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                     Abstract 
 Thirty years (October, 1988–December, 2018) data of North Pacifi c Oceanic  CO 2  fl uctuations have been analysed using Mul-

tifractal Detrended Fluctuation Analysis technique.  CO 2  fl uctuations obey power–law dependence on time. The multifractal 

spectrum of the oceanic  CO 2  time series has been found to be right-skewed in nature with asymmetry parameter value 0.4646. 

The width of the data spectrum has been calculated to be 0.62 which is higher than the corresponding shuffl  ed series width 

0.33. The dominant Hurst exponent, at which the spectrum is maximum is 0.78 for original data and 0.503 for corresponding 

shuffl  ed series. Observations show that shuffl  ed distribution does not show any correlation and hence genuine long-range 

correlation has been observed in  CO 2  which is due to time evolution and not due to the values of  CO 2  concentration. 

   Keywords     Seawater  CO 2     ·  Scaling behaviour    ·  Long-range correlation    ·  Multifractal Detrended Fluctuation Analysis  

      Introduction 

 Combustion of fossil fuels and land use change since indus-

trialization has led to an increased amount of atmospheric 

 CO 2 . Anthropogenic  CO 2  level in the atmosphere has 

increased from its pre-industrial level 284 ppm and crossed 

the symbolic barrier 400 ppm attaining 407.7 ppm in May 

2016 (Betts et al.  2016 ). Increase in atmospheric  CO 2  is tem-

pered by the ocean consumption. Sabine et al. ( 2004 ,  2007 ) 

and others showed that almost one third of the atmospheric 

anthropogenic carbon accounts for oceanic uptake. Also, 

this oceanic  CO 2  consumption is not benign as it changes 

the global ocean carbonate chemistry process and the geo-

chemical balance (Gattuso  2015 ). As  CO 2  dissolves in sea 

water the acidity increases and pH level decreases. Reduced 

pH and increased acidifi cation are potential threat to marine 

biogeochemical cycles, ecosystems, physiology of marine 

organisms (Kroeker et al.  2013 ; Doney  2010 ; Fabry et al. 

 2008 ; Brewer and Peltzer  2009 ) and corrosive to the species 

which have structural components made of calcium carbon-

ate (Doney et al.  2009 ; Orr et al.  2005 ). 

 Measurement of seawater acidifi cation and the enhance-

ment in our understanding the factors which regulates the 

process is thus very crucial. Research work in this context 

is of prime interest. There are several works which meas-

ures anthropogenically induced changes in sea water due 

to high atmospheric  CO 2  (Asher et al.  2004 ; Aziz et al. 

 2005 ; Crutzen et al.  1999 ; Jacovides et al.  1994 ). However, 

such research undergoes diffi  culties and uncertainties due 

to the absence of temporal variability in  CO 2  in seawater, 

particularly, whether total dissolved inorganic oceanic car-

bon remain residually correlated with each other over a long 

time (long-range dependence). Temporal correlation analysis 

refers to the statistical analysis of the evolution characteris-

tics of oceanic  CO 2  with time. Long-range correlation in a 

time series is such that any given value of the series at any 

instant is infl uenced by ‘all’ preceding values. Moreover, 

for a long-range persistent (memory) time series there is a 

positive correlation among the successive values: high val-

ues tend to follow high and small values tend to be small. 

Such correlation between the values is characterized by a 

power–law decay as a function of the temporal gap between 

them. Such power–law decay of values can be better under-

stood in terms of self-similar or self-affi  ne fractals. 

 Study of fractals/multifractals in non-linear dynamical 

systems is a very popular technique to fi nd out the pres-

ence of long-range correlation. Fractals are primarily of 

two types: (i) Monofractals, which show identical scaling 
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behaviour at all parts of the signal and (ii) Multifractals, 

they require more than one scaling exponent to describe 

the system fully: large and small fl uctuations scales dif-

ferently. Multifractal analysis has the potential to reveal 

the long-range temporal correlation in any time series 

(Kantelhardt et al.  2002 ). Many atmospheric quantities 

exhibit non-linear power law behaviour with time which 

produces non-stationarity in the series. This non-station-

arity tends to conceal the correlation and thus ordinary 

Fourier spectral analysis is not useful in analysing (Love-

joy  1982 ; Schertzer and Lovejoy  1985 ; Tuck and Hovde 

 1999 ; Hu et al.  2001 ; Chen et al.  2002 ; Tuck et al.  2003 ; 

