467, which means that the transmission from one multiscale conformation to
another one needs to pass 20 conformations on average. Thus, transmissions among conformations
are not very easy. However, there are some multiscale conformations and transmission paths among
them that are below the average value, which means transmissions among these conformations are
much easier. Thus, there may be a clustering effect in the multiscale conformation evolution network,
which means transmissions among some conformations are easy, while some conformations will be
separated without the connection by other conformations.

We found that the whole multiscale conformation evolution network could be separated into
12 clusters and identified with numbers from 1 to 12 (the detail of the algorithm can be seen in [41]).
Their sizes range from 11 to 32 of conformations. Inside the cluster, multiscale conformations within the
same cluster are strongly linked, whereas transmissions among conformations in different clusters are
more difficult. Figure 8 demonstrates transmissions between clusters, and a warmer color means more
transmissions. It is obvious that nearly all transmissions occur inside clusters and the transmissions
among clusters are nearly zero. Hence, in a short period, the interaction between the oil price and
wind energy stock index is stable since the transmission of conformations mainly occur among small
amounts of conformations, which could be is in line with the fact that the interaction between the oil
price and the wind energy stock index is determined mainly by the long-term components. For instance,
before the financial crisis, the high oil price, the booming development of the world economy, and
the increasing environmental concerns were the main long-term factors driving the wind energy
market. During the financial crisis and post-crisis periods, the downturn of the economy dominated
the development of the wind industry. Currently, due to low commodity prices, such as oil and coal
prices, the wind energy industry began to boom.
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Figure 8. The transmission matrix among clusters.

The evolution of the cluster ID number over time is depicted in Figure 9. Different clusters divide
the evolution of the multiscale conformation into different short periods. In one period, transmissions
are limited to one specific cluster. Because the transmission between some clusters is 0, when the
evolution of multiscale conformation transmits from one cluster to another, only some specific clusters
could possibly be the next one. For instance, Cluster 1 only involves transmissions inside itself and
with Cluster 2. Thus, when the current conformation is from Cluster 1, the next conformation will be
from Clusters 1 or 2 with high possibility.

The evolution of the cluster ID proves our inference that each cluster lasts for a short period.
Before the financial crisis, the main cluster ID was around 4 and shifted to around 9 in the post-crisis
period until 2014. After 2014, the major clusters are mainly around 8 or 2. Through the transmission
matrix in Figure 8, we can infer that the correlation between oil price and the wind energy stock
presents a high possibility of hovering in Cluster 2 or transferring into Cluster 3, which means that the
influence of the world economy downturn and low oil price could last for a period This should be
considered fully before the wind energy industry is promoted.
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4. Conclusions

The co-movement of the Brent–wind interaction behaves in an extremely complicated manner
in the time domain, which might be triggered by the hidden multiscale information from the
time–frequency domain. Aiming to explore the multiscale fluctuation of the interaction of the
Brent–wind nexus, we proposed an algorithm that integrates gray correlation analysis, the wavelet
power spectrum, and the complex network and chose the Brent oil price and wind energy stock index
from January 2006 to October 2015 in daily frequency as the sample data.

Through transforming the correlation series into the time–frequency domain and constructing
a multiscale conformation evolution network, we characterized 2451 data points by 270 multiscale
conformations and 710 transmissions. Among these multiscale conformations, only 30% of whose
transmissions undertake 80% of all transmissions, could be considered as decisive contributors to
the Brent–wind interaction. Through major multiscale conformations, we identify that the main
factors influencing the interaction between oil price and the wind energy stock markets are long-term
components, such as demand–supply, policy, and the global economy situation. Therefore, promoting
the wind energy industry to develop sustainably should pay more attention to long-term stable policies
and subsidies.

In addition, the multiscale conformation evolution network shows a clustering effect and could
be separated into 12 clusters. Specifically, transmissions mainly occur inside the same cluster, while
transmissions among clusters rarely happen. Currently, the dominating factor of the interaction
between oil price and the wind energy industry is the low oil price, which will last for a period of time.
Therefore, it is good time to promote the development of the wind industry.

We characterize the Brent–wind nexus with its structural features of the multiscale conformation
evolution network, which offer novel and detailed perspectives to understanding the financial
cross-market interaction. Indeed, there are more factors involved in Brent–wind, such as other
renewable energy markets and the coal market, and we will explore them in further research.
In additional, in this paper we just find out the possible factors relate with the long-term components.
The future study could focus on the contribution of specific factors to the oil-wind energy nexus.
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