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Abstract

In this paper a semiparametric approach is introduced to decompose an ARFIMA model in the long memory and short memory
unobserved components. The procedure is based on the DECOMEL method which produces a statistical decomposition by minimizing
the Euclidean distance between the spectrum of the aggregated series and the sum of the parametric spectra of the components. The
extension to long memory stationary models is achieved defining an approximate model where the fractional operator is replaced by
the ratio of two polynomials of order one. The feasibility and performance of the proposed procedure are discussed through a case study.
� 2006 Published by Elsevier Ltd.

Keywords: Long memory process; Time series decomposition; Unobserved components; ARFIMA models
1. Introduction

Unobserved components play an important role in the
study of hydrological time series since they display both
seasonal fluctuations and long range dependence. The
detection and modelling of these components remain a sta-
tistical problem which still needs further investigation. For
instance, the contributions of Hosking (1984), McLeod and
Hipel (1995) and Noakes et al. (1985, 1988) achieved con-
flicting evidences about the presence/absence of the long
memory effects in river flows time series. On the other
hand, several attempts have been made to introduce more
flexible models to take into account the special nature of
the long term component and of the seasonality, which
often is time varying (Montanari et al., 2000; Ooms and
Franses, 2001; Lohre and Sibbertsen, 2001; Wang et al.,
2002).

The purpose of this article is to discuss a method for
time series decomposition useful to analyse the river flow
1474-7065/$ - see front matter � 2006 Published by Elsevier Ltd.
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series. Among others, this problem has been examined by
Shun and Duffy (1999), Ghil et al. (2002) and Lange and
Bernhardt (2004), with reference to the singular spectrum
analysis (SSA).

However, although many approaches and procedures
have been proposed in the literature (see Hylleberg,
1992), the issue that the decomposition may involve both
short and long memory stationary components has not
yet been considered. The peculiar correlation structure of
a long memory process makes, in fact, theoretical investi-
gation difficult since many of the known results for short
memory processes cannot be applied.

In particular, we will examine a model based decompo-
sition method, denoted as DECOMEL, which was origi-
nally proposed to estimate unobserved components of a
time series from the underlying ARIMA model (Piccolo,
1979, 1982). This method will be extended to stationary
long memory series for which ARFIMA models provide
a meaningful representation (Hosking, 1981; Beran, 1994).

The article is organized as follows. First, the reasons for
unobserved components estimation are presented (Section
2). Secondly, the basic assumptions needed to identify from
the aggregated model the formulation of the component
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models are introduced (Section 3). Then, the DECOMEL
method and the computational problems concerning its
implementation will be discussed (Section 4). Finally, the
proposed procedure will be applied to the daily flows of
the Kanawha river in West Virginia to show its effective
performance (Section 5).

2. Justification for long memory time series decomposition

The estimation of the unobserved components of a time
series can be seen as a signal extraction problem for the
process Zt = Xt + Yt where Xt is a ‘signal’ and Yt is ‘noise’
(Whittle, 1963). This formulation typically refers to
communication engineering applications where the two
components convey a physical meaning. Therefore, the
framework developed in that context can be extended to
wider applications. In the case we are considering the role
of the components is the following: Xt is the long memory
component (LM) and Yt is the short memory component
(SM).

The components may interact according to an additive
model: Zt = Xt + Yt or a multiplicative model: Zt = Xt ·
Yt. Of course, if the second model reduces to the first one
by taking the logarithm of the time series if it assumes posi-
tive values. For this reason the discussion will be restricted
to the additive formulation.

As Bell and Hillmer (1984) pointed out, there are some
basic questions to answer when we look for the justifica-
tions of the unobserved components estimation. First, is
there any reason why Zt can be thought as generated by
the sum of Xt and Yt? Are we interested in estimating those
components? How do we estimate the components?

The first question can be answered considering the pecu-
liar nature of river flows. We can interpret Xt as the result
of the long term persistence in climatic phenomena which
cannot be influenced by any local environmental manage-
ment policy. The component Yt represents, instead, the
result of various short-term factors which can be in part
controlled (such as the water usage, the presence of dams
and periodic water discharges, the characteristic of the
basin, etc.).

The second question leads to examine the purposes for
which we need to estimate the unobserved components of
a hydrological time series. In the presence of alternative
models for the same time series we can choose the model
which admits a decomposition such that the meaning of
the component models would be more coherent with the
knowledge about the phenomenon and would be simpler
to interpret.