Grytsai et al.  2005 ) the atmospheric and hence oceanic 

 CO 2  time series data. Multifractal Detrended Fluctuation 

Analysis (MFDFA) is a powerful technique developed 

by Kantelhardt ( 2002 ), and has been successfully used in 

many fi elds (Mali and Mukhopadhyay  2014 ; Norouzzadeh 

and Rahmani  2006 ; Yuan et al.  2009 ; Dutta et al.  2013 ; 

Zhou et al.  2007 ; Wang et al.  2009 ) including natural sci-

ence (Benicio et al.  2013 ; Dutta et al.  2018 ; Mali  2014 ) to 

analyse nonstationary data. The method is capable of elim-

inating the long-term trend and analyse the actual fl uctua-

tion after detrending. Thus, the possibility of fallacious 

detection of correlation arising due to non-stationarity is 

completely washed out. 

 In this paper oceanic total dissolved carbon time series 

data of North Pacifi c Ocean have been analysed using 

MFDFA technique in search for any long-range tempo-

ral dependence in the series. The data product for North 

Pacifi c Ocean has been obtained from Hawaii Ocean Time 

series station ALOHA (22°45′ N, 158°00′ W) (Dore et al. 

 2009a ). The mean seawater dissolved inorganic carbon 

(DIC) (= total  CO 2 ) concentration, in μmol  kg −1 , from 

October, 1988 to December, 2018 has been extracted and 

analysed. 

 The rest of the paper is organised as follows: In the 

next section a detailed description of the method used has 

been provided. “ Data (Dore et al. 2009a) ” section presents 

description of the data used. In “ Results and discussion ” 

section the results obtained from this analysis has been pre-

sented followed by a conclusion and outlook at last section. 

    MFDFA method 

 Following the formulation given by Kantelhardt et al. ( 2002 ) 

step by step description of the MFDFA method is presented 

in this section.

    Step I   For  any t ime ser ies  of  length N: 

  {xk, k = 1, 2, 3… , N}    first the cumulative sum of the 

series is obtained using Eq. ( 1 ):

     

Here average of the data   ⟨x⟩    is eliminated from each of 

the data points.  

   Step II    y(j)    is known as the signal profi le, which is divided 

into  Ns  =  int ( N / S ) numbers of bins in time scale, each of 

width  S . Here  S  is the scale of analysis.  

   Step III  Local trend exhibited by each small window 

is calculated using a least square polynomial fi t of the 

series. This trend arises due to the non-stationarity of the 

series. Variance of the data with respect to this trend is 

calculated in each segment ν of time length  s  using the 

following equation:

     

  yl𝜈
fit
(j)    represents the  l th order fi tting polynomial in win-

dow ν. 

 Here the order of the polynomial would be such that it is 

smaller than the sample size in the smallest segment in 

order to get rid of any over-fi tted trend.  

   Step IV  Always  N  may not be an integer multiple of  S  
and hence a small portion of the signal will be left at the 

end while dividing it. To include that portion, one has to 

repeat the previous step starting from the other end of 

the data obtaining total  2N s  number of segments. Finally, 

the  q  th  order fl uctuation function is obtained using the 

Eq. ( 3 ):

         

   Scaling behavior and diff erent multifractal 
exponents 

 Scaling behaviour of fl uctuation function can be obtained 

by calculating   Fq(s)    for diff erent scale values. Long-range 

correlation and hence the multifractality in the time series is 

manifested by the following power law relation:

      

 Exponent   h(q)    is the generalized Hurst exponent, 

reduces to ordinary Hurst exponent (H) for  q  = 2. For 

Multifractal time series   h(q)    values decrease with order 

 q . When  q  is positive   h(q)    will describe the scaling behav-

iour of the segments with large variance   F2(𝜈, s)    i.e. large 

 (1)y(j) =

j∑
k=1

[
xk − ⟨x⟩],where j runs from 1 to N

 (2)F2(𝜈, s) =
1

s

s∑
j=1

{
y
[
(𝜈 − 1)s + j

]
− yl𝜈

fit
(j)
}2

 (3)

