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Abstract: This research investigates the complex transformation of the Baltic Clean and Dirty Tankers markets 
from 1998 to 2023. Our study quantifies the market multifractality in two distinct periods, from 1998 to 2010 
and 2010 to 2023. We compare multifractal measures of the original, surrogated, and shuffled data, which 
indicate high multifractality and a complex market structure influenced by temporal organization and inherent 
volatility. Shuffled data analysis emphasizes the critical role of temporal sequences within market behavior. 
Additionally, the study delves into external factors such as regulatory changes, economic disturbances, 
technological innovation, and environmental concerns contributing to market complexity. A distinct shift in 
multifractal values between the two periods suggests an evolution from crisis-induced complexities to a market 
influenced by diversified and modern dynamics. Our findings offer a concise understanding of the tanker 
markets complexity and how global crises can impact the markets, emphasizing the importance of considering 
systemic risks in freight market analysis. 

Keywords: tanker freight market; multifractal dynamics; temporal correlations; global events; 
complexity transformation 

 

1. Introduction 

Complexity economics provides a framework for economics analysis. It acknowledges the 
differences among agents, their imperfect information, and the dynamic nature of economic systems. 
This approach is particularly relevant to the energy market, where volatility is influenced by a 
multitude of factors, including geopolitical events, technological advancements, and environmental 
policies. Physicists with an economic background have applied a suite of paradigms from nonlinear 
dynamics and statistical mechanics to complex systems, leading to significant insights applicable to 
both the fields of physics and economics [1–7]. The volatility inherent in the tanker freight rate 
market, driven by geopolitical tensions, oscillating demand for oil and gas, and evolving 
environmental regulations, presents a unique interest for academic inquiry [8]. A comprehensive 
analysis affords critical insights into the symbiotic relationship between energy sector dynamics and 
freight rate variability [9], underpinning the importance of enhanced forecasting techniques and risk 
management practices for maritime and energy trade sectors [10]. Furthermore, scholarly 
examination informs investment strategies [11], augments operational efficiencies, and guides 
adaptation to changing regulatory landscapes [12]. Examination of market trends assists stakeholders 
in harnessing shifts to their advantage, while the progressive integration of technology reshapes 
market operations and necessitates ongoing academic attention [13]. In summary, the academic 
literature on complexity transformation in market volatility emphasizes the need for sophisticated 
models and approaches to capture the dynamic interdependencies and systemic risks within the 
energy sector. The integration of complexity economics, time-varying analysis, and systemic risk 
assessment provides a comprehensive framework for understanding and managing the volatility in 
energy markets. This study tries to comprehend the intricate, multifaceted nature of the market to 
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design strategies that buffer the fallout from unpredictable market shifts or crises and enhance market 
transparency and stability. Quantitative analysis of market multifractality assists in discerning 
periods of heightened risk or opportunity, providing critical insights for informed decision-making 
and ultimately contributing to a more predictable and well-operating market ecosystem.  

Fractals, known for their fragmented and rough geometric shapes, have the fascinating property 
of self-similarity, allowing them to be broken down into smaller parts that closely resemble the whole 
[1,14]. Fractal systems are typically quantified using a scale-invariant metric known as the fractal 
dimension [14]. Complex fractal structures, requiring multiple parameters for their characterization, 
fall into the category of multifractals. A variety of methodologies have been devised to analyze fractal 
attributes. One of the first was the rescaled range analysis by Hurst, which, however, faces challenges 
in assessing long-range dependencies in nonstationary series [15]. To tackle multi-affine fractal 
exponents and correlation coefficients, Castro et al. (1997) introduced a novel approach. Around the 
same time, Peng et al. (1995) firstly constructed a different method called detrended fluctuation 
analysis (DFA) to discern long-term correlations within data [16,17]. While DFA provided a valuable 
tool, it fell short when it came to multi-scale and fractal elements in time series that demonstrated 
more complex, non-monofractal scaling [18,19]. To bridge this gap, multifractal detrended fluctuation 
analysis (MF-DFA) came into play, advanced by Kantelhardt et al. (2002) as a multifaceted extension 
of the DFA method [20]. MF-DFA has proven to be a robust tool for multifractal characterization and 
has been used across various stochastic analysis contexts [21]. 

In parallel, the detrending moving average (DMA) technique gained traction for its effectiveness 
in evaluating long memory in nonstationary time series, applicable to both real and theoretical data 
samples [22–24]. By focusing on the moving average function of a series and building on the moving 
average methodology, DMA excels in discerning scaling properties within time series data [25]. MF-
DMA extended DMA to higher-dimensional versions [26]. It is a quantitative analysis delving into 
the spurious multifractality induced by fat-tailed probability distributions in time series, providing 
critical insights into distinguishing true multifractality arising from nonlinear correlations from 
spurious effects generated by distribution shapes [22–26]. Kwapien et. al use analytical arguments as 
well as numerical illustrations on the interesting question of the origin of the multifractality in time 
series [27]. They get the conclusion that true multifractality in time series comes from temporal 
correlations. 

