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Summary Trends and periodic movements in climatic series are treated as non-station-
ary components. A time series model and Bayesian statistics are combined through a Mar-
kov chain Monte Carlo procedure. Gibbs sampling is used in the Monte Carlo application.
Monthly series of river flow, rainfall and temperature from northern Italy are used. Some
late temperature rises are noted, otherwise there are no systematic increases or
decreases in the series. Changes in periodicity are also of a random nature. From the
results it is also possible to compare these properties between different locations and cli-
matic indicators.
ª 2007 Elsevier B.V. All rights reserved.
Introduction

Numerous papers have been published on climatic change in
hydrology and the atmospheric sciences in the recent past
(e.g., Kite, 1989; Nash and Gleick, 1991; Grotch and MacC-
racken, 1991; Wilby et al., 1999; Mann et al., 2003; Soon
et al., 2003). The most commonly used methods for the
study of trend, in particular, and seasonal effects are de-
vised to find global patterns of these properties in a time
series. The general objective is to establish a mean trend
line and an averaged periodicity component over the period
of the record. Nevertheless, by using moving averages, mov-
ing windows, filters and the like it is possible to see local ef-
fects of the trend or other component. The Holt-Winters
forecasting procedure, reviewed and compared with Box
Jenkins forecasts by Chatfield (1978), is one of the earliest;
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basically it generalizes simple exponential smoothing to
model trend and periodicity.

New tools for smoothing climatic time series such as
advanced spectral methods reviewed by Ghil et al. (2002)
are adopted, for example, by Mann (2004). Although these
methods are advantageous they have some limitations
because by fixing the length of the window one cannot
properly visualize temporal variations in properties such
as trend in a time series. Long windows tend to cut off
slow movements and short windows provide insufficient
smoothing.

Of the sophisticated methods that have emerged during
the past 20 years, wavelet analysis, devised for investigating
localized variations of power (with reference to signals or
other nonrandom behaviour) over a time series, has had
much attention (see, e.g., the introduction by Boggess
and Narcovich, 2001). Thousands of articles have been writ-
ten in science and engineering and numerous conferences
held on the subject; there are several web sites and soft-
ware is available with diverse climatic data sets such as
.
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sea surface temperatures, the Southern Oscillation Index
and monsoon rainfalls. On the other hand, Baliunas et al.
(1997), applied standard wavelet and adaptive wavelet
transform algorithms to Central England temperatures but
found that estimates of a data trend are sensitive to the
cut off time scale of the filter. Besides, problems arise such
as those concerning the probability distribution of the data.

An alternative approach is to model trend and periodicity
as non-stationary components in a time series formulation.
Accordingly, one can apply a stochastic dynamic system
model to the time series with the state functions incorpo-
rating trend and periodicity; here the term ‘dynamic’ refers
to changes in a process with respect to time. Because the
statistical properties such as the variances of the trend
and periodic components are unknown, these aspects should
be incorporated in the algorithm. Such a representative
time series model can be adopted advantageously, that is
by making the method general and usable, through a Bayes-
ian estimation procedure. Because there are usually compu-
tational problems to surmount in a direct application, it
seems that the only tractable way to implement this type
of procedure is through a Markov chain Monte Carlo ap-
proach, referred to by the acronym MCMC. In this way a ran-
dom walk model is applied to model the state variables
dynamically using available data.
Bayes’ theorem and MCMC sampling

Through the Bayesian framework one can combine initial
knowledge about the parameters, such as trend and period-
icity, of a model with observations and the model output.
Hence the posterior distribution on the parameter space
can be obtained.

For example, consider a time series of a climatic variable
such as temperature. This can be expressed in the classical
additive form by

yi ¼ ti þ pi þ gi ð1Þ

in which at time i, yi represents the observed value of the
variable, ti and pi are the parameters of trend and periodic-
ity, respectively, and gi is a random component.