Fq(s) =

{
1

2Ns

2Ns∑
𝜈=1

[
F2(𝜈, s)

]q∕2

}1∕q

for q ≠ 0

= exp

{
1

4Ns

2Ns∑
𝜈=1

lnF(𝜈, s)

}
for q = 0

 (4)Fq(s) ∝ sh(q)
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deviation from trend on the other hand for –ve  q  values 

  h(q)    describes the scaling behaviour of the segments with 

small fl uctuations. For  q  = 2 the method reduces to stand-

ard DFA process. 

 Value of H is crucial in determining the nature of cor-

relation. For 0.5 <  H  ≤ 1.0 presence of positive long-range 

correlation (long-range persistence) is confi rmed and if 

0 <  H  < 0.5 then there is anti-correlation (anti-persistence) 

in the data.  H  = 0.5 corresponds to classical random 

(white) noise while  H  = 1.0 is for so-called 1/ f  noise. 

 In this context it is important to mention that in a 

persistent time series an increase in the observable will 

most likely be followed by an increase in short term and 

also a decrease will be followed by a decrease in short 

term. Whereas in anti-persistent time series, for which 

0 < H < 0.5, an increase in values will most likely be fol-

lowed by a decrease and vice-versa. For the later case there 

is no correlation between an observation and its future 

value, having higher or lower value is equally likely. Rényi 

exponent   𝜏(q)    (Kantelhardt et al.  2002 ; Feder  1988 ) can be 

calculated from   h(q)    through the following relation:

      

 In standard MFDFA formalism, τ(q) is defi ned via parti-

tion function. A proof of above relation was given by Kan-

telhardt et al. ( 2002 ) using standard box counting formalism. 

Clearly, for monofractal series τ(q) has a linear form:

      

 Further it is interesting to characterize multifractality of 

a series using Hölder spectrum or singularity spectrum   f (𝛼)    

of the Hölder exponent   𝛼.    The singularity spectrum   f (𝛼)    is 

obtained from   𝜏(q)    through a Legendre transformation of 

  𝜏(q)    (Feder  1988 ; Halsey et al.  1986 ; Peitgen et al.  1992 )

      

 The exponent α is signifi cant in determining the sin-

gularity and the singularity spectrum f(α) represents the 

Hausdorff  dimension of the fractal subset with the expo-

nent α. The plot of  f ( α ) vs.  α  is called the multifractal 

spectrum which is an upside-down parabola in shape. 

 f ( α ) becomes maximum at a certain value of   𝛼 = 𝛼0    when 

 df ( α )/ dα  = 0. It is easily observed that spectrum’s peak is 

achieved for q = 0, where   f
(
𝛼0

)
= D0    is the fractal dimen-

sion of physical support of the phenomena (Salat et al. 

 2017 ). Again, from Eq. ( 7 ) it is clear that   f
(
𝛼0

)
= 1    . This 

particular   𝛼    value   
(
𝛼0

)
    corresponds to the most domi-

nant scaling behaviour (Bishop et al.  2012 ) and it is the 

dominant Hurst exponent. The width of the multifractal 

 (5)𝜏(q) = qh(q) − 1

 (6)𝜏(q) = qH − 1

 (7)

f (𝛼) = q𝛼 − 𝜏(q) = q
[
𝛼 − h(q)

]
+ 1where𝛼 = 𝜕𝜏(q)∕𝜕q

spectrum is the diff erence between the maximum and 

minimum value of α for which  f ( α ) = 0 (Kalamaras et al. 

 2019 ) i.e.

      

 The width is a measure of strength of multifractality 

(Ashkenazy et al.  2003 ; Shimizu et al.  2002a ). The broader 

the spectrum the richer the multifractality is (Telesca et al. 