Moreover, the formulation of the generating processes
underlying the two additive unobserved components can
shed further lights on the dynamics of the hydrological
time series under investigation helping to identify the driv-
ing component. The decomposition in fact produces also
the relative weights of the components and in this respect
it helps to better understand which policy has to be planned
in order to control the phenomena in the short or medium
term. Also, the study of components with respect to their
stability over time can be relevant to set up appropriate
policies for water management.

The decomposition can also help for time series forecast-
ing and spatial classification. As a matter of fact, forecast-
ing has to rely on strong components; then, the prediction
can improve if it is based only on the ’signal’ component
excluding the ‘noise’ component. The noise component is
in fact unpredictable and its presence only increases the
uncertainty related to the predictions.

Furthermore, unobserved components can be used to
compare and classify river flow series with respect to their
underlying dynamics. The classification is useful to detect
groups of series with similar dynamic structure and, in con-
trast, anomalous series which do not assimilate to others.

Finally, they can help to enhance causal relationships
between phenomena which, for instance, could be related
only in terms of long term behavior. The estimation of
components will allow a finer analysis of possible interac-
tions between time series.

The third question requires the definition of the compo-
nents and their properties, the identification of the basic
assumptions and restrictions, the derivation of a decompo-
sition method within a statistical framework.

Notice that in this context it is also important to detect
and estimate slowly varying deterministic components on
large scales as discussed by Kallache et al. (2005) who pro-
posed a method based on wavelet analysis.

In the following sections we will introduce a specific
model-based decomposition method (DECOMEL) which
implements the unobserved components’ estimation in fre-
quency domain by minimizing the mean squared error hav-
ing replaced the spectrum of the aggregate by the sum of
the components’ spectra. We will firstly discuss the assump-
tion on which the method relies and then we will describe
how to implement it in practice.

3. The decomposition of a long memory series

Let Zt � ARFIMA(pz,d,qz) be a zero-mean stochastic
process:

/ðBÞrdZt ¼ hðBÞat; ð1Þ
where B is the backward shift operator such that
BkZt = Zt�k, k = 0, ±1, ±2, . . . , the polynomials /(B),
h(B), and $d = (1 � B)d are defined according to the stan-
dard notation (Box and Jenkins, 1976) and satisfy the usual
uniqueness and admissibility conditions. Also, we assume
that at �WN(0,r2) is a Gaussian White Noise process
and that the data skewness, the effects of outliers as well
as the effect of known covariates and deterministic compo-
nents have been removed from Zt by preliminary transfor-
mations and regression. Finally, we will denote with /

= (/1, . . . ,/p) 0 and h = (h1, . . . ,hq) 0 the parameter vectors
characterizing the model and with Cz(B) the autocovari-
ance generating function of Zt (see Brockwell and Davies,
1991; for the definition and related properties).
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The formulation (1) defines an ARIMA process if d is a
non-negative integer whereas it represents an ARFIMA
stationary and invertible process for d 2 (�0.5, 0.5). In this
article, the attention will be focused on processes with
d 2 (0, 0.5). Moreover, we will assume that any non-sta-
tionary long memory process, say Wt , has been prelimin-
ary transformed so that Zt = $DWt, where D is the
maximum integer such that Zt is a stationary ARFIMA
process.

We suppose that Zt = Xt + Yt, where Xt and Yt are
(independent) processes which account for the LM and
SM behaviors of Zt, respectively:

rdX t ¼ bt; ð2Þ
/Y ðBÞY t ¼ hY ðBÞct; ð3Þ

where bt �WNð0; r2
bÞ and ct �WNð0; r2

cÞ are independent
Gaussian White Noise processes.

The first problem that has to be solved in order to
achieve the described decomposition is the identification
of the orders (py,qy) of the SM component.

Notice that the standard approach to ARMA model
decomposition (Hillmer and Tiao, 1982) cannot be simply
extended to ARFIMA models since it relies on the setting
of a system of equations obtained by equating the autoco-
variance generating function of Zt with the sum of the
autocovariance generating functions of the theorized com-
ponent processes. For this reason, in case Zt follows an
ARFIMA model, the presence of the fractional difference
operator would induce a MA(1) polynomial in the SM
component. Thus, only for decomposition purposes, we
will introduce a suitable approximation of (2) within the
ARMA class in order to use known results to establish
the orders of SM component in (3).