Our next objective is to update the current estimates of
the parameters on the basis of new information, using
Bayes’ theorem. This can be summarized as follows. Let h
represent the unknown parameter space such as trend and
periodicity in our model, the prior probability of which is
denoted as P(h) based on current knowledge of the process.
After receipt of additional data y, the posterior distribution
P(hjy) is found from

PðhjyÞ ¼ PðhÞPðyjhÞ
PðyÞ

in which P(yjh) is the likelihood function and P(y) is a nor-
malising quantity. In applications, however, problems usu-
ally arise. These happen because it is difficult to estimate
the moments of the posterior distribution as shown here.
Such computational difficulties can be overcome by means
of Markov chain Monte Carlo (MCMC) sampling which is a
simulation procedure of recent origin (see Gilks et al.,
1996). The Metropolis–Hastings algorithm provides a gen-
eral form of MCMC simulation developed by Hastings
(1970) following Metropolis et al. (1953). This is an iterative
procedure, some practicalities of which are described by
Geyer (1992) and Brooks (1998); Chib and Greenberg
(1995) provide a clear description. The idea is to construct
a Markov chain whose stationary and ergodic distribution
is the posterior distribution from Bayes’ theorem (usually
intractable by analytical means). However, repeated simu-
lations are required to reach the desired states of stationa-
rity and ergodicity.

In the hydrological literature, initial applications of the
Metropolis–Hastings algorithm were limited to assessing
parameter uncertainty in conceptual rainfall-runoff model-
ling (Kuczera and Parent, 1998; Bates and Campbell, 2001;
and Marshall et al., 2004). It is implied in all cases that
the model is correct and the source of error arises from
the estimation of parameters. See also subsequent work
of Efendiev et al. (2005) and Reis and Stedinger (2005).

A particular type of MCMC algorithms is the Gibbs sam-
pler. This is devised to enable one to solve practical statis-
tical problems. The advantages are its simplicity and
convergence to the stationary and ergodic states. The pro-
cedure was originated by Geman and Geman (1984) who
used it in applying the Gibbs distribution in latices, although
it is now applied using various other distributions; a similar
method was already in use in statistical physics under the
name ‘‘the heat bath algorithm’’. The Gibbs sampler has
been used in medicine, archaeology, and many other fields
(see for example Gelfand et al., 1990; Gilks et al., 1993;
and Smith and Roberts, 1993). However, let us be warned
that some types of probability density functions or criteria
or the fact that the model is not tractable enough warrant
the use of the wide and general class of Metropolis–Hastings
algorithms.

The procedure is to construct for a variable, say, x a Mar-
kov chain with stationary distribution p(x). Under certain
conditions the sample output from the chain can be used
asymptotically to estimate the expected value with respect
to p(x) of a function, say f(x) of interest; see Casella and
George (1992), Smith and Roberts (1993), Besag and Green
(1993) and Tierney (1994). Let p(x) = p(x1 , . . . ,xn) denote a
joint density and let p(xij x�i) denote the conditional densi-
ties of each of the components xi using values of the other
components and let x�i = (xj,j 5 i),i = 1, . . . ,n. We com-
mence, at stage 0, by taking arbitrary starting values,
x0 ¼ ðx01; . . . ; x0nÞ. For the next stage, we draw randomly from
conditional distributions p(xijx�i),i = 1, . . . ,n, as follows:

x11 from pðx1jx02; x03; . . . ; x0nÞ
x12 from pðx2jx11; x03; . . . ; x0nÞ

..

.

x1n from pðxnjx11; x12; . . . ; x1n�1Þ:

The conditionality in the distributions is the key feature.
Thus after the first iteration we transit to x1 ¼ ðx11; . . . ; x1nÞ
from x0 ¼ ðx01; . . . ; x0nÞ. On completion of t and more such
iterations we have a sequence x0, x1, . . . , xt, . . . which is a
realization of a Markov chain with the following transition
probability from xt to xt+1:

Gðxt; xtþ1Þ ¼
Yn
l¼1

pðxtþ1l jxtk; k > l; and xtþ1k ; k < lÞ:
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This gives the basic idea. When all distributions are taken as
conditional on the data, the marginal distributions give the
marginal posteriors as in Bayes’ theorem, as demonstrated
in the next section.