 2004 ). A measure of the spectrum width can be obtained by 

fi tting the spectrum around   𝛼0    with a second-order equation as 

described in Shimizu et al.  2002b :

      

 In Eq. ( 9 ) the constant B is most important. B is an asym-

metry parameter. When B = 0, the multifractal spectrum 

becomes symmetrical. A negative value of B implies that the 

spectrum is left-skewed and for positive B values spectrum 

is right-skewed (Burgueno et al.  2014 ). It has been stated in 

Ihlen ( 2012 ) that a time series having high value of   𝛼0    and 

right-skewed multifractal spectrum and broad width is more 

complex. 

 Another important multifractal exponent is generalized 

dimension   Dq    , defi ned by

     

  Dq    is useful in determining the range of q (Salat et al.  2017 ). 

Equation ( 10 ) may lead to obtain   Dq    values higher than the 

dimension of physical support  D0    , in particular for negative 

q’s. Since such a   Dq    looses its physical meaning, it is desir-

able to restrict the range of q in order to ensure  Dq ≤ D0    . 

Also, q values should be chosen so that f (α) > 0. 

    Origin of multifractality 

 Existence of multifractality in non-stationary time series may 

be attributed to the (Kantelhardt et al.  2002 ) three broad cat-

egories: (i) presence of dissimilar characteristics of long-range 

correlation of large as well as small fl uctuations, (ii) due to 

non-Gaussian broad probability distribution function of the 

concerned measured observable and (iii) sometimes due to 

both the reasons (i) and (ii). The superiority of the MFDFA 

technique over others is that it allows one to fi nd out the source 

of correlation in data. When MFDFA is employed to the shuf-

fl ed distribution, in which the correlation is wiped out, of the 

same time series the results come out somewhat arbitrary 

with h(q) random  = 0.5. If the source of multifractality be reason 

(ii) above then both shuffl  ed and original data show identical 

behaviour with h(q) random  = h(q) original data . For reason (iii) shuf-

fl ed data show a weaker multifractality than original series. 

 (8)width of spectrum = 𝛼max − 𝛼min

 (9)f (𝛼) = A(𝛼 − 𝛼0)
2 + B

(
𝛼 − 𝛼0

)
+ C

 (10)Dq = 𝜏(q)∕(q − 1)
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     Data (Dore et al.  2009a ) 

 In this study Hawaii Ocean Time-series (HOT) data for 

total DIC has been used. HOT program cruises are car-

ried out on approximately monthly intervals depending 

upon the availability of research vessel starting from Octo-

ber, 1988 to December, 2018. Initially almost for seven 

years the HOT program cruise were for 5 days later it 

was reduced to 4 days. Samples for water column chemi-

cal analyses were collected at ALOHA station. A sample 

of sea water was collected in glass bottles, which were 

washed with diluted hydrochloric acid followed by a rinse 

with distilled water before each cruise. Samples were col-

lected in a manner to minimize the gas exchange with 

atmosphere. 

 Dissolved inorganic carbon (DIC; equivalent to total 

 CO 2 ) has been measured by coulometry. Since 1993, a 

semi-automated (SOMMA) system was used for the coulo-

metric DIC measurements. The precision in the measure-

ment of DIC is of the order of   ± 0.1%    or sometimes better 

throughout the measurements. 

    Results and discussion 

 To quantify the fl uctuation, 30 years data (Dore et  al. 

 2009a ) of total dissolved carbon concentration in North 

Pacifi c Ocean water has been analysed in the framework 

of the MFDFA technique. Fluctuation function has been 

calculated using Eq. ( 3 ) for diff erent “ s ” values with “ q ” 

varying from − 3 to + 3 in steps of 0.2. In selecting the 

range of q I have followed previously described criterion 

in methodology section. A linear trend is usually observed 

when the observable is increasing or decreasing at a steady 

rate. Here, for the increasing tendency of oceanic  CO 2  

over time a polynomial of order m = 1 has been considered 

here for de-trending process. Fluctuation functions obey a 

power law nature with the time scale consequently, log–log 

plot of fl uctuation function with scale show straight line 

behaviour with varying slopes as presented in Fig.  1  for 

 q  =  + 3, 0 and − 3. The point symbols in the fi gure repre-

sent the calculated   logFq(s)    values for diff erent   log(scale)    

whereas the solid lines represent the regression fi ts of the 

same. From Fig.  1  it is observed that fl uctuation functions 

with scale show a converging trend for diff erent “ q ”.         