The paramount aim of this analytical framework is to elucidate the statistical attributes inherent 
to time-series data, thereby gaining insight into the intrinsic dynamical systems [28,29]. The array of 
studies on tanker freight rate volatility represents a vital component of maritime economics, with 
ramifications extending into the broader global economy [30–34]. These time series analyses delve 
into the interplay between numerous variables affecting freight rates, such as crude oil prices, charter 
rates, fleet size, and policy changes, aiming to enhance forecasting models and risk management 
practices within the shipping industry [35–40]. Multifractal analysis has emerged as a new trend in 
these studies，gaining traction due to its ability to capture the asymmetric nature of market risks, 
demonstrating different magnitudes of response to upward and downward trends and uncovers 
various scaling behaviors within the data [41–46]. Henceforth our discussion will try to recognize the 
freight rates which exhibit a spectrum of fractal characteristics, not just a single pattern of 
fluctuations. It accounts for both small and large movements, providing a nuanced perspective on 
data correlations, especially under turbulent market conditions like those experienced during the 
2008 world finance risk and the COVID-19 pandemic.  

Here we apply the MF-DFA method to characterize the observations of clean and dirty tanker 
freight rates and the most concerned routes of TC 2 and TD 7 from Jan. 28, 1998 to Jan. 12, 2024. To 
describe the market pattern after larger fluctuations, we analyze the period I from Jan. 28, 1998 to 
Dec. 01, 2010 and period II from Dec. 02, 2010 to Jan. 12, 2024. There are some popular multifractal 
variables commonly used by academics, such as the Hurst exponent, probability distribution of Hurst 
exponent and multifractal spectrum, which are presented here. To calculate the origins of 
multifractality in the BCTI and BDTI series, we analyze the three components including linear 
correlation, nonlinear correlation, and the fat-tailed probability distribution (PDF) components 
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respectively [49,50] by the breadth calculation of the multifractal spectrums [51–54]. To better explain 
the multifractality in BCTI and BDTI series, we apply the MF-DMA method to quantify the three 
components which is an improvement of MF-DFA [26,27]. 

The paper is organized as follows: Section 2 introduces the MF-DFA and MF-DMA methods; 
Section 3 describes the Baltic Clean and Dirty Freight Rate Indexes; Section 4 analyze the results and 
discussion; and the article is concluded in Section 5. 

2. Methods 

2.1. The Multifractal Detrended Fluctuation Analysis Method 

The following introduction of MF-DFA method is based on the work from Kantelhardt, et.al. 
(2002) [20]. 

Here are the general steps of MF-DFA method on the series ( )x i
, where 1,2,...,i N= and N  

is the length of the series. x  stands for the average value of series ( )x i
. 

Assuming that ( )x i
 are increments of a random walk process around the mean x , then by 

the signal integration, the "trajectory" or "profile" could be expressed as  

1
( ) [ ( ) ],

i

k
y i x k x

=

= −∑ 1,2,..., .i N=  
(1) 

Next, we divide the integrated series into ( )  /sN int N s=
, non-overlapping segments of 

equal length s . Generally, the length N  of the series is not a multiple of the considered time scale 

s , a short part may remain at the end of the profile ( )y i
. Not to disregard this remaining part, this 

procedure is repeated oppositely starting from the end. So 2 sN  segments are obtained. Next, the 

local trend for each of the 2 sN  segments could be calculated by a least-square fit of the series. Then 
the variance is determined by 

2 2

1

1( , ) { [( 1) ] ( )}
s

v
i

F s v y v s i y i
s =

= − + −∑
 

(2) 

for each segment v ,   1 ,  . . . ,  v Ns=  and 

2 2

1

1( , ) { [(N ( ) ] ( )}
s

s v
i

F s v y v N s i y i
s =

= − − + −∑
 

(3) 

For     1,...,  2v Ns Ns= + . Here, ( )vy i  is the fitting line in segment v . Next, over all 
segments are averaged to obtain the q -th order fluctuation function by 

1
2

2 2

1

1( ) ( , )
2

s qN q

q
vs

F s F s v
N =

  =   
  

∑
 

(4) 

where, the index variable q  can generally take any real value except zero. Repeating the above steps 

for several time scales s , ( )Fq s
 will increase as s  increases. The scaling behavior of the 

fluctuation functions could be analyzed by log-log plots ( )Fq s
 versus s  for each value of q . A 
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power-law between ( )Fq s
 and s  exists as the Eq. (5) when the series ( )x i

 is long-range power-
law correlated. 