Hydrological applications of the Gibbs sampling scheme
have been made by Adamson et al. (1999) for simulating
flood hydrographs in the Mekong River in Vientiane, Laos;
Sansò and Guenni (1999) who simulated rainfalls in Venezu-
ela; Perreault et al. (2000) for modelling annual energy in-
flows to two large hydropower dams in Quebec, Canada
for change-point analysis in time series; and Onibon et al.
(2004) who used the procedure to simulate Sahelian rain-
fields in West Africa.

The working algorithm

The trend component of Eq. (1) can be written as

tiþ1 ¼ ti þ si ð2Þ

using an auxiliary variable si. The uncertainty in the trend is
modelled as

siþ1 ¼ si þ x1i ð3Þ

in which x1i is a ‘latent’ variable (in Bayesian terminol-
ogy) that describes the random fluctuations in this
component. With regard to the periodicity component,
let us consider Eq. (1) as a monthly time series and sim-
plify this component so that it is modeled as a truncated
Fourier series, in the usual way, but including only the
fundamental frequency, f = 1/12 (per month, correspond-
ing to the annual cycle). This is closely representative
for monthly mean temperatures and generally provides a
good approximation for some other monthly climatic ser-
ies. More about this follows. Accordingly, the periodicity
component is modelled, following West and Harrison
(1997) as

piþ1 ¼ pi cosð2pfÞ þ qi sinð2pfÞ ð4Þ

and

qiþ1 ¼ �pi sinð2pfÞ þ qi cosð2pfÞ þ x2i ð5Þ

using an auxiliary variable qi, and another ‘latent’ variable
x2i that describes the random fluctuations in this compo-
nent. Thus the trend component is treated as a simple linear
process whereas the periodicity component is a linear sum
of sine and cosine curves. The advantage in this type of
non-stationary modelling is that one can incorporate
differences in the cyclical structure and also changes in
the mean level from year to year. The dynamic linear model
of the system, also called the state space model, is then
written as follows:

xiþ1 ¼ Fxi þ Gxi ð6Þ
yi ¼ Hxi þ gi ð7Þ

where

xi ¼ ½ti; si; pi; qi�
T

and

xi ¼ ½x1i ;x2i �
T
:

Also,
H ¼ 1 0 1 0½ � ð8Þ

G ¼
0 1 0 0

0 0 0 1

� �T
ð9Þ

and

F ¼

1 1 0 0

0 1 0 0

0 0 cosð2p=12Þ sinð2p=12Þ
0 0 � sinð2p=12Þ cosð2p=12Þ

2
6664

3
7775 ð10Þ

such that Eq. (6) represents Eqs. (2)–(5) and (7) represents
Eq. (1). Because of the lack of prior knowledge we arbi-
trarily specify the initial conditions x0 = [t0,s0,p0,q0], of
the variables in Eqs. (2)–(5) related to trend and
periodicity.

Eqs. (6) and (7) are similar to the well known Kalman fil-
ter (see, for example, Brown and Hwang, 1992). However,
we adopt a generalized approach by modelling the state
variables as random walks in which the variances are trea-
ted as parameters within a Bayesian estimation framework,
in the manner of West and Harrison (1997).

Accordingly, we write the stochastic dynamic model of
Eqs. (6) and (7) in a static form which facilitates application
of the Gibbs sampler. For the stochastic representation we
follow Magni and Bellazzi (2004):

y ¼ Azþ g ð11Þ
x ¼ Bz ð12Þ

Here y represents n observations, as in Eq. (1), correspond-
ing to which g signifies n measurement errors and x denotes
the 2n values of trend t and periodicity p to be evaluated
Eqs. (2), (4) and z is a variable incorporating the four initial
conditions of t, s, p and q Eqs. (2)–(5) followed by the
2(n � 1) error terms of Eqs. (3) and (5) of the trend and peri-
odicity components.

Thus

x ¼ t0 p0 . . . tn�1 pn�1½ �T

y ¼ y0 . . . yn�1½ �T

g ¼ g0 . . . gn�1½ �T

and

z ¼ t0 s0 p0 q0 x10 x20 . . . x1n�2 x2n�2½ �T

Also, to conform with Eqs. (6)–(10) the A and B matrices of
constants in Eqs. (11) and (12) are defined as

A ¼

H 0 � � � 0

HF HG � � � 0

..