 From the slope of linear fi t generalized Hurst exponent 

 h ( q ) has been calculated.  h ( q ) values decrease with  q  sig-

nifying multifractal nature of total dissolved carbon con-

centration time series in sea water. Varying  h ( q ) for + ve 

10

0.1

1

log(Scale)

lo
g(
F q
(S
))

q=3
q=0
q=-3

  Fig. 1       Variation of   logFq(s)    with   log(s)    . Point symbols representing 

the calculated values and solid line represents the linear regression fi t 

of same  

  Fig. 2       Plot of generalized Hurst exponent with order  q  for original 

and shuffl  ed data  
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and −ve  q ’s manifests diff erent scaling behaviour of large 

and small fl uctuations. The variation of  h ( q ) with  q  has 

been depicted in Fig.  2 . Ordinary Hurst exponent for  q  = 2 

has been found to be 0.74. H > 0.5 indicates the presence 

of long-range correlation. It is worth mentioning here that 

any time series will exhibit long range correlation when 

some properties of the time series remain correlated for 

diff erent times and the correlation function decays much 

slowly than exponential decay (power–law decay).         

 Again 0.5 < H < 1.0 signifi es that oceanic  CO 2  time series 

exhibit long-range persistence. High value of H indicates 

strong persistent behaviour which means fl uctuation of oce-

anic  CO 2  concentration in small time intervals is positively 

correlated with the fl uctuation in larger time interval in a 

power law fashion. This persistence refers to ‘long-mem-

ory’ in the data, which imply there exist a tendency: an 

increase of  CO 2  concentration in sea water will be followed 

by another increase in the  CO 2  level at diff erent time in a 

power law fashion i.e. ocean will continue to absorb carbon 

di-oxide further increasing the ocean acidity. 

 Increased acidifi cation will alter the calcium carbonate 

level in sea-water leading to an unsaturated value of  CaCO 3  

from supersaturated state. This is likely to aff ect the ability 

of some organisms to produce and maintain their shells. Fur-

ther, it has been found in some study (Bates et al.  2001 ; Dore 

et al.  2009b ) that oceanic  CO 2  uptake strongly depends on 

the biogeochemical and physical process in the ocean. Thus 

long-range persistence in total DIC in North Pacifi c sea-

water tends to regulate certain oceanic biological process. 

 Model prediction about future oceanic  CO 2  will be more 

accurate through the incorporation of long-range persistence 

in the model. 

 Rényi exponent   𝜏(q)    has been calculated using Eq. ( 5 ). 

The plot of τ(q) against  q  is shown in Fig.  3 . The non-linear 

nature of   𝜏(q)    further confi rms the multifractal nature of the 

considered time series i.e. seawater  CO 2  concentration has 

in-built multiscale self-similar property.         

 In order to shed light on the possible origin of the mul-

tifractal property we have randomly shuffl  ed the original 

time series data and employed the MFDFA process to the 

shuffl  ed data set approaching in same manner as before. The 

process has been repeated 100 times. Results for the mul-

tifractal exponents are then averaged to get the behaviour 

of the shuffl  ed series. Figure  2  presents the plot of  h   q, shuffl  e   
with  q  along with h   q, data   vs.  q .  h   q, shuffl  e   values remain almost 

constant (average value 0.51) with a minor dependence on  q  
as compared to original time series data. For  q  = 2, the ordi-

nary Hurst exponent here comes to be H = 0.5003.   H ≈ 0.5    

for shuffl  ed distribution signifi es multifractality in the con-

sidered time series that is mainly sourced from the presence 

of long-term dependency and not a result of mere statistics 

only. This fact is further strengthened by the linear nature of 

τ(q), shuffl  e  as shown in Fig.  3 . 

 Finally, to have a qualitative idea about the strength of mul-

tifractality, multifractal spectrum has been calculated for both 

original and shuffl  ed data and the plot has been given in Fig.  4 .         