( ) qh
qF s s≈

 
(5) 

However, because of the diverging exponent, the averaging procedure of Eq. (4) could not be 

applied directly to calculate the value 0h  corresponds to the limit qh
 as 0q → . Instead, we must 

employ a logarithmic averaging procedure by Eq. (6). 

0

2
2

0
1

1( ) exp ln ( , )
4

sN
h

vs

F s F s v s
N =

 
 = ≈  


∑

 

(6) 

The exponent qh
 generally depends on q . For stationary series, 2h  is the well-defined Hurst 

exponent H . So qh
 is called the generalized Hurst exponent. In a special case, when qh

 is 
independent from q , it is defined as monofractal series. The distinct scaling patterns exhibited by 
small and large fluctuations have a substantial impact on the relationship between the q-order Hurst 

exponent qh
 and the scaling parameter q . In the case of positive q , segments v  characterized by 

a significant deviation from the expected trend, i.e., those with large variances, will exert a dominant 

influence on the average q-order Hurst exponent ( )Fq s
. Consequently, a positive q  captures the 

scaling behavior of these segments v  with notable fluctuations, which typically correspond to 
smaller scaling exponents in multifractal time series. Conversely, for negative q  values, segments 
v  with smaller variances take precedence in determining the average q-order Hurst exponent 

( )Fq s
. Hence, a negative q  describes the scaling behavior of segments v  with minor fluctuations, 

which generally exhibit larger scaling exponents in multifractal time series. This intricate interplay 
between q , the scaling behavior of different segments v , and the corresponding fluctuations 
provides valuable insights into the multifractal nature of the time series, shedding light on how 
various levels of variance impact the overall scaling exponents. 

The multifractal spectrum ( )f α
 is another tool to characterize multifractality in a series. 

( )f α
 can be obtained by the Eq. (7) 

( ) ( ) 1q qh qτ = −  (7) 

and then the Legendre transform 

d
dq
τα =

 
(8) 

( ) ( )f q q qα τ= −  (9) 

where α  is the Holder exponent value which indicates the strength of singularity. When the ( )f α
 

is broader, it indicates a stronger multifractality or complexity. 
The width of the spectrum could be  

max minα α α∆ = −  (10) 

where maxα and minα  indicate the maximum and minimum values respectively. 
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We name MF-DFA, MFDFA2 and MFDFA3 separately with polynomial order 1,2,3m = . Here 
we apply MF-DFA1 and MF-DFA2 to investigate the BCTI, BDTI and specific routes of TC2 and TD7. 

2.2. The Multifractal Detrending Moving Average Method 

Following brief introduction of MF-DMA method is based on works of Gu and Zhou (2010) [26].  

Assuming time series ( )x t  , 1,2, , .t N=   and N  is the length of the series. We construct a 
new series 

1
( ) ( )

t

i
y t x i

=

=∑
 1,2, , .t N=   

(11) 

Next step, 
( )y t  indicates the moving average function. To calculate the sequence of 

cumulative totals, we slide a window of fixed size across the sequence. 



( )

( )( )1 1

1

1( ) ( )
n

k n

y t y t k
n

θ

θ

− −  

=− −  

= −∑
 

(12) 

where n  is the size of window, 
x    is the largest integer but not greater than x , 

x    is the 
smallest integer but not smaller than x , and θ  is the position parameter, varying from 0 to 1. Here 
( )y t  is calculated over 

( )( )1 1n θ− −    data points from the preceding period while 
( )1n θ−    

data points from the subsequent period. We have to notice three special cases with different θ  

values. The backward moving average, where 0θ =  and 
( )y t  is calculated by all the past data 

points. 0.5θ = refers to the centered moving average, where 
( )y t  is calculated over half past and 

half future data points. 1θ =  means the forward moving average, where 
( )y t  is based on the 

trend of future data points. In this context, we utilize the selected case 0θ = , as it has demonstrated 
superior performance compared to the other two alternatives, based on evidence presented in 
references [19,26,27]. 

Subsequently, we eliminate the moving average component 
( )y i  from the series ( )y i  to 

eliminate any underlying trend, resulting in a residual sequence ( )iε .  

( ) ( ) ( )i y i y iε = −  (13) 

where  
( )1 ( 1)n n i N nθ θ− − ≤ ≤ − −      .  

Then, the residual series ( )iε  is divided into nN  (
/ 1nN N n= −   ) non-overlapping 

segments, each of equal length n . These segments can be represented as ( ) ( )v i l iε ε= +  for

1 i n≤ ≤ , where ( 1)l v n= − . We can get the root-mean-square function ( )vF n by Eq. (14). 