. ..
. ..

.

HFn�1 HFn�2G � � � HG

2
66664

3
77775 ð13Þ

and

B ¼

M 0 � � � 0

MF MG � � � 0

..

. ..
. ..

.

MFn�1 MFn�2G � � � MG

2
66664

3
77775 ð14Þ

in which
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M ¼
1 0 0 0

0 0 1 0

� �
: ð15Þ

A preliminary schematic diagram of the model of Eqs. (11)
and (12) is given in Fig. 1.

To implement the scheme, one needs to specify the
probability distributions of the error terms. This also applies
to the initial states. Let us assume that

PðxkiÞ ¼ Nð0; r2
xk
Þ; k ¼ 1; 2; ð16Þ

PðgiÞ ¼ Nð0; r2
gi
Þ; ð17Þ

Pðx0Þ ¼ N 0; diag r2
x01

r2
x02

r2
x03

r2
x04

h i� �
; ð18Þ

where N(. , .) denotes the multinormal distribution and di-
ag[ Æ Æ] signifies a diagonal matrix.

This generalization of the algorithm is made in order to
apply the Gibbs sampler, as previously stated. In particular,
r2

x1
and r2

x2
are treated as parameters to be estimated from

the data within the Bayesian framework. As in Gilks et al.
(1996) we assume that the unknown variances in Eq. (16)
pertaining to trend and periodicity have inverse gamma dis-
tributions. For the prior state these distributions are va-
guely defined, that is they are taken to be somewhat like
uniform so that the final estimates do not have a large bear-
ing on these distributions. As regards Eq. (17), it is assumed
for simplicity that the variances in the measurement error
term are fixed: however; this can be easily generalized by
suitable modifications of the ensuing steps. As regards Eq.
(18), since the initial values of the t, s, p and q variables
of Eqs. (2)–(5) are assumed arbitrarily, as stated, their vari-
ances are taken sufficiently large so that the data will dom-
inate the posterior distribution.

In order to update trend and periodicity through Bayes’
theorem we compute the first two moments of the joint
posterior probability

Pðt; p; r2
x1
; r2

x2
jyÞ; ð19Þ

where for n values of data y, t ¼ t0 . . . tn�1½ �T and
p ¼ p0 . . . pn�1½ �T are the trend and periodicity compo-
nents respectively. To implement the MCMC procedure
through Gibbs sampling, we partition the random parame-
ters into three groups or subsets: r2

x1
, r2

x2
and z. It means

that, the dependent structure shown in Fig. 1 should accom-
modate a scheme that extracts a sample in each iteration
from each of the following three conditioned distributions
(i.e. the distribution of a variable conditioned on the other
variables and sample data, y) based on Eq. (11) and the pre-
viously stated strategy for Gibbs sampling:
2
1

/1 ωσ ∼ ( )21 ,γγΓ

z y 

∼ ( )1,0 −
zN ∼ ( )1, −

ηAzN

2

2
/1 ωσ ∼ ( )43 ,γγΓ

Σ Σ

Figure 1 Schematic diagram for implementing the Gibbs
sampling scheme.
P
1

r2
x1

r2
x2

��� ; z; y

 !
¼ Cðn=2þ c1; ðxT

1x1Þ=2þ c2Þ ð20Þ

P
1

r2
x2

r2
x1

��� ; z; y

 !
¼ Cðn=2þ c3; ðxT

2x2Þ=2þ c4Þ ð21Þ

P z r2
x1
; r2

x2
; y

���� �
¼ NðD�1AT

X�1
g�1

y;D�1Þ ð22Þ

with D ¼ ATP�1
g Aþ

P�1
z

in which C(. , .) is the gamma distribution and N(. , .) is the

multinormal distribution, r2
x is a vector containing the

sequence r2
x1
; r2

x2

n o
repeated (n � 1) times, xi ¼

xi0 � � � xin�2½ �T with i = 1,2 and (c1, . . . , c4) pertain to
the parameters of the prior gamma distributions of 1=r2

x1
,

1=r2
x2
. The sample data are given by y as defined previously.