 The spectrum of the original data has the maximum at 

  𝛼0 = 0.78.    So, the dominant Hurst exponent is 0.78. For the 

shuffl  ed series the value of dominant Hurst exponent has 

been found to be   𝛼0 = 0.503.    The original data spectrum has 

been fi tted using Eq. ( 9 ). The asymmetry parameter B has 

the value of 0.04646. Positive B value signifi es that the spec-

trum is right-skewed which indicates the presence of strongly 

weighted fractal exponents. The width of the spectrum has 

been calculated using Eq. ( 8 ). For the shuffl  ed time series, 

the width of the spectrum has been found to be 0.33 which 

is small with respect to the width of original data spectrum 

which is 0.62. Also, the spectrum for shuffl  ed data has been 

shifted to the left of the original spectrum, which is expected 

when source of multifractality is type (i) as discussed earlier. 

  Fig. 3       Plot of   𝜏(q)    with  q  for original and shuffl  ed data  
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    Conclusion and outlook 

 In conclusion strong persistence in North Pacifi c Oceanic 

 CO 2 fl uctuation has been found in the current analysis using 

MFDFA method. Oceanic  CO 2  fl uctuations for small time 

intervals are strongly and positively correlated in a power 

law fashion to the fl uctuations over large time intervals. 

There is a presence of “long-memory” or internal correla-

tion in the seawater  CO 2  concentration which means an 

increase in  CO 2  will be followed by another increase in 

short interval and vice-versa. This scaling behaviour or 

long-range correlation is a result of time evolution and 

is not due to statistics of seawater  CO 2  value. Thus, such 

result could be used to measure the anthropogenically 

induced changes in the seawater by  CO 2  concentration on 

long term basis. 

       References 

                                                  Asher, W.E., Jessup, A.T., Atmane, M.A.: Oceanic application of the 

active controlled fl ux technique for measuring air–sea transfer 

velocities of heat and gases. J. Geophys. Res. Oceans  109 (C8), 

C08S12 (2004).   https:// doi. org/ 10. 1029/ 2003J C0018 62      

                              Ashkenazy, Y., et al.: Nonlinearity and multifractality of climate 

change in the past 420,000 years. Geophys. Res. Lett.  30 , 2146 

(2003)  

                                                                          Aziz, M.A., Reising, S.C., Asher, W.E., Rose, L.A., Gaiser, P.W., 

Horgan, K.A.: Eff ects of air–sea interaction parameters on 

ocean surface microwave emission at 10 and 37 GHz. IEEE 

Trans. Geosci. Remote Sens.  43 (8), 1763–1774 (2005)  

                                                  Bates, N.R., Samuels, L., Merlivat, L.: Biogeochemical and physical 

factors infl uencing seawater ƒCO 2  and air–sea  CO 2  exchange 

on the Bermuda coral reef. Limnol. Oceanogr.  46 (4), 833–846 

(2001)  

                                                               Betts, R.A., Jones, C.D., Knight, J.R., Keeling, R.F., Kennedy, J.J.: El 

Nino and a record  CO 2  rise. Nat. Clim. Chang.  6 , 806–810 (2016)  

                                                               Bishop, S.M., Yarham, S.I., Navapurkar, V.U., Menon, D.K., Ercole, 

A.: Multifractal analysis of hemodynamic behavior: intraoperative 

instability and its pharmacological manipulation. Anesthesiology 

 117 , 810–821 (2012)  

                                       Brewer, P.G., Peltzer, E.T.: Limits to marine life. Science  324 , 347–348 

(2009)  

                                                       Burgueno, A., Lana, X., Serra, C., Martinez, M.D.: Daily extreme tem-

perature multifractals in Catalonia (NE Spain). Phys. Lett. A  378 , 
874–885 (2014)  

                                                          Chen, Z., Ivanov, P., Hu, K., Stanley, H.: Eff ect of nonstationarities on 

detrended fl uctuation analysis. Phys. Rev. E  65 (4), 041107 (2002). 

  https:// doi. org/ 10. 1103/ PhysR evE. 65. 041107      

                                                  Crutzen, P.J., Lawrence, M.G., Poschl, U.: On the background photo-

chemistry of tropospheric ozone. Tellus A  51 (1), 123–146 (1999)  

                                                             de Benicio, R.B., Stosic, T., de Figueirdo, P.H., Stosic, B.D.: Multi-

fractal behavior of wild-land and forest fi re time series in Brazil. 