2 2

1

1( ) ( )
n

v v
i

F n i
n

ε
=

= ∑
 

(14) 

Additionally, the q th−  order overall fluctuation function 
( )qF n

 is expressed as 
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1

1

1( ) ( ) , 0
nN q

q
q v

vn

F n F n q
N =

 
= ≠ 
 

∑
 

(15) 

[ ] [ ]0
1

1ln ( ) ln ( ) , 0
nN

v
vn

F n F n q
N =

= =∑
 

(16) 

Next step, when the values of n  varies, we can get the power-law relation between 
( )qF n

 and 
n  in Eq. (17) 

( )( ) ~ h q
qF n n

 
(17) 

Finally, the multifractal scaling exponent ( )qτ
 and multifractal spectrum ( )f q  could be 

defined similarly with that of above MF-DFA.  

2.3. The Effective Multifractality 

According to the references [52,53], the total multifractal spectrum could be intricately divided 
into three parts: the non-linear and linear correlation, and the PDF. This decomposition is captured 
by the Eq. (18). 

NL LM PDFα α α α∆ = ∆ + ∆ + ∆  (18) 

It is important to emphasize that both the linear correlation component LMα∆  and the 
nonlinear correlation component represent temporal correlations [5,27]. Specifically, the linear 
correlation component is attributed to finite-size effects [53,58]. Furthermore, it is noteworthy that 

LMα∆  indicating the linear correlation component, can be computed by semi-analytical formulas 
of an explicit form, offering a comprehensive quantitative characterization of this phenomenon [24]. 
A type of computational deviation stemming from the sample number constraints is defined as the 
finite-size effect in reference [5]. In essence, smaller time series sizes lead to greater computation 
deviations. To mitigate the impact of sample size limitations, especially for small sample sizes 
(<10000), it is necessary to calculate and exclude the linear correlation component from the true 

multifractality. Consequently, the true multifractality, denoted as effα∆
, which encompasses the 

nonlinearity component NLα∆ , and the PDF component PDFα∆ , is determined [53–55]. 
To depict the spectrum of multifractality, it is important to conduct an analysis that involves 

both the elimination of the linear correlation component stemming from the sample size limitations 
(sample size < 10000 points) and the decomposition of the remaining two effective parts [54–57]. This 
quantitative analysis can be achieved through the creation of two new series: the shuffled and the 
surrogated time series. The shuffled time series is generated through the shuffled original series. 
During the process, the temporal correlations are disrupted, while the probability distribution 
remains unaltered [27,57]. 

The creation of surrogate data is accomplished through a two-stage procedure. Initially, the 
process ensures that the surrogate data matches the original volatility time series in terms of 
probability distribution, which is executed through a transformation technique as described in 
reference [47]. Subsequently, the surrogate time series is manipulated to include linear correlations 
by applying an improved version of the amplitude-adjusted Fourier transform (IAAFT), as detailed 
in reference [54]. To gain a thorough grasp of the surrogate time series construction process, it is 
recommended that readers refer to the comprehensive explanation in the reference [5]. 
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3. Data Description 

The Baltic Clean Tanker Index (BCTI) is a widely tracked benchmark that measures the cost of 
shipping clean petroleum products, such as refined oil, on specific routes within the Baltic region. It 
serves as a vital indicator for gauging freight rates and understanding the supply and demand 
dynamics within the clean tanker market. The BCTI's fluctuations influence various economic sectors, 
making it an essential tool for industry stakeholders, analysts, and investors seeking insights into 
energy market trends and shipping conditions. Therefore, we pay great attention to the BCTI and 
specific route of TC2 from Continent to USAC with clean tanker size of 37,000mt.  

Similarly, The Baltic Dirty Tanker Index (BDTI) is a vital benchmark that assesses the cost of 
shipping dirty petroleum products, including crude oil, on selected routes within the Baltic region. It 
serves as a key indicator for understanding freight rates and evaluating the supply and demand 
dynamics within the dirty tanker market. A specific route of TD7 from North Sea to Continent with 
dirty tanker size of 80,000mt is selected to analyze. 

The sample for daily BCTI and BDTI covers the period from Jan 28, 1998 to Jan 12, 2024. The 
sample size includes 6413 points, which is enough for multifractal models. The statistics results of 
sample time series are listed in Table 1. Figure 1 (a)-(d) describes the BCTI and BDTI of the sample 
observations. There are big volatilities in the year 2008 under global financial crisis, in the year 2020 
when the COVID-19 break out and in the year 2022 when geographic conflict happened. Figure 2 

records the BCTI and BDTI logarithmic changes (that is, ( ) ( )/ 1lnP t lnP t −
), which is widely 

applied to calculate daily volatilities and the returns often help to decrease non-stationarities though 
it is not required in multifractal methods [22–24]. 

 
(a) 

 
(b) 
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(c) 

 
(d) 

Figure 1. Baltic Clean and Dirty Tanker Freight Rate Index. 

  
(a) BCTI (b) BCTI TC2 

  
(c) BDTI (d) BDTI TD7 

Figure 2. Logarithmic Return of BCTI and BDTI. 
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Table 1. Statistics of Tanker Freight Rate Returns. 