A convenient tool to list all possible component models
whose sum is compatible with a given ARMA model is the
algebra introduced by Piccolo (1979). This algebra is also
useful to generalize the decomposition to the case of more
than two unobserved components.

In particular, each ARMA(p,q) process can be repre-
sented as a symbolic fraction ðqÞðpÞ being p and q non-negative

integers. Having defined the following two operations:

multiplication: ðaÞðbÞ ¼ ðaþ bÞ; ð4Þ
sum: ðaÞ þ ðbÞ ¼ ðmaxða; bÞÞ; ð5Þ

the usual algebraic rules for the numerical fractions still
hold for the symbolic fractions. Moreover, the isomor-
phism between this algebra and the polynomial algebra
can be proved.

Given Zt � ARMA(pz,qz), the decomposition problem
Zt = Xt + Yt requires the search of the orders (px,qx) and
(py,qy) such that:

ðqzÞ
ðpzÞ
¼ ðqxÞ
ðpxÞ
þ
ðqyÞ
ðpyÞ

: ð6Þ

As in Granger and Morris (1976), this implies the solu-
tion of the following equations:
pz ¼ px þ py ; maxðqx þ py ; qy þ pxÞ ¼ qz:

In this respect we recall that since the solutions are poly-
nomial orders they must be non-negative integer numbers.
Moreover, the case where the operators may simplify has
been excluded; if necessary, this may be considered by set-
ting inequalities between the orders.

Of course, since these equations may admit several solu-
tions, there are models which are compatible with the sum
of different component models. However, these alternative
solutions may produce very close results in terms of esti-
mated components due to the similarity of the implied
filters.

In the case we are examining, only for the decomposi-
tion purpose, we approximate the fractional operator char-
acterizing the LM component with the ratio of two
polynomials of order one.

Although an ARMA model cannot fully describe the
dynamics of a long memory process, several contributions
have shown that in practice it provides a useful approxima-
tion for it. Hosking (1984) for instance used the
ARMA(1,1) model as a possible alternative to a fractional
model. Later, this model has been exploited by Tiao and
Tsay (1994) and Brodsky and Hurvich (1999) with refer-
ence to an adaptive forecasting technique; by Martin and
Wilkins (1999) and Di Iorio (2002) as an auxiliary model
for indirect inference estimation. Moreover, this approxi-
mation has been successfully applied to derive a prelimin-
ary estimator of the fractional parameter d (Corduas,
2000; Grimaldi, 2004) and a strategy for time series decom-
position (Corduas and Piccolo, 2004).

Therefore, the ARFIMA(pz,d,qz) model is approxi-
mated by an ARMA(pz + 1,qz + 1) model and, on the
other hand, the model (2) for Xt is approximated by an
ARMA(1,1) model. Thus, the decomposition algebra
yields:

ðqz þ 1Þ
ðpz þ 1Þ ¼

ð1Þ
ð1Þ þ

ðqyÞ
ðpyÞ

; ð7Þ

which implies two equations: py = pz; max(qy,py) = qz.
Once the orders (py,qy) have been specified, a statistical

method is needed for the estimation of the component
models’ parameters.

4. The DECOMEL method

Briefly, we describe the DECOMEL method to decom-
pose the ARFIMA model in the component models (2)
and (3). The procedure consists in four steps and is based
on: (i) component models identification; (ii) parameters
estimation; (iii) checking the admissibility conditions; (iv)
deriving the components filters.

Firstly, the orders (py,qy) of the SM component model
are identified according to the algebra discussed in the pre-
vious section.

Secondly, the parameter vector b ¼ ðdx; r2
b;/

0
y ; h
0
y ; r

2
cÞ
0 is

estimated by minimizing the Euclidean distance between
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the parametric spectrum of Zt and the sum of the compo-
nent spectra:

GðbÞ ¼
Z p

�p
fzðxÞ � fxðx; dx; r

2
bÞ � fyðx; /y ; hy ; r

2
cÞ

� �2
dx

¼ min !

