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ABSTRACT

A method for the reconstruction and temporal extension of climatological time series is provided. This method was
focused on a combination of methods, including harmonic analysis, seasonal weights, and the Durbin—-Watson (DW)
regression method. The DW method has been modified in this paper and is described in detail because it represents a
novel use of the original DW method.

The method is applied to monthly means of daily wind-run data sets recorded in two historical observatories (M
series and A series) within the Parque del Retiro in Madrid (Spain) and covering different time periods with an
overlapping period (1901-1919). The aim of the present study is to fill up to and to construct a historical time series
ranging from 1867 to 1992. The proposed model is developed for the 1906-1919 calibration period and validated over
the 1901-1905 verification period, which includes the hypothesis of constant ratio of variances. The verification results
are almost as good as those for the calibration period. Hence, the M series was extended back to 1867, which results in
the longest climatological wind-run data-set in Spain. Also, the reconstruction is shown to be reliable.
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1. INTRODUCTION

When climatological time series are studied it is profitable to check data quality because it usually provides
more reliable results. Unfortunately, we often find situations where data sets are too short to study long-
term changes or where they show data gaps and so standard time series techniques cannot be used. The
former problem may be addressed as a particular case of missing data (i.e. where data were lost or not
recorded at the beginning or end of the data set). A number of methods have been proposed to deal with
this concern. In general, they would be acceptable as far as the residuals could be considered as a white
noise and their sum of squares (SSR) as small as possible.

This paper attempts to provide a simple method for filling and extending climatic data sets, different
from those more commonly related with either the arithmetic mean or linear regression models,
respectively. For the former, a method is proposed based on defining seasonal ratios (or weights) and a
simple harmonic analysis. For the latter, a methodological approach for adjusting time series is specifically
developed which makes a full use of station history information. Essentially, the Durbin—Watson (DW)
regression (Durbin, 1953; Durbin and Watson, 1950, 1951, 1971) is used to reconstruct data. In this paper,
this technique was modified. As an alternative to this method, there exist techniques focused on filtering
dependent and independent variables once seasonal components have been filtered so as to obtain
independent disturbances in the regression model; but this method involves acting on each of the variables
(notice that it could also be applied in cases with more than one independent variable) with their respective
coefficients, thereby complicating the procedure of obtaining the original predicted values once the
regression is performed. We feel the proposed procedure is more compact and ‘acts’ directly on the
residuals, this being the reason why this procedure has been chosen.
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Monthly means of daily wind-run data were analysed in this paper. Even allowing for the fact that wind-
run is a variable related directly to kinetic energy in the lower atmosphere, to pollution potential effects,
and to other climatological processes, it still has not been used very much for climate studies. The wind-run
time series is noisy and thus it is suitable for checking some methods for reconstructing historical time
series.

Data used in this paper were those from the Meteorological (M) and Astronomical (A) Observatories,
both within the Parque del Retiro in Madrid (Spain); they are about 500 m apart only, constituting the
largest data sets in the Madrid area, ranging from 1901 until 1992 and from 1867 until 1919, respectively.
Figure 1 shows an overlapping period (1901-1919). By using the data sets herein, the methodological
approach developed is used for reconstructing and extending back to 1867.

2. THE RECONSTRUCTION METHOD

2.1 Filling data

Usually, data sets from observatories show a number of data gaps, not only for hourly or daily data
series but also for monthly or yearly data series. Here, we have focused our attention on only monthly time
series. Sometimes, gaps encompass randomly ‘spaced’ (isolated) missing data. At other times, gaps occur in
single blocks. In this paper, gaps were classed into two categories: class a, for gaps consisting of monthly
data missing for an entire year, and class b, for isolated missing monthly data.

The filling procedure requires an initial annual mean estimate, from which a decomposition of this
estimated mean is ‘projected’ into its respective monthly values. Indeed, the estimate of annual means
depends on whether missing data are grouped together forming relatively large data segments (class a) or
whether they are isolated (class b). For the former, by using the annual mean series and by applying a
harmonic analysis it becomes possible to extrapolate one time-step. For the latter, seasonal scores were
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Figure 1. Composite raw time series of monthly mean of daily wind-run from the Meteorological (M) (1901-1992) and Astronomical
(A) (1867-1919) Observatories
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computed. Once the annual mean was obtained then it became feasible to fill monthly data through the
seasonal score.