Physica A  392 , 6367–6374 (2013)  

                               Doney, S.C.: The growing human footprint on coastal and open-ocean 

syndrome? Understanding anthropogenic impacts on seawater pH. 

Science  328 , 1512–1516 (2010)  

                                                       Doney, S.C., Fabry, V.J., Feely, R.A., Kleypas, J.A.: Ocean acidifi ca-

tion: the other  CO 2  problem. Annu. Rev. Marine Sci.  1 , 169–192 

(2009)  

                                                               Dore, J.E., Lukas, R., Sadler, D.W., Church, M.J., Karl, D.M.: Physi-

cal and biogeochemical modulation of ocean acidifi cation in the 

central North Pacifi c. Proc Natl Acad Sci USA  106 , 12235–12240 

(2009a)  

                                                                  Dore, J.E., Lukas, R., Sadler, D.W., Church, M.J., Karl, D.M.: Physi-

cal and biogeochemical modulation of ocean acidifi cation in 

the central North Pacifi c. Proc. Natl Acad. Sci. U.S.A.  106 (30), 

12235–12240 (2009b)  

                                            Dutta, S., Ghosh, D., Chatterjee, S.: Multifractal detrended fl uctuation 

analysis of human gait diseases. Front. Physiol.  4 , 274 (2013)  

                                                  Dutta, S., Ghosh, D., Chatterjee, S.: A multifractal analysis of time 

series of atmospheric  CO 2  concentration. Int. J. Glob. Warm. 

 14 (4), 403–416 (2018)  

                                                       Fabry, V.J., Seibel, B.A., Feely, R.A., Orr, J.C.: Impacts of ocean acidi-

fi cation on marine fauna and ecosystem processes. ICES J. Mar. 

Sci.  65 , 414–432 (2008)  

                         Feder, J.: Fractals. Plenum Press, New York (1988)  

                                 Gattuso, J.P., et al.: Contrasting futures for ocean and society from 

diff erent anthropogenic  CO 2  emissions scenarios. Science  349 , 
49–55 (2015)  

                                                          Grytsai, A., Grytsai, Z., Evtushevsky, A., Milinevsky, G.: Interannual 

variability of planetary waves in the ozone layer at 65°S. Int. J. 

Remote Sens.  26 (16), 3377–3387 (2005)  

                                 Halsey, T.C., et al.: Fractal measures and their singularities: the char-

acterisation of strange sets. Phys. Rev. A  33 , 1141–1151 (1986)  

                                                                  Hu, K., Ivanov, P.C., Chen, Z., Carpena, P., Stanley, H.E.: Eff ect of 

trends on detrended fl uctuation analysis. Phys. Rev. E  64 (1), 

011114 (2001).   https:// doi. org/ 10. 1103/ PhysR evE. 64. 011114      

                            Ihlen, E.A.F.: Introduction to multifractal detrended fl uctuation analy-

sis in Matlab. Front. Physiol.  3 , 141 (2012)  

  Fig. 4       Multifractal spectrum for original and shuffl  ed time series  



59Proceedings of the Indian National Science Academy (2022) 88:53–59 

1 3

                                                                  Jacovides, C.P., Varotsos, C., Kaltsounides, N.A., Petrakis, M., Lalas, 

D.P.: Atmospheric turbidity parameters in the highly polluted site 

of Athens basin. Renew. Energy  4 (5), 465–470 (1994)  

                                 Kalamaras, N., et al.: Distribution of air temperature multifractal char-

acteristics over Greece. Atmosphere  10 , 45 (2019).   https:// doi. org/ 

10. 3390/ atmos 10020 045      

                                                                          Kantelhardt, J.W., Zschiegner, S.A., Koscielny-Bunde, E., Havlin, 

S., Bunde, A., Stanley, H.E.: Multifractal detrended fl uctuation 

analysis of nonstationary time series. Physica A Stat. Mech. Appl. 