Also,
P

g ¼ diag r2
g0
� � � r2

gn�1

� �	 

and

P
z ¼ diag

r2
x01

r2
x02

� � � r2
x04

r2
x

h i� �
.

The iterative procedure

The iterative procedure can be summarized as follows:

(1) The samples of Pðr2
x1
; r2

x2
; zjyÞ are drawn iteratively by

the Bayesian estimator and Gibbs sampler using Eqs.
(20)–(22). This is in the main loop of the computer
programme.

(2) We commence with prior values of the variances of x1

and x2 as in Eqs. (20) and (21) (regarding the param-
eters of their inverse gamma distributions).

(3) The vector z is simulated through the multinormal dis-
tribution of Eq. (22), based on Eq. (11), conditioned
on sample data y and the two variances of x1 and
x2. Recall that the variable z contains, except for
the four initial conditions of t,s,pand q at the begin-
ning, alternating values of x1 and x2. The vector z
forms a row in the matrix Z, at each iteration.

(4) New values of x1 and x2 are abstracted from z and
taken to Eqs. (20) and (21).

(5) Eqs. (20) and (21) provide the new variances of x1 and
x2.

(6) The new variances are brought forward each time to
Eq. (22).

(7) From these iterations k series (runs) are obtained for Z.
(8) Then the initial si series are discarded and the mean

values of a z row vector are formed by averaging
the sr = k � si remaining series for each point in time.

(9) We draw through Eq. (12) the sampling posterior dis-
tribution of the trend and periodicity components by
a direct transformation of z to x.

In the next section we discuss procedures to determine k
and si of steps 7 and 8 of the procedure.
Results and discussion

Fig. 2 gives the monthly mean temperature at Torino for
the period 1753 to 1993 with the data grouped by years.
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Figure 2 Monthly mean temperature at Torino for the period 1753–1993 – data grouped by years.
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Also shown are annual mean temperatures. As expected,
the variability in the annual mean temperatures is seen
to be much smaller than in the monthly data. The annual
temperature data does not show a significant trend except
for a rise after the first quarter of the century, or there-
abouts. In Fig. 3 the same data are grouped by months.
The averages of the monthly mean temperatures are also
shown with a close harmonic fit using only the first har-
monic. This justifies the assumption made previously. More
about this follows. Fig. 4 gives the following annual time
series of temperature in Torino: summer mean tempera-
tures, annual mean temperatures, and winter mean tem-
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Figure 3 Monthly mean temperature at Torino – data grou
peratures. In each case a main trend line is drawn and
compared with 25-year nonoverlapping (secondary) linear
trend lines. This shows random changes in trend over the
25-year periods. The tendency for a rise in temperature
in the final 25-year period is also seen in this figure. Such
a period of temperature rise may extend back to a longer
period, as seen in Fig. 2.

The Bayesian estimation and Gibbs sampling scheme is
then applied to the monthly temperatures in Torino from
1971 to 1993. First, Fig. 5 shows the trend component. This
does not indicate any general movement. Second, Fig. 6
shows the periodicity component up to 1993. This has sharp
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ped by months with a first harmonic fit to the averages.
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Figure 4 Annual series of temperature in Torino: 25-year nonoverlapping (secondary) linear trend lines compared with the main
linear trend line for (a) summer mean temperatures, (b) annual mean temperatures and (c) winter mean temperatures.
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Figure 5 Monthly mean temperature in Torino for the period
1971–1993 with the trend component t from Gibbs sampling.
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Figure 6 Monthly mean temperature in Torino for the period
1971–1993 with the periodicity component p from Gibbs
sampling.
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irregular movements within periods of 12 months indicating
the nonstationarity of the periodicity component.