2.1.1. Estimating annual mean—class a. In analysing time series, we note first that the total variation or
oscillation of a meteorological variable with time can be described as the sum of a number of oscillations.
Therefore, the interpolating procedure of missing data may be well thought of as a smoothing procedure
based on grouping the original data sequence just before and just after the missing time (BMT and AMT
respectively) and on searching a Fourier description of the sequences, which will recover the missing value
from each group.

Let us suppose that the BMT and AMT data groups are composed by all years around the missing datum
(a particular year). We may describe the smoothed annual pattern of any climatological quantity for the
two data segments by its finite sine—cosine Fourier expansions

= 2mi 27
X=X+ (Aicos—t + B; sin—t)
2| Aeosy N

where X, is the z-year annual mean estimate, X is the mean of the series, 4; and B; are the Fourier
coefficients, N is the number of data points, i the order of the harmonic and m the truncation point. In
practice, we retained only the first i harmonics, such that the variance explained by these i was > 80 per cent
and the variance explained by i — 1 was < 80 per cent. A more detailed treatment of harmonic analysis may
be found in Panofsky and Brier (1968) or in Barry and Perry (1973). When this procedure is applied, a
backward estimate is obtained for the AMT sequence and a forward one for the BMT sequence. The
estimates obtained were then averaged to yield a unique estimation for the missing data point.

This method was also extended for estimating annual means corresponding to grouped missing data
consisting of a few years. For both original BMT and AMT data sequences a forward and backward
estimate, respectively, was obtained by enlarging the time domain for 1 year by applying harmonic analysis.
This procedure is repeated until the missing period is entirely filled. The estimates for the central-point
datum for those missing periods comprising an odd number of years were computed in the way described in
the previous paragraph.

2.1.2. Estimating annual mean—Class b. Where only isolated monthly data within a year are found to be
missing the method to be applied is substantially different. In this case, the aim of the procedure is to
estimate the annual mean value through a weighted average by taking into account the monthly data
available for the ‘k-problem’ year. Each monthly weight was obtained according to the following steps: (i) a
10-year subset (5 years BMT and 5 years AMT) was taken out; (ii) the 10-year monthly means y, and the
10-year annual mean X; were computed; (iii) the monthly weights a; were computed according to the
equation ag = yx/Xy; (iv) for the k-problem year, the annual mean X; is computed involving the available
monthly data through the expression

12—m

x= 3 (%)/a2=m

i=1

where yy is the i-monthly datum for the year k, aj is the weight for the i-month, computed for the 10 years
surrounding the k-year, and m is the number of missing monthly data for the k-year. The monthly weights
account for the ‘contribution’ of present data into the year to the annual mean. As stated before, only two
5-year monthly data subsets were picked out from the raw data set so as to apply the method. This allows
the capture of more recent information at both sides of the unknown data point. The length of the grouping
is chosen subjectively in attempting to make the method adaptive.
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2.1.3. Estimating missing monthly data. We are now curious about how to project the estimated annual
mean X; into each of missing month y;. By doing so, the monthly weights a; were again used to fill the gaps
v according to the expression.

Yie = Xiai

The BMT and AMT time segments were selected to compute the monthly weights via the above method.
This method allows us to have a complete series without any gaps.

2.2. Lengthening data

Let us now suppose that we have two complete series of the same variable without gaps recorded at two
very nearby observatories embedding different periods but with some overlap. We could attempt to extend
one of the climatic data series from the other one. By doing so, we could reconstruct a new historical time
series that includes both periods. It would have the advantage of being considered as a larger reference time
series for the particular area.

