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ABSTRACT 

There are substantial seasonal variations in traf
fic in some parts of the French telephone network. 
This paper deals with a short-term traffic fore
casting procedure based on time series analysis 
for use in integrating these seasonal variations 
in the planning process. Two forecasting methods 
are investigated exponential smoothing 
(Holt-Winters method) and the more sophisticated 
Box-Jenkins method -, and applied to data on the 
French Riviera subnetwork. The quality of model
ling is shown to be better with the B-J method 
than wi th the H-W one. An approach is presented 
for partly automating the B-J method, making the 
forecasting procedure easier to implement. 

1 INTRODUCTION 

This paper deals with a new short-term traffic 
flow forecasting method based on time series ana
lysis, designed for use in improving grades of 
service and decreasing telecommunication network 
costs. 

In the French long distance telephone network, di
mensionning and traffic routing patterns are 
determined each year from a Yearly Representative 
Value (YRV) of the offered load to each trunk 
group. This YRV is derived as follows from measu
rements of carried traffic on trunks : each month, 
carried traffic is measured on trunks during five 
days at the busy hour; the second highest value 
among the five is taken as the Monthly Represen
tative Value (MRV); the YRV is defined as the se
cond highest value among the twelve MRVs. 

With this method, currently in use in the French 
network, two main problems arise : 

(1) Engineering assumes that the YRVs for all 
trunk groups are coincident within each year. 
In fact, studies on trunk traffic measurements 
show that there are substantial seasonal varia
tions, especially in holiday areas like the French 
Riviera. For instance, Figure 1 shows that the 
total traffic load in the French Riviera 
sub-network computed from one YRV is 20 % higher 
than the traffic load computed from MRVs. 
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FIG. 1 : Traffic load in the French Riviera 
subnetwork for all trunks 

Figure 2 shows, for each month, the number of 
trunk groups for which the YRV is reached during 
this month, again in the French Riviera 
subnetwork. Except the peak in July, due to the 
influx of tourists, the breakdown throughout the 
year is very regular. 
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FIG. 2: Number of trunk groups where the MRV is 
also the YRV 
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(2) For each trunk group, the highest of the 
twelve MRVs in a year is not taken into account. 
During this month, the quality of service can 
therefore be inadequate, especially if the traffic 
is much higher than in other months. 

At present, the traffic routing pattern in the 
French network is fixed once a year and is hierar
chical. However, the fas t deployment of digital 
and SPC switching systems is making possible more 
dynamic traffic routing. Routing patterns could be 
changed during a year, according to forecast 
seasonal variations. Traffic routes could be 
chosen to take advantage of non-simultaneous traf
fic flows. But short-term traffic forecasts (a few 
months ahead), the subject of this paper, are 
needed to plan such modifications to traffic 
routes. 

2. PRELIMINARY DATA PROCESSING 

2.1. Available data. The traffic measurement and 
managementproced~res described above were imple
mented several years ago in the entire French 
network. Since the available data are the MRVs of 
carried traffic per trunk group, forecasts may be 
made on a monthly basis. In fact, we need traffic 
forecasts not only for the busy season, but for 
all seasons, in order to take advantage of 
non-coincident busy seasons within the network. 
To test the applicability and performances of seve
ral forecasting methods, it w~s necessary to select 
a subnetwork with the following characteristics 
- large seasonal variations in traffic during the 
year, 
- at least five-year data available. 
The French Riviera subnetwork was chosen, since it 
has both these features. Data have been collected 
and stored in a data base. More than sixty MRVs for 
all long-distance trunk groups are already 
available. 

2.2. ~a!a_p~o~e~s!n~. The French network is cons
tantly evolving. This evolution mainly concerns the 
introduction of new and improved technologies, and 
very fast growth in the number of subscribers. As 
the network evolves, new trunk groups come into 
service, connecting new switching centers in a more 
economical network configuration, and carrying 
traffic previously handled by other groups. The 
related network administration (exchange and trunk 
group creation or extension) and traffic adminis
tration (traffic rerouting) disturb the time series 
of carried traffic MRVs on trunk groups. In 
addition, due to the alternative traffic routing 
policy implemented in the French network the 
traffic measurements on two trunk groups (first and 
second choice for a given traffic flow) can be 
correlated. The available data must therefore be 
processed to eliminate such factors. 