Fig. 7 shows monthly total rainfall in Milano for the per-
iod 1840–2003 with the data grouped by years. Also shown
are annual values represented by mean monthly rainfalls
for the year. The variabilities in the rainfalls are much lar-
ger than those in the temperatures in Fig. 2, and show stron-
ger characteristics of nonstationarity because of the various
processes involved. During this period there is no indication
of a definite trend.
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Figure 7 Monthly total rainfall in Milano for the period 1840–2000 – data grouped by years.
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determination of the trend component t from Gibbs sampling in
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Let us clarify, with respect to the Milano rainfalls, the
exploratory procedure used to determine the number of ser-
ies sr from the simulations to be averaged for the determi-
nation of the trend, say, (steps 7 and 8 of section ‘The
iterative procedure’). We experimented with different
appropriate combinations of sr and initial series si, that
need to be discarded because they do not satisfy the neces-
sary criteria. The differences di between the averaged trend
components ti,sr/1.2 and ti,sr were squared and summed for
all the points i = 1,2, . . . , n where n = 276 and sr =
90, . . . , 250. We denote the square root of the average as
the ‘error’ in the trend:

esr ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

d2
i =n

s
:

A typical plot of esr vs sr is shown in Fig. 8. We adopt sr = 200
in the simulations as the effect of further increases in sr is
minimal.

We also decided to investigate the choice of the number
of series si from the simulations to be discarded prior to the
determination of the trend component. For this purpose we
found the differences d0i between the averaged trend
components ti,sr, as previously defined, and ti,si, based only
on the series to be discarded – for these calculations we
ignored the initial 10 series which caused an excessive
distortion in the results. The differences d0i were squared
and summed for i = 1,2, . . . , n where n = 276 and si =
10,20, . . . , 90. The ‘error’ in the trend is written as

esi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

d02i =n

s
:

A typical plot of esi vs si is shown in Fig. 9. We decided to
adopt si = 50 in the simulations.

Figs. 10 and 11 give monthly total rainfalls in Milano for
the 24-year period from 1982 to 2001 with the trend and
periodicity components, respectively, via the Bayesian esti-
mation and Gibbs sampling scheme. The trend component
does not have any clear long-term movements. The period-
icity component has oscillations that are much sharper than
for the trend component with movements within the year
due to its intrinsic nature. The 95% and 5% credibility limits
are also shown. For this purpose we rank the x values at
each point in time i through Eq. (12) (prior to averaging of
z in step 8 of section ‘The iterative procedure’) and obtain
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Figure 11 Monthly total rainfall in Milan for the period 1982–
2001 with the periodicity component p from Gibbs sampling –
also shown are the 95% and 5% posterior credibility limits.
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Figure 10 Monthly total rainfall in Milan for the period 1982–
2001 with the trend component t from Gibbs sampling – also
shown are the 95% and 5% posterior credibility limits.
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Figure 9 Exploratory analysis of the number of initially
simulated series si (step 8 of section ‘The iterative procedure’)
to be discarded prior to the determination of the trend
component t from Gibbs sampling in Milano rainfall data for
the period 1982–2001.
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the rounded x values with 0.95 and 0.05 probabilities of
exceedance.

Fig. 12 shows the monthly mean flow in the river Po at
Pontelagoscuro for the period 1920 to 1991 with the data
grouped by years. As in the case of Milano rainfalls, there
is no steady movement up or down. This is the largest river
in Italy and at Pontelagoscuro the catchment area is
70,091 km2. Figs. 13 and 14 show monthly mean flows in
the Po at Pontelagoscuro for the 24-year period from 1970
to 1991 with the trend and periodicity components respec-
tively, via Bayesian estimation and Gibbs sampling. The
trend component indicates local variations. These varia-
tions follow the general patterns in monthly flows. The
periodicity component is further accentuated by the move-
ments in the annual cycle but is not well defined as in Fig. 11
for the Milano rainfall data, this seems to indicate an in-
crease in the non-stationary behaviour but the scales are
different. Both these figures do not show any definite move-
ments. The 95% and 5% posterior credibility limits are also
shown.

Fig. 15 shows a comparison of the trend component of
the monthly total rainfall for the period 1951 to 1973 at
three stations in Lombardia, northen Italy: Milano, Mantova
and Tirano. The trend lines follow the general characteris-
tics of the monthly rainfalls. There are similarities in the
trend components at the three stations with a slight down-
trend towards the end of the period.