ð8Þ

Notice that DECOMEL leads to an exact decomposition
(Hillmer and Tiao, 1982) if the minimized function value
GðbbÞ � 0, or a statistical decomposition if GðbbÞ > 0. If the
second condition holds, the decomposition of Zt implies,
in addition to Xt and Yt, as defined in (2) and (3), a further
residual component Ut.
4.1. Parameter estimation

In practice, the integral (8) is evaluated numerically on a
grid of discrete points chosen so that the components filters
can be evaluated by exploiting the inverse fast Fourier
transform. The set of frequencies are usually determined
as: xj = 2pj/(2n � 1), j = 0, ±1, ±2, . . . ,±(n � 1), where n

is the number of observations, so that the minimizing func-
tion becomes:

G�ðbÞ ¼ 2p
ð2n� 1Þ

�
Xðn�1Þ

j¼�ðn�1Þ

ef zðxjÞ � fxðxj; dx;r
2
bÞ � fyðxj;/y ;hy ;r

2
cÞ

h i2

¼min !

ð9Þ
Of course, since the spectrum of the fractional model has
an infinite peak at the origin, the corresponding term in
the summation has to be adequately approximated.

The estimation procedure can be implemented following
two different approaches: either ~f zðxÞ is the estimated
parametric spectrum from the ARFIMA model or it is
replaced by a non-parametric estimate, such as the
smoothed periodogram (Corduas and Piccolo, 1997). In
the latter case, the first step of DECOMEL strictly depends
on the observations and, in addition, as any other proce-
dure which makes use of smoothing techniques, it depends
on the choice of the spectral window and of the bandwidth
(Priestley, 1981, pp. 526–528).

Moreover, the structure of the minimizing function
reduces the optimization to the solution of a non-linear
least squares problem where the variables can be separated
into two subsets: the variances, r2

b and r2
c , which occur lin-

early and the remaining parameters which occur in the
non-linear part. The optimization with respect to the for-
mer variables is achieved by solving a system of linear
equations. Then, in each iteration, minimization with
respect to the WN variances is performed first, and correc-
tion to the variables of the second set after that (Ruhe and
Wedin, 1980).
Thirdly, the admissibility conditions, that is, the strict
positiveness of the estimated spectra fxðx; d̂x; r̂2

bÞ and
fyðx; /̂y ; ĥy ; r̂2

cÞ for �p < x 6 p, has to be checked.
Piccolo (1982) discussed some simple examples where

the DECOMEL method and the related algebra are illus-
trated in details.

4.2. Filtering

Finally, the component Xt and then Yt can be estimated
by linear filtering. Specifically, the filter weights are derived
as follows. Let:

X t ¼ wxðBÞZt;

where

wxðBÞ ¼
X1

j¼�1
wjBj ¼ w0 þ

X1
j¼1

wjðBj þ B�jÞ

is a two-sided symmetric filter. Then:

Zt ¼ X t þ Y t ¼ wxðBÞZt þ Y t:

Since Xt and Yt are independent processes, considering
the autocovariance generating functions (Brockwell and
Davies, 1991, pp. 103–105), this leads to

CzðBÞ ¼ wxðBÞCzðBÞ þ CyðBÞ;

then:

wxðBÞ ¼ 1� CyðBÞ
CzðBÞ

¼ CxðBÞ
CzðBÞ

:

Recalling the MA(1) representations: Zt = wz(B)at,
Xt = wx(B)bt, it is easy to obtain:

wxðBÞ ¼
r2

bwxðBÞwxðB�1Þ
r2

awzðBÞwzðB�1Þ
:

This expression can be used in the pure parametric form of
DECOMEL. In practice, the filter wx(B) will be truncated
at a certain lag k so that the values wj, j > k, are negligible.
Finally, the component Yt is derived by Yt = Zt � Xt.

On the other hand, if the semiparametric approach is
chosen then the filter evaluation has to be set in the fre-
quency domain considering:

wk ¼
1

2p

Z p

�p

fxðxÞ
fzðxÞ

cosðkxÞdx; k ¼ 0; 1; . . . ð10Þ

As before, for the numerical computation of the integral,
the spectrum fz(x) will be replaced by the smoothed period-
ogram (Corduas and Piccolo, 1997).

Now we explore some further properties of the decom-
position procedure. Since the condition Gðb̂Þ � 0 is rarely
achieved in practice (being the minimum of the objective
function of a non-linear regression) the decomposition
has often to admit a further noise component. In this sense,
to ensure the consistency of the model for Zt, its formula-
tion should be modified to include this additional noise. In
practice, this is not needed since, if the additional noise has
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a small variance, the new aggregated process will result
very close to the one formulated initially.