End-to-end traffic flows could have been estimated 
from the routing traffic matrix and the traffic 
offered to trunk groups (computed from carried 
traffic by reversing Erlang's formula). This first 
computation would have disconnected the time series 
from trunk group administration. But it would not 
have eliminated the disturbance due to creation of 
new exchanges nor the high statistical error in 
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estimates of small traffic flows. 

We therefore took instead aggregate traffic flows, 
in order to have meaningful data, as follows : 

in the French network administration 
structure, switching centers are grouped in zones 
which are coherent from the point of view of human 
activities. For instance, all the switching centers 
of a city are grouped in the same zone. We consi
dered the time series of incoming and outgoing 
traffic for each zone in the studied subnetwork, 

- the rest of the French network was modelled as 
several nodes. We considered the aggregate traffic 
flows outgoing from the entire studied subnetwork 
to each of these outside nodes. 
This topological aggregation of data decreased the 
number of time series to be studied. 

Tariff arrangements can also disturb the time 
series (charging is at normal rate in the daytime 
and half-rate in the evening). However, grade of 
service requirements are bt'nding oriiy during normal 
charging. Since busy hour traffic measurements for 
long-distance trunk groups have always taken place 
during daytime, our data may be considered to be 
disconnected from the charging rate. 

In the French Riviera subnetwork, there are about 
fifty switching centers, grouped in twelve coherent 
zones (sometimes including a big city such as Nice 
or Cannes, or a tourist area such as 
Sainte-Maxime). 

The rest of the French network has-been modelled as 
21 nodes which, in the network administration 
structure, more or less represent transit zones. 

In all, 45 time series were therefore created for 
analysis (2x12+21). 
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3. GENERAL PROCEDURE 
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The traffic flows must be aggregated in order to 
apply forecasting procedures to data that are 
significant and coherent from a statistical point 
of view. In this section, we give some indications 
on the computation of an actual point-to-point 
traffic matrix estimation from the aggregate traf
fic flow forecasts for month K of year N. In its 
principles, the procedure, shown in Figure 4 and 
outlined below, is already used in France for 
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medium and long-term traffic forecasts. 

Two cases have to be considered : 

a) Traffic flows from each exchange of the stu
died subnetwork to the rest of the French network. 
Each traffic flow may be computed taking into 
account : 

- the distribution of the same traffic flow es
timate at month K for year . N-1, 

- deterministic events in the subnetwork, such 
as a significant change in the relative proportions 
of different types of subscriber connected to the 
exchanges or the creation of a new exchange. 

b) Incoming and outgoing traffic for each ex
change, computed by apportionment of the incoming 
and outgoing traffic of each zone, using the same 
procedure as above. Traffic flow estimates are then 
calculated with the well-known Kruithof method [S]. 

TRAFFIC DATA! 

t 
. TIME SERIES 

~ 
FORECAST TRAFFIC MATRIX DETERMINISTIC 
YEAR N YEAR N-1. EVENTS 
MONTH K MONTH K 

I I .. 
TRAFFIC MATRIX 
YEAR N 
MONTH K 

FIG. 4 : General procedure-flowchart 

4. CHOICE OF FORECASTING METHODS 

This section is concerned with methods for analy-
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most important constraint on forecasting is to cope 
with season-to-season variations. 

4.1. Graphical analysis. It is usual to begin time 
series anaiysls- by -plotting the data and looking 
for the main qualitative features. In the case of 
the French Riviera subnetwork, we can separate the 
series into three classes : 

a) A first class composed of time series like 
"Sainte-Maxime outgoing traffic" (Figure 5-a): 
there is a very slight increasing trend, with a 
large seasonal component and a high random compo
nent. 

b) A second class composed of time series like 
"Nice outgoing traffic" (Figure 5-b) : there is a 
clear increasing trend and a seasonal component, 
but the random component seems rather low. 

c) A third class composed of time series like 
"Menton outgoing traffic" (Figure 5-c) : there is a 
sharp increasing trend, a small seasonal component, 
and a medium random component. 
For most series, there is no evident change in 
structure, and the trend appears to be linear. 