Series\Statistics size mean Std. Min. Max. 
BCTI 6413 2.28e-05 0.02 -0.57 0.29 

BCTI TC2 5014 -2.37e-04 0.04 -0.37 0.58 
BDTI 6358 6.44e-05 0.02 -0.38 0.24 

BDTI TD7 6234 8.27e-05 0.05 0.50 0.46 

4. Results and DISCUSSIONS 

4.1. Multifractality in Dirty and Clean Tanker Freight Rate Returns 

The Hurst exponent is a measure that characterizes the rate at which the root-mean-square 
(RMS) deviation of a time series expands as the size of the observational window (i.e., the scale) 
grows, revealing the monofractal nature of the data. In the context of a multifractal time series, the 
localized variations, or the RMS deviations, exhibit significantly large values for segments coinciding 
with periods of high fluctuation, and similarly, they show significantly small values for segments 
during periods of low fluctuation. The Hurst exponent is a measure used to characterize the fractal 
properties of a time series, indicating how the variance of the data changes with the scale of 
observation. For a monofractal time series, the Hurst exponent quantifies the rate at which the root-
mean-square (RMS) error grows as the window breadth increases. In the context of multifractal time 
series, the local fluctuations are more complex. The local RMS fluctuation can be very large for 
segments that correspond to periods of high variability and very small for segments during periods 
of low variability. The q -order Hurst exponent is calculated by examining the slopes of the 
regression lines that relate the q -order RMS to the scale of the observation. Figures 3(a) to (d) on the 

left illustrate that for multifractal time series, these slopes Hq  vary depending on the value of q . 
The distinction between the q -order RMS for positive and negative fluctuations is more pronounced 
at smaller segment widths than at larger ones. This is because smaller segments are more sensitive to 
the local variability within a specific period, whereas larger segments encompass multiple periods 
and tend to average out the differences in fluctuation magnitude. As q  increases, the q -order RMS 
for a multifractal time series generally decreases, as shown on the right side of Figures 3(a) to (d). 
Both BCTI and BDTI returns exhibit multifractal characteristics, indicating that their fluctuation 
patterns are not uniform across different scales and require a more nuanced analysis to understand 
their underlying dynamics.  

 
(a) BCTI 
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(b) BCTI TC2 
 

 
(c) BDTI 

 
(d) BDTI TD7 

Figure 3. Scaling function and Hurst exponent for BCTI return and BDTI return. 

4.2. Multifractal Characteristics of Tanker Freight Fluctuation in Specific Routes  

The logarithmic return of BCTI and BDTI and the specific routes in Figure 2 suggests that there 
exist big fluctuations in year 2008, year 2020 and year 2022 with events of financial crisis, COVID-19 
and geographic conflict. From Figure 4 (a) and (c), both the BCTI and BDTI markets are with 
multifractal characteristics though they are different from the specific routes of TC2 and TD7 in 
Figure 4 (b) and (d). According to references, big events such as global financial crisis can lead to 
structural breaks in time series [44–46], we divide the sample data BDTI into two parts: period I from 
Jan 28, 1998 to Dec 01, 2010 and period II from Dec 02, 2010 to Jan 12, 2024 to delve into the changing 
external factors’ effects on the multifractalities.  

The study of multifractal time series often involves various scaling exponents, among which the 

q-order Hurst exponent Hq  is prominent. However, the local Hurst exponent Ht  has proven 
advantageous in detecting specific time points of structural change within a time series [44–50]. This 

local perspective aligns with q-order Hurst Hq  values for extreme fluctuations, correlating 
positively or negatively depending on the q value's sign. The utility of the local Hurst exponent Ht  
is particularly evident when financial time series experience sudden disturbances. It pinpoints how 
these shocks modify the series' inherent scale-invariant features on a localized level. Visualized 
through histograms, the temporal variations of the local Hurst exponent Ht  offer a probability 
distribution Ph  of these changes (illustrated in Figure 4 (e) for the first period and (f) for the second 

period). Complementing this, the multifractal spectrum – delineated by the parameters ( )f α
and 

α – captures the breadth of multifractality within the series (depicted in Figure 4 (e) for the first 
period and (f) for the second period). An increasing spectrum breadth denotes growing structural 
disparities between periods marked by minor and major fluctuations. The research employs 
multifractal spectrum width α∆  as a measure of multifractality level, which, according to results 
presented in Figure 4 (e) and (f), confirms strong multifractality in both examined periods of the Baltic 
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Dry Index (BDTI) returns. These findings align with previous research outlined in references [40–43], 
solidifying the observed characteristics of the market across different analytic methodologies. 