A second issue concerns the independence of the compo-
nents which is assumed in order to derive the decomposi-
tion. Of course, the independence is needed to exploit the
additivity of the spectra of the component processes which
will be used to reconstruct the spectrum of the aggregated
process. This is essential to derive the linear filters which
are applied to estimate the components. However, this does
not ensures that the realizations xt and yt are uncorrelated.
Since the filter to obtain xt is estimated and, moreover,
yt = zt � xt, it is reasonable to expect that the estimated
components might be correlated (see Ambrosanio and Pic-
colo, 1983).
5. A case study

The decomposition procedure has been applied to the
series of daily mean streamflow (in cubic-feet/s) of the
Kanawha River recorded at Kanawha Falls, in West Vir-
ginia (USA), from 1st January 1982 to 30th September
2002. The river is formed by two other rivers (the New
River and the Gauley river) which join together. The whole
basin encompasses 12,223 square miles and is mainly occu-
pied by forests. Only 3% of the land is urban or industrial
and the remaining is used for crops and pasture. Mining
and timbering activities are diffused on the area and their
development exacerbates the damages from floods given
the peculiar geological structure of the river valley (latest
severe flood happened in 2001). The streamflow in much
of the basin is controlled by four major reservoirs but their
capacity is only 14% of the average annual flow at Charles-
ton. Average annual precipitation ranges from 36 in. to
60 in. Fig. 1 shows the plot of the series with n = 7578
observations.

In order to account for the non-stationarity in the vari-
ance the series, wt, was preliminary transformed in loga-
Fig. 1. Daily mean streamflow (in feet3/s) of the Kanawha River at
Kanawha Falls from 1st January 1982 to 30th September 2002. (Source:

USGS National Water Information System.)
rithms. Then, a strong deterministic component due to
the climatic periodicity was removed by regression from
(ln(wt) � 8.99). The estimated coefficients, the standard
errors and the significance of the periodic components
are reported in Table 1; the residual variance is r̂2

z ¼
0:4672 and R2 = 0.388.

The autocorrelation function of the residuals series, zt,
shows a slow decay to zero (Fig. 2).

This correlation structure has been described by fitting
the following ARFIMA(1,d, 1) model to the series:

d̂ ¼ 0:326ð0:032Þ; /̂ ¼ 0:627ð0:031Þ;
ĥ ¼ �0:357ð0:014Þ:

The standard errors of the parameter estimates are given in
parentheses and r̂2

a ¼ 0:0522. The estimation has been car-
ried out using the Whittle’s approximation to the Gaussian
maximum likelihood function (Fox and Taqqu, 1986; Gira-
itis and Surgailis, 1990).

Replacing the fractional operator by the ratio of two
polynomials of order one, the ARFIMA(1,d, 1) model
can be approximated by an ARMA(2,2) model. Then,
applying the decomposition algebra we obtain:

ð2Þ
ð2Þ ¼

ð1Þ
ð1Þ þ

ðqyÞ
ðpyÞ
¼
ðpyÞð1Þ þ ðqyÞð1Þ

ð1ÞðpyÞ

which implies that either py = 1 and qy = 0 or py = 1 and
qy = 1. Thus, the algebra suggests two possible decom-
positions:

ARFIMAð1; d; 1Þ ) ARFIMAð0; d; 0Þ þARð1Þ
ARFIMAð1; d; 1Þ ) ARFIMAð0; d; 0Þ þARMAð1; 1Þ:

In practice, the estimation produced by DECOMEL
(using the semiparametric approach) showed that in the
second decomposition the SM model is over parameter-
ized1 since the estimated MA coefficient was very close to
zero. Then, the estimated component models are the
following:2

ð1� BÞ0:2843X t ¼ bt; r̂2
b ¼ 0:2322; ð11Þ

ð1� 0:9824BÞY t ¼ ct; r̂2
c ¼ 0:0062: ð12Þ

Fig. 3 shows the periodogram of the estimated LM and
SM components, obtained by filtering the series according
to (10), with the corresponding parametric spectrum super-
imposed (the plots refer to [0,p/8] and [0,p/4] interval,
respectively, to enhance the different behaviors). The pat-
tern of the parametric spectra shows how the components
act differently at low frequencies.

The variance decomposition (see Table 2) shows that the
LM component plays a dominant role with respect to the
1 The estimation of the ARFIMA(0,d, 0) + ARMA(1,1) decomposition
yielded r̂2

b ¼ 0:2325, d̂ ¼ 0:2842, /̂y ¼ 0:9825, ĥy ¼ �0:0537, r̂2
c ¼ 0:0056;

in addition, the convergence was very slow.
2 All the computations have been done in GAUSS 5.0 (Aptech System,

Inc.) using the Constrained Maximum Likelihood estimation module.