To do this, we first found the interrelationships between series over the common periods in order to
obtain some measure of the extent to which common data are related to each other. Essentially, a
lengthening data procedure can be thought of as a particular case of checking on the homogeneity of the
time series and subsequent suitable correction because different data sources have been used. In general,
when standard deviations of two data sets could be considered the same, the method of differences is
preferred and when their variation coefficients are statistically equal then the ratio method is recommended
to be used. A simple regression model

i =Po + Brxi + & )

where y, is the dependent variable, x; the independent variable, and &; the error term, accounts for the more
general case when none of these two hypotheses can be accepted.

One of the standard assumptions in the regression model is that the error terms ¢; and &; associated with
the ith and jth observations are uncorrelated. Too often, however, the regression residuals are
autocorrelated and the simple linear regression is not strictly valid. Also, if the samples show
autocorrelation, serious mistakes can be introduced in the regression model. If it does, the sample cross-
correlation function at lag k (k # 0) is overestimated, and the standard deviation of the cross-correlation at
lag 0 as well as the standard deviation of the slope of the regression model are poorly estimated (Katz,
1988). Autocorrelation may occur for several reasons, e.g. observations sampled from adjacent points tend
to have residuals that are correlated because they are affected by similar external conditions (Chatterjee and
Price, 1977). Correlation in the error terms suggests that there is additional explanatory information in the
data that has not been exploited in the current model, which is the result of an independent variable having
been omitted from the right-hand side of the regression equation. The presence of autocorrelation causes
several negative effects when samples are used for climatic analysis (Johnston, 1967; Chatterjee and Price,
1977; Canavés, 1990), and therefore it becomes convenient to determine for each particular case study
whether the common least-square techniques are reliable or alternative methods have to be used instead.
The Durbin-Watson statistic provides a good reference to find out if residuals are autocorrelated. The test
is based on the assumption that the errors constitute a first-order autoregressive (AR) series, namely

L=pxéto,|pl<l] 2

where w, is a white noise process. In most situations, the error £, may have a much more complex
correlation structure. The first-order dependency structure given in equation (2) is taken as a simple
approximation to the actual error structure. The statistic d is defined as

. ZLz(et = et»l)Z
e Yrie) -
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where the residuals e, = y, — (I§o + le,), ﬁo, /§1 being the least-square estimates of S, B;. The statistic d is
used for testing the null hypothesis Hy (p = 0) against an alternative H; (p > 0). Note that when p = 0 in
equation (2), the s are uncorrelated. We may estimate the parameter p by p, where

b= Z;(et—l X &)
doe
Durbin and Watson (1950, 1951) proposed a test of serial independence of the disturbances in the
regression model (1) based on the distribution of the d statistic defined by equation (3). They showed that
the distribution of d depends on the independent variable. However, they found a pair of bounding random
x-independent variables d; and dy and tabulated their lower tail significance points. Tables for these values
also can be found in many other test books (Chatterjee and Price, 1977; Canavés, 1990). Since their 1950
and 1951 papers were published, a number of alternative exact and approximate tests have been proposed,
none of which showed skilled local invariance statistical properties, as was later demonstrated by Durbin
and Watson (1971). The original test against positive serial correlation suggested that the hypothesis of
independence Hy (p =0) should be rejected if d is less than the tabulated value of d and accepted if d is
greater than the tabulated value of d. In the intermediate case, Durbin and Watson (1971) showed that the
test is inconclusive, one could use the data and calculate the exact significance point numerically through an
approximate procedure, which they called the bounds test, based on fitting a beta distribution.
Alternatively, the inconclusive area can be treated as part of the rejection region considering the null
hypothesis rejected (p # 0), which obviously simplifies the procedure. In this way, we can resolve if
proceeding with a type (1) regression model is appropriate or if an alternative method should be used that
takes account of the autocorrelation of residuals. If the null hypothesis should be rejected, a first-order AR
structure should be accepted. If we insert equation (2) in (1) we have

=B +B xxtpx&_+o
If we now write equation (1) lagged one-time step, namely
Vo1 = Bo + By X X1 + &4
and by inserting this equation in the previous one we find
Ye—= P X yio1 = Po(1 = p) + P11 — p X xe-1) + 0, ®)

Defining two variables x;, yy

4)

Vi =Yt—P XY ©6)
x; =Xt — P X X1
equation (5) becomes
Yo =PBo+ B, x %+ o M

where the error terms are now not correlated, thereby gaining better estimates of the coefficients. From
equations (5) and (7)

Bo — Bo/(1 = p) ®)
B = ﬂll

Bo By, By, By, p parameters are population parameters. We conclude, therefore, that the procedure to
estimate them operates as follows.