 
(a) BCTI from year1998 to 2023 

 
(b) BCTI TC2 from year 2004 to 2023 

 
(c) BDTI from year1998 to 2023 

 
(d) BDTI TD7 from year1998 to 2022 

 
(e) BDTI from year 1998 to 2010 
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(f) BDTI from year 2010 to 2023 

Figure 4. Multifractal analysis of BCTI and BDTI return by MF-DFA2. 

4.3. Temporal Dynamics of Tanker Freight Market Complexity with MF-DMA Method 

In Figure 5 (a), the multifractality from PDF is 𝛥𝛥𝛼𝛼𝑃𝑃𝑃𝑃𝑃𝑃 = 0.48, while the total multifractality from 
the three parts is 𝛥𝛥𝛥𝛥 = 0.90. The multifractality from linear correlation and PDF are 𝛥𝛥𝛼𝛼𝐿𝐿𝐿𝐿 + 𝛥𝛥𝛼𝛼𝑃𝑃𝑃𝑃𝑃𝑃 =
0.61 , so the multifractality from the non-linear correlation 𝛥𝛥𝛼𝛼𝑁𝑁𝑁𝑁 = 0.29 . The true 
multifractality𝛥𝛥𝛼𝛼𝑒𝑒𝑒𝑒𝑒𝑒 = 𝛥𝛥𝛼𝛼𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛥𝛥𝛼𝛼𝑁𝑁𝑁𝑁 = 0.77. The results in Figure 5 (a)-(f) are listed in Table 2. 

  
(a) BCTI 1998-2023 (b) BCTI TC2 2004-2023 

  
(c) BDTI 1998-2023 (d) BDTI TD7 1998-2022 

  
(e) BDTI 1998-2010 (f) BDTI 2010-2023 

Figure 5. The tanker freight rate’s multifractal sources by MF-DMA. 
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Table 2. MF-DMA results for tanker freight rates. 

Title 1 𝜟𝜟𝜟𝜟 𝜟𝜟𝜶𝜶𝑷𝑷𝑷𝑷𝑷𝑷 𝜟𝜟𝜶𝜶𝑳𝑳𝑳𝑳 + 𝜟𝜟𝜶𝜶𝑷𝑷𝑷𝑷𝑷𝑷 𝜟𝜟𝜶𝜶𝑵𝑵𝑵𝑵 𝜟𝜟𝜶𝜶𝒆𝒆𝒆𝒆𝒆𝒆 
BCTI 0.90  0.48 0.61 0.29 0.77 

BCTI TC2 0.86  0.23 0.39 0.47 0.70 
BDTI 1.03  0.28 0.50 0.53 0.81 

BDTI TD7 0.58 0.28 0.52 0.06 0.34 
BDTI 1998-2010 0.60 0.29 0.54 0.06 0.35 
BDTI 2010-2023 0.72 0.35 0.62 0.10 0.45 

The multifractality analysis of the Baltic Clean Tankers market in Figure 5 (a) reveals significant 
insights into its dynamics. A multifractality value of 0.90 for the original data points to a highly 
complex market with pronounced multifractal behavior due to strong correlations at various time 
scales. A lesser, but still substantial, multifractality value of 0.61 in the surrogated data indicates that 
multifractality persists without temporal correlations, suggesting that price change distributions 
inherently contribute to market complexity. The shuffled data's multifractality value at 0.48, the 
lowest observed, illustrates the crucial role of temporal ordering in market behavior. These values 
collectively attest to the market's intricate and nonlinear interaction across scales. 

The multifractality analysis for the Baltic Clean Tankers in Figure 5 (a) and (b), inclusive of the 
specific 37000 tonnage route, elucidates distinct market dynamics. The original data for the entire 
market and the targeted route yield high multifractality values of 0.9 and 0.86 respectively, 
underscoring considerable multifractal behavior. However, subsequent surrogated and shuffled data 
yield diminished multifractality values of 0.61 and 0.48 for the broader market, and 0.39 and 0.23 for 
the specific route, respectively. These reductions upon data modification suggest inherent temporal 
organization as a key contributor to multifractality. The analysis underscores the influence of data 
structure on the assessment of market complexity and multifractal characteristics. 

The multifractal analysis of the Baltic Dirty Tankers market data in Figure 5 (c) reveals varying 
degrees of market complexity. An original multifractality value of 0.58 indicates a moderate complex 
market structure with self-similarity across time scales. The surrogated data's 0.52 multifractality 
value suggests that nontrivial scaling behavior persists even after the removal of some structural 
correlations. This denotes inherent complexity within the price change distribution itself. A notably 
lower multifractality value of 0.28 in the shuffled data emphasizes the importance of chronological 
order, indicating that temporal organization significantly contributes to the market’s multifractal 
nature. 