Fig. 16 shows the variances of the ‘latent’ variables
associated with trend (x1) and periodicity (x2) in Eqs. (3)
and (5) of the monthly total rainfalls in Milan. In Fig. 16a
the variances of x1 are given for the period 1982 to
2001. These are not constant and have a non-symmetrical
distribution which is expected because of the gamma dis-
tribution used. The variances of x2 are given in Fig. 16b
for the same period. They are much higher than for x1.
This is expected from Figs. 10 and 11; because by their
nature the oscillations in periodicity exceed in amplitude
those for trend.
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Figure 12 Mean flow in the Po at Pontelagoscuro for the period 1920–1991 – data grouped by years.
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Figure 13 Monthly mean flow in the Po at Pontelagoscuro for
the period 1970–1991 with the trend component t from Gibbs
sampling – also shown are the 95% and 5% posterior credibility
limits.
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Figure 14 Monthly mean flow in the Po at Pontelagoscuro for
the period 1970–1991 with the periodicity component p from
Gibbs sampling – also shown are the 95% and 5% posterior
credibility limits.
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Conclusions and further comments

Seasonality is represented in the monthly data of this study.
For some series Eqs. (4)–(10) need to be extended to incor-
porate a larger number of harmonics, than only the first har-
monic applied here (Kottegoda et al., 2004). This also
requires modifications or extensions to several equations
from Eqs. (4)–(18), (20)–(22). Also, the assumption of nor-
mality made in Eqs. (16)–(18), as usually made in this type
of general algorithm, requires further scrutiny although
Figs. 2 and 3 do not seem to contradict the assumption.
Alternatively, more advanced general simulation models
may be used (see West and Harrison, 1997; Carlin et al.,
1992; Carter and Kohn, 1994).
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Figure 15 Trend components of monthly total rainfalls for
the period 1954–1973 at three stations in Lombardia: (a)
Milano, (b) Mantova and (c) Tirano.
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Figure 16a Variance of the random component x1 of trend t
for monthly total rainfall in Milano during the period 1982–2001
as simulated by Gibbs sampler.
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Figure 16b Variance of the random component x2 of peri-
odicity p for monthly total rainfall in Milano during the period
1982–2001 as simulated by Gibbs sampler.
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Differently from other analyses of climatic time series,
trend and periodicity are treated as random components
by us. Elsewhere, smoothing and filtering seem to be the
norm. We are motivated by considerations that such tech-
niques may sometimes lead to biased results arising mainly
from the width of the chosen window. That is, we have not
been confined to a prior definition of the width of the mov-
ing window.

Three types of climatic time series are studied. In the
trend components, they do not seem to show any general
movement indicating a definitive rise or decay except that
some late temperature rises are noted. There are similari-
ties in behaviour between different types. The time varying
periodicities seem to be more pronounced in the flow series
but the scales are different. The calculated serial variances
in the latent variables associated with trend and periodicity
(Eqs. 3 and 5) show that the variable for periodicity has a
much higher series of variances.

In the context of climatic change, trends are of greater
interest than periodicities. Overall there are illusory aspects
in all trend lines as seen in the secondary lines of Fig. 4.
Trends only show what has happened in the past. That too
is subject to the reliability of the data and their correct
interpretation. Extrapolations of trend lines to the future
are irrelevant if they are based on assumptions that do
not hold. For instance, down trending of populations in
some highly industrialized countries to absurd levels takes
no account of incentives that governments will offer and
the changing attitudes of the younger generations in the fu-
ture. Another downtrend might show world oil supplies com-
pletely depleted before 2050; yet, the current high sale
price of oil has justified reaching unexplored vast subterra-
nean sources; besides, alternative sources of energy are
being increasingly researched and utilized. Likewise, before
extrapolating a climatic series such as temperature to the
future, on the basis of a physical model, variations in solar
intensity and the possible effects of other cyclical phenom-
ena in the decades to come should be considered; there are
also likely errors associated with the highly complex ther-
modynamics of the earth’s atmosphere.
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