(i) Compute the ordinary least-square estimates of f, B, using equation (1), obtaining 30, fil.

(ii) Calculate the residuals e; = y; — (B + Bx;) and from the residuals calculate p using equation (4). afreas

(iii) With the variables defined in equation (6), fit equation (7) to obtain estimates of f;, f; denoted by By, B},
respectively.
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(iv) According to equation (8), improved estimates (ﬁo, B’l ), of the original parameters in equation (1) are given by
Bo» B\/(1 — ) By, B, in terms of B, B, from stage (iii).

The usual statistical approach concentrates on obtaining new reliable estimates (Bo, Bl) for the original
(By, B1) from the two least-square estimates (B4 By), which can be used in equation (1) to produce a valid
regression model (y, = By + By x x;). Residuals from this last model would probably still show
autocorrelation, nevertheless, the new estimated coefficients, (8,, 1), are reliable because they have been
estimated from the white noise disturbances (Canavés, 1990). Now, if we are interested in using the model
for prediction purposes, as in our case, we can deal with equation (5) to produce a regression model in terms
of the residuals autocorrelation.

Po=p Xy + By + By x (v — p x x-1) ©)

Here, this equation provides extrapolated values of the variable y from the variable x value at the present
time ¢ and lagged time ¢ — 1 and from the y itself lagged one-time unit. However, as it was pointed out
earlier, the first-order AR structure, given in equation (2), is taken as a simple approximation to the actual
error structure, which can be much more complex. If, in particular, significant multiple autocorrelation
coefficients are present we have found that better results are obtained by making a generalized s-order
process assumption:

s 5
Ji= Y pix i+ By + Bl x <x, e S ) o
i=1 i=1

In such a case, the procedure to obtain the parameters is similar to that described previously for a first-
order AR process. However, there are two aspects to discuss at this stage: one is the fact that the d test is no
longer valid for lags different than one and the second point is that the coefficients for an s-order process
would not be now the autocorrelation ones, but rather the autoregressive parameters that are related to
them through the Yule-Walker equations (Box and Jenkins, 1976). The first point is easily circumvented by
considering a different autocorrelation test to assess the significance of autocorrelation for lags different
from the first one. To do this, we have plotted the autocorrelation coefficients and twice the standard error
at lag k after Box and Jenkins (1976).

Regression model estimates usually show lower than that for real data variance. If we want to optimize,
the regression estimates it may be advantageous to introduce a correction factor. We may assess this factor
taking into account the following two hypotheses: the difference of station means as well as the ratio
between station deviations remain constant throughout the period under study. These assumptions are
consistent with the methods that have often been carried out to lengthen out a series based on homogeneity
criteria. They do consider the source of variability for samples to be the same. This means that any possible
forcing that causes climatic variation will affect both station data sets in a similar way, even if each series
undergoes non-stationary changes.

3. A CASE STUDY

In order to apply the methods above described for filling and extending climatic data series we have chosen
two monthly mean series of daily wind-run (wind speed multiplied by duration in km day™!) recorded by
two Robinson’s cup anemometers in two very close observatories in Madrid city (Spain). Raw data from
the Meteorological (M) and Astronomical (A) Observatory stations were supplied by the Spanish National
Institute of Meteorology (INM) and the Spanish National Geographic Institute (IGN), respectively. The
two stations are within the Parque del Retiro and they are only about 500 m apart. Both are the largest data
sets in the Madrid area but they cover different time periods, ranging from 1901 to 1992 for the M station
and from 1867 to 1919 for the A station. In Table I(a), means and variances for different time periods are
displayed, from which it is apparent that an overlapping period (1901-1919) occurs. It might well be
feasible to construct a continuous data set extending back to 1867. In order to apply the methodology
developed in section 2 and to minimize the effects of predictable seasonal variations of the variables, raw