The multifractal analysis for the Baltic Dirty Tankers market in a specific route TD7 at the 80000-
tonnage level in Figure 5 (d) exhibits a high degree of market complexity, with original data yielding 
a multifractality value of 1.03. This denotes a rich multifractal structure and extensive self-similarity 
across temporal scales. Upon surrogate treatment, multifractality is markedly reduced to 0.5, 
indicating a diminished multifractal behavior upon the exclusion of certain structural and temporal 
correlations. Further declines to a multifractality value of 0.28 in the shuffled data underscore the 
pivotal role of temporal sequencing in fostering multifractal properties. 

4.4. A Comparison of the Multifractality Values for the Specified Periods of 1998 to 2010 and 2010 to 2023 

The comparative assessment of the Baltic Dirty Tankers from the specified periods of 1998 to 
2010 and 2010 to 2023 in Figure 5 (e) and (f) may provide valuable insights into the temporal changes 
in multifractal nature and complexity within the market dynamics. The original multifractality value 
of 0.72 in the first period decreases to 0.60, suggesting a potential reduction in complexity and 
multifractal behavior. For the period of 1998 to 2010, the surrogated data yields a multifractality value 
of 0.62, indicating a decrease in complexity compared to the original data; similar for the period from 
2010 to 2023. The shuffled data provides additional insights into the temporal changes in 
multifractality. For the period of 1998 to 2010, the shuffled data yields a multifractality value of 0.35, 
reflecting a notable reduction in complexity compared to the original and surrogated data. Likewise, 
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for the period from 2010 to 2023, the value further decreases to 0.29, signaling a continued decrease 
in complexity during the later period. Overall, the period from 1998 to 2010 exhibits higher 
multifractality values across all data types, indicating stronger multifractal nature and greater 
complexity. 

The changes in multifractality values for the Baltic Dirty Tankers market between the periods of 
1998 to 2010 and 2010 to 2023 may reflect several major factors that influenced the market dynamics. 
Some of the potential factors that could have affected trading patterns are listed in Table 3. These 
potential factors indicate the complex and multifaceted nature of the changes in the tanker market 
across the two time periods, offering valuable insights into the Baltic Dirty Tankers market's evolving 
complexity. 

Table 3. Major potential influences on the tanker market structure and behavior. 

Factors Influences 

Regulatory 
Policies 

Changes in regulatory frameworks, environmental standards, and 
international trade agreements could have impacted the operations and 

profitability of tanker companies, altering their market behavior. For 
example, the establishment of Emission Control Areas (ECAs), such as 
those in the Baltic Sea and North Sea, imposed stringent regulations on 
vessel emissions, leading to the adoption of cleaner fuel technologies, 
exhaust gas cleaning systems, and operational adjustments by tanker 

operators. These regulatory policies altered trading patterns, fuel 
procurement strategies, and operational expenses within the tanker 

market. 

Global 
Economic 

Changes and 
Uncertainty 

The financial crisis of 2008 resulted in a global economic downturn, 
leading to reduced industrial activity, decreased oil consumption, and a 
subsequent decline in the demand for tanker transportation services. 
This economic shock significantly impacted the revenue and 
operational dynamics of tanker companies, highlighting the intimate 
connection between economic conditions and tanker market 
performance. The period from 2010 to 2023 has been marked by 
heightened market volatility, influenced by fluctuations in oil prices, 
economic uncertainties, and the impacts of significant global events 
such as the COVID-19 pandemic. Managing and navigating through 
this increased volatility requires sophisticated risk assessment and 
adaptive market strategies, contributing to market complexity. 

Technological 
Advancements 

The introduction of new technologies and innovations in the 
transportation and energy sectors, including developments in vessel 
design, fuel efficiency, and propulsion systems, might have altered the 
efficiency and competitiveness of tanker operations. For example, the 
introduction of LNG-powered tankers, leveraging advancements in 
propulsion and fuel technologies, represents a transformative 
innovation in the industry. These vessels offer environmental benefits, 
reduced emissions, and operational cost efficiencies, thereby 
influencing the preferences of charterers, the competitiveness of tanker 
fleets, and the adoption of alternative fuel sources. 

Geopolitical 
Events 

Geopolitical events, regional conflicts, and changes in international 
relations could have affected oil production, shipping routes, and trade 
patterns. The intricate interplay of geopolitical factors adds layers of 
complexity to strategic decision-making and risk management within 
the tanker market. 

Environmental 
Concerns 

Increasing awareness of environmental protection and sustainability 
may have led to shifts in consumer preferences, regulatory 
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requirements, and industry practices, influencing the demand for 
cleaner and more efficient transportation solutions. For example, the 
shift towards the adoption of double-hulled tankers, driven by 
regulatory requirements and industry initiatives to enhance 
environmental safety, represents a pivotal change in industry practices. 
This transition impacted vessel design, operational costs, and risk 
management strategies, influencing the market's structure and the 
competitiveness of companies operating older single-hulled vessels. 