 316 (1–4), 87–114 (2002)  

                                                                                 Kroeker, K.J., Kordas, R.L., Crim, R.N., Hendriks, I.E., Ramajo, L., 

Singh, G.G., Duarte, C.M., et al.: Impacts of ocean acidifi cation 

on marine organisms: quantifying sensitivities and interaction 

with warming. Glob. Change Biol.  19 , 1884–1896 (2013)  

                                  Lovejoy, S.: Area–perimeter relation for rain and cloud areas. Science 

 216 (4542), 185–187 (1982)  

                         Mali, P.: Multifractal characterization of global temperature anoma-

lies. Theor. Appl. Climatol. (2014).   https:// doi. org/ 10. 1007/ 

s00704- 014- 1268-y      

                                       Mali, P., Mukhopadhyay, A.: Multifractal characterization of gold mar-

ket: a multifractal detrended fl uctuation analysis. Physica A  413 , 
361–372 (2014)  

                                       Norouzzadeh, P., Rahmani, B.: A multifractal detrended fl uctuation 

description of Iranian rial–US dollar exchange rate. Physica A 

 367 , 328–337 (2006)  

                                 Orr, J.C., et al.: Anthropogenic ocean acidifi cation over the twenty-

fi rst century and its impact on calcifying organisms. Nature  437 , 
681–686 (2005)  

                           Peitgen, H.-O., et al.: Chaos and Fractals (Appendix B). Springer, New 

York (1992)  

                                                                 Sabine, C.L., Feely, R.A., Gruber, N., Key, R.M., Lee, K., et al.: The 

oceanic sink for anthropogenic  CO 2 . Science  305 , 367–371 (2004)  

                                                                            Sabine, C.L., Feely, R.A.: The oceanic sink for carbon dioxide. In: 

Reay, D., Hewitt, N., Grace, J., Smith, K. (eds.) Greenhouse Gas 

Sinks, pp. 31–49. CABI, Oxfordshire (2007)  

                                 Salat, H., et al.: Multifractal methodology. Physica A  473 , 467–487 

(2017)  

   Schertzer, D., Lovejoy, S.: The dimension and intermittency of atmos-

pheric dynamics. In: Turbulent Shear Flows, vol. 4, pp. 7–33. 

Springer, New York (1985)  

                                 Shimizu, Y., et al.: Multifractal spectra as a measure of complexity in 

human posture. Fractals  10 , 103–116 (2002a)  

                                               Shimizu, Y., Thurner, K., Ehrenberger, K.: Multifractal spectra as a 

measure of complexity in human posture. Fractals  10 , 103–116 

(2002b)  

                                 Telesca, L., et al.: Investigating the multifractal properties of geoelec-

trical signals measured in southern Italy. Phys. Chem. Earth  29 , 
295–303 (2004)  

                                       Tuck, A.F., Hovde, S.J.: Fractal behavior of ozone, wind and temperature 

in the lower stratosphere. Geophys. Res. Lett.  26 , 1271–1274 (1999)  

                                                          Tuck, A.F., Hovde, S.J., Gao, R.S., Richard, E.C.: Law of mass action 

in the Arctic lower stratospheric polar vortex January–March 

2000: ClO scaling and the calculation of ozone loss rates in a tur-

bulent fractal medium. J. Geophys. Res. Atmos.  108 (D15), 4451 

(2003).   https:// doi. org/ 10. 1029/ 2002J D0028 32      

                                                  Wang, Y., Liu, L., Gu, R.: Analysis of effi  ciency for Shenzhen stock 

market based on multifractal detrended fl uctuation analysis. Int. 

Rev. Financ. Anal.  18 (5), 271–276 (2009)  

                                               Yuan, Y., Zhuang, X.T., Jin, X.: Measuring multifractality of stock 

price fl uctuation using multifractal detrended fl uctuation analysis. 

Physica A  388 , 2189–2197 (2009)  

   Zhou, P., Li, F., Liu, W.-Y., Yang, M.: In: Kim, S.I., Suh, T.S. (eds.) 

World Congress on Medical Physics and Biomedical Engineering. 

Springer, Berlin (2007)    



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2250
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


		2022-02-24T19:46:56+0530
	Preflight Ticket Signature




