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Discussion

Exponentially weighted methods for forecasting intraday time
series with multiple seasonal cycles: Comments

Haipeng Shen

Department of Statistics and Operations Research, University of North Carolina at Chapel Hill, United States

First, Professor Taylor ought to be congratulated on
another nice piece of work about exponential smooth-
ing for intraday time series with multiple seasonal cy-
cles. The methods discussed can be roughly grouped
into two categories, depending on how one views the
time series to be forecasted. Below I would like to
briefly discuss the two perspectives, as well as some
connection with functional data analysis and func-
tional time series forecasting.

Similar time series exist in multiple applications,
including electricity demand and hospital emergency
room patient arrivals, beside the call center volumes
analyzed in the paper. A distinguishing feature of this
type of data that needs to be incorporated by a suc-
cessful forecaster is the multi-seasonality. For exam-
ple, the call center arrival volume data contain both
an intraday cycle and an intraweek cycle. A common
way of analyzing such data is to view the data as a
“long” univariate time series with double seasonality.
This is the approach taken by the first four exponen-
tially weighted methods of Taylor (2010), as well as
the methods of Taylor (2008).

Alternatively, one could view the basic cycle (i.e.
each day) as the basic data unit, and split the univari-
ate time series into daily segments. The sequence of
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the resulting segments then forms a “fat” multivari-
ate (or vector) time series. This formulation naturally
separates the intraday cycle from the intraweek (or
other longer) cycle, and allows one to model the in-
traday dependence and the interday (time series) de-
pendence separately. This viewpoint connects nicely
with the relatively new area of functional data analy-
sis, which treats functions or curves as the basic data
units and aims to understand the characteristics of pop-
ulations of curves. (Ramsay & Silverman, 2005, offer
a comprehensive survey of the related methodologies
and applications.)

As a visual illustration, Figs. 1 and 2 offer this mul-
tivariate (or functional) view of the data depicted in
Figures 1 and 2 of Taylor (2010). In these figures, each
curve plots the arrival volumes of the 48 half-hour in-
tervals for one day, and different colors and line types
are used to indicate the seven days of the week. Several
insightful observations can already be drawn from this
graphical view: (1) the intraday arrival patterns tend to
be similar for the same weekday; (2) the patterns vary
for different weekdays, and can be roughly grouped
into four clusters: Monday, Tuesday—Friday, Saturday,
and Sunday. Incidentally, these are the four clusters
identified by Taylor (2010). (One can also treat Fri-
days as a fifth cluster. A formal statistical test for the
significance of the clusters can be carried out using the
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Fig. 1. Half-hourly arrivals at NHS Direct from Saturday 6 January
2007 to Friday 19 January 2007: Multivariate view of the data
plotted in Figure 1 of Taylor (2010).
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Fig. 2. Half-hourly arrivals at NHS Direct for a 35-week period in
2007: Multivariate view of the data plotted in Figure 2 of Taylor
(2010).

idea of random permutation and random relabeling of
the weekdays.)

However, it is technically challenging to forecast
the multivariate time series directly, because its di-
mensionality can be large in practice (for example,
48 in the current example). Hence, principal compo-
nent analysis (PCA) or singular value decomposition
(SVD) is usually used for dimension reduction. Ex-

isting work such as that of Shen and Huang (2008)
and Taylor (2010) performs dimension reduction and
forecasting separately in two steps. First, the raw mul-
tivariate time series is approximated as a linear com-
bination of a few basis vectors (obtained using PCA
or SVD); then time series models are built on the ba-
sis coefficients for the purpose of forecasting. One
interesting direction for future work would be to si-
multaneously achieve dimension reduction and param-
eter estimation of the time series models. Work which
is currently in progress has shown that the unified ap-
proach can give more accurate estimates of the param-
eters of the time series models.

Sometimes the vectors plotted in Figs. 1 and 2 are
viewed as discretizations of some underlying curves
(which are usually assumed to satisfy some smooth-
ness conditions). One problem of interest is then to
forecast a time series of (smooth) curves, or a func-
tional time series. In this context, the dimensionality
would be infinite as we are dealing with functions.
One workhorse for dimension reduction in this case
is functional principal component analysis, instead
of standard PCA. FDA has traditionally focused on
populations of independent curves, while functional
time series involve dependent curves. Recently some
progress has been made in forecasting functional time
series. See, for example, Aneiros-Pérez and Vieu
(2008), Goia, May, and Fusai (2010), Hyndman and
Ullah (2007), Hyndman and Shang (2009) (with dis-
cussion), Mestekemper, Windmann, and Kauermann
(2010), Shang and Hyndman (in press) and Shen
(2009). However, more research is still needed in the
modeling and forecasting of time series of curves.
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