Table 1
Regression estimates

Regressors sinð 2pj
365:25Þ sinð 2pj

182:62Þ sinð 2pj
91:31Þ cosð 2pj

365:25Þ cosð 2pj
182:62Þ cosð 2pj

91:31Þ

Coefficients 0.7104 �0.0186 �0.0667 0.2720 �0.0297 �0.0698
t-Statistic 63.91 �1.67 �6.00 24.48 �2.67 �6.27
p-Value 0.000 0.093 0.000 0.000 0.007 0.000

Fig. 2. Sample autocorrelation function of the residual series, zt.

Fig. 3. Periodogram of the estimated components and parametric
spectrum from the component models.

Table 2
Variance decomposition

Components Variances Percentage

Xt � ARFIMA(0,d, 0) 0.2939 62.1
Yt � AR(1) 0.1792 37.9

Sum 0.4731 100.0
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SM inertia since the first one accounts for 62.1% of the
aggregate’s variance. Notice that the variance of the time
series (r2

Z ¼ 0:4672) is slightly inflationated when we con-
sider the sum of the variances of the component models
(= 0.4731). The difference is due to the numerical approxi-
mation of the integral involved in the calculation. As
pointed out in the previous section, although the compo-
nent processes are assumed to be independent, the esti-
mated components may be correlated as it happens in
this case.

Finally, we considered a further application of the
results achieved by the decomposition of an ARFIMA
model. In particular, we used the component models to
generate a synthetic series of observations with sample size
equal to that of the original series. The generation of the
synthetic series was performed: (i) by simulating from the
ARFIMA model for Zt (direct method); (ii) by simulating
a time series from each of the component models and sum-
ming them (indirect method).

Fig. 4 shows that the estimated density of the synthetic
series generated by the indirect method is closer to that
of the observed time series than the density of the
synthetic series obtained by the direct method. Also the
comparison of the sample autocorrelation functions
confirms that the synthetic series generated by the indirect
method reproduces closely the dynamic structure of the
observed time series; at larger lags the corresponding
autocorrelation functions are almost indistinguishable
(see Fig. 5). This result is probably due to the fact that
the information on the dynamics of the observed time
series, expressed by the smoothed periodogram, is bet-
ter exploited in the estimation of the component models
since these separate the contributions of the long mem-
ory and the short memory components at low frequen-
cies. In this way the generating mechanism used for the
simulation is closer to the one underlying the observed
data.

The same experiment has been repeated 1000 times.
Table 3 shows the estimated mean square errors for several
statistics confirming that in general the indirect method
provides a better performance.



a b

Fig. 4. Smoothed density distribution of zt (dashed line) and simulated time series (solid line): (a) from ARFIMA model; (b) from the component models.

Fig. 5. Sample autocorrelation functions of zt (dots) and simulated time
series: from ARFIMA model (dashed line); from the component models
(solid line).

Table 3
Estimated mean square errors

Statistics Mean Variance Asymmetry Kurtosis Min Max

Direct
method

0.0472 0.0017 0.4014 0.4591 0.6637 0.3910

Indirect
method

0.0061 0.0011 0.3973 0.4392 0.5939 0.3311
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6. Conclusions

The decomposition of hydrological time series in
unobserved components helps to better understand the
underlying dynamics of the phenomenon under investiga-
tion. We have discussed a strategy for the estimation
of the SM and the LM components of a fractional time
series.

The first step of the procedure has a wider application,
since it provides a general method to identify the orders
of the component models when the time series is repre-
sented by an ARFIMA model. Starting from this result,
we have extended the DECOMEL method suggesting a
semiparametric formulation.

The decomposition of hydrological time series requires
special attention. Firstly, the LM effect is often not clearly
detectable. This may be due to the length and frequency of
observations which may be not sufficient to observe the
LM dynamics in a finite realization. Of course, when the
series follows an ARMA model, it can be still decomposed
in its elementary SM components and the justifications that
we introduced in Section 2 can be easily restated to moti-
vate their use in practice.

Secondly, the presence of a LM component is often
mixed with short-term inertial components which add the
AR term in the ARFIMA model. It is common for hydro-
logical data that both long and short-term components act
on a frequency band close to the origin. This makes the
decomposition more difficult. The study of the Kanawha
river daily flow series showed the effectiveness of DECO-
MEL also in such situations.
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