Growing 
Interconnectedn
ess of Global 
Markets and 
Diversification 
of Trade Patterns 

The growing interconnectedness of global markets and changes in 
consumer behavior, particularly in emerging economies, might have 
influenced trade patterns, energy consumption, and shipping demand. 
For example, the expansion of Chinese oil imports due to growing 
energy demand and economic development has a profound impact on 
global trade patterns and tanker demand. As China's import volumes 
increase, it fuels shifts in shipping routes, trade dynamics, and port 
infrastructure investments, reflecting the interconnected nature of 
global markets. It has expanded the diversity of trade routes, cargo 
types, and market participants. This increased diversity adds 
complexity to the decision-making processes of tanker operators, 
charterers, and investors. 

The multifractality comparison between the periods from 1998 to 2010 and 2010 to 2023 in the 
Baltic Dirty Tankers market reveals intriguing insights. From 1998 to 2010, the market exhibited 
higher complexity with a multifractality value of 0.72, reflecting the impact of the 2008 Financial 
Crisis. In contrast, the period from 2010 to 2023, despite various influential factors, such as 
Diversification of Trade Routes, Technology Integration, Eco-Friendly Practices, and Geopolitical 
Developments, shows lower multifractality values, indicating decreased complexity and non-linear 
dynamics. This shift signifies a transition from crisis-driven complexity to a phase shaped by diverse 
influences, despite continued market intricacy. The multifractality analysis captures the nuanced 
evolution of market complexity, reflecting the changing nature of multifractal behavior.  

4.5. Discussion 

In Table 2, there is an interesting result of the effective multifractality of the BDTI (𝛥𝛥𝛼𝛼𝑒𝑒𝑒𝑒𝑒𝑒 0.81) 
and two periods (𝛥𝛥𝛼𝛼𝑒𝑒𝑒𝑒𝑒𝑒 0.35 𝑎𝑎𝑎𝑎𝑎𝑎 0.45). When we cut the sample of BDTI into two parts, the effective 
multifractality is cut into two parts, which means that each period may exhibit its own multifractal 
characteristics. These could differ due to several reasons such as changes in market regulations, 
economic shifts, or even technological innovations that affect the market dynamics. The multifractal 
analysis for each period may reveal different levels of market complexity, structural breaks, 
variability in investment strategies and adaptive market hypothesis. 

5. Conclusions 

This study utilizes MF-DMA methodology to unravel the multifaceted nature of the Baltic 
Tanker freight market. Initial findings suggest an overarching multifractal nature within the market, 
with total multifractality reaching up to 0.90 in the Clean Tankers market. This complexity is partly 
from both a fat-tailed probability distribution 0.48 and non-linear correlations 0.29, indicating 
sophisticated temporal organization and inherent volatility as core components of market behavior. 
A closer examination of a specific route TC2 with the 37000 tonnage, the market retains its multifractal 
attributes albeit with reduced magnitudes upon data manipulation. This consistent reduction in 
multifractality values—evident upon shuffling and surrogating—reinforces the significant 
contribution of temporal arrangement to the market's complex structure. 

In the case of the Dirty Tankers market, the study signifies a moderate complexity with an 
original multifractality value of 0.58, which diminishes under surrogate and shuffled scenarios, 
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implying that chronological sequencing is crucial for preserving the multifractal properties within 
this segment. This assertion is further substantiated when focusing on specific routes like TD7 at the 
80000-tonnage level, where multifractality peaks at 1.03 yet declines markedly when temporal and 
structural correlations are disrupted. Comparatively, multifractal dynamics transition between the 
two periods under investigation - higher multifractality in the earlier period (1998-2010) underscores 
a phase influenced significantly by the 2008 Financial Crisis, while the subsequent era (2010-2023) 
showcases a dampening of complexity. This suggests a shift from an environment dominated by 
crisis-induced market behaviors to one where multifractal measure have adapted to diverse and 
modern market forces, including technological advancements, regulatory changes, and 
environmental dynamics. 

In conclusion, the multifractal analysis offers a comprehensive framework for fleet managers 
and energy importers to proactively prepare for and navigate the complexities of the tanker market. 
By implementing measures such as diversifying trade routes, embracing technological innovations, 
prioritizing eco-friendly practices, developing robust risk management strategies, engaging with 
regulatory bodies, leveraging market intelligence, and investing in talent development, stakeholders 
can enhance operational resilience, fortify their competitive position, and navigate the intricacies of 
the tanker industry with greater agility and foresight. These strategic endeavors underscore the 
imperative of proactive preparedness and adaptive capacity in addressing the evolving challenges 
and opportunities within the tanker market, thereby contributing to sustained operational excellence 
and strategic advantage. 

The cutting multifractality of BDTI in two different time windows needs more investigation 
when the empirical data is available. This may give insights to discuss how the complex dynamics of 
the system might vary over time. 
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