Taking into account the above elements, we decided 
to try two forecasting methods : a generalization 
of simple exponential smoothing that copes with 
trend and seasonal variation, namely the 
Holt-Winters (H-W) method, and the Box-Jenkins 

Erlangs 

sing the time series described in § 2 and predicting 14 

the corresponding variables. 

The time series comprise aggregate data and it is 
possible to model growth trend and seasonality. If 
traffic matrices are to be constituted from the 
predictions of these aggregate variables, the fore
casts must be as accurate as possible, even if this 
implies expensive and sophisticated methods. In 
fact, one of the purposes of our study is to 
evaluate the benefits of using a sharp model for 
predicting the evolution of traffic data. 

Many techniques are available for time series fore
casting. As it is very difficult to select a lea
ding variable, we have restricted study to the 
class of univariate methods : forecasts have been 
attempted only on the basis of past values, with 
the assumption that the past structure will reoc
cur. 
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FIG. Sa SAINTE-MAXIME outgoing traffic 
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Before examining the available techniques, it 
should be recalled that about sixty monthly obser
vations are available for each time series and 
that, in the case of an obvious seasonal component, 
very accurate modelling is necessary, because the 
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FIG. 5b NICE outgoing traffic 
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(B-J) method. The purpose was not to make a theo
rical comparison, as in r4J and La1 , but simply to 
compare the results of tRe two met~ods when applied 
to our specific data. In using them, we tried to 
take into account the general recommendations in[~. 

4.2. The H-W method. A technical description of 
this method Is -given in [4J, [6J, [l~ and Appen
dix I. From a practical point of view, the method 
is quite easy to use. It needs only two or three 
years of observation, allowing the oldest data to 
be discarded when, for example, they precede a 
change in structure. After initialization, the 
various components are updated for each new obser
vation by exponential smoothing with three smoo
thing constants Cl for the seasonal factors, S for 
the local mean, and Y for the trend. In spite of the 
several choices left to the user, this is an auto~ 
matic procedure. Forecasts can be produced for 
several steps ahead, but for no more than six 
months ahead. 

4.3. The B-J method. This method corresponds in 
fact -to a-very - ~neral class of models, as 
described in L 2J, l7J and Appendix lI. The user is 
required to exercice judgement in identifying the 
most appropriate model for a particular time 
series. The following characteristics may be noted: 
The B-J method needs more time and more expertise 
than the H-W one ; it needs a long series of data 
(at least five years for a seasonal series) ; but 
it permits high-quality forecasts as far ahead as 
twelve months. 

4.4. ,!.h!. ~v~i!aE.l!. ~o~p~t!.r _p!.o~r~m.!. A package of 
programs for analysing time series is available in
side the French Telecommunication Administration 

[1, 3J. 

The package includes the H-W method it is 
possible to accomodate either linear growth or ex
ponential growth, and to choose either an additive 
seasonal model or a multiplicative one. For the 
parameters Cl , S and Y, the programm tries several 
values and retains the best set of values according 
to the average absolute error between the raw 
series and the fitted series. The starting values 
for the mean, trend and seasonal terms are calculed 
from the first two years of monthly observations. 
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All programs necessary for the B-J method are also 
included, such as ones for identification, estima
tion, checking, and forecasting. 

Data management and production of statistics are 
also performed by the package. 

5. TIME SERIES ANALYSIS 

Of the forty five time series available, thirteen 
were put aside because either incomplete or broken. 
For analysing these thirteen time series, classical 
methods might be used. What follows concerns only 
the thirty two other time series, with analysis by 
the H-W method B-J modelling. 

5.1. Ap~lication of the H-W method. The aim of this 
study-iS to-emphaslze-the-seasonal aspects of traf
fic data and we therefore decided to always model a 
seasonal component, even when such a component was 
not obvious. 

The H-W procedure was applied to all the time 
series, with a linear trend and successively with a 
multiplicative seasonal component and an additive 
one. Based on the criterion of minimum average ab
solute deviation, the additive model proved better 
for most series; accuracy was generally quite good, 
the average relative model error ranging from 2 % 
to a.s %, and mostly about 4 %. However, results 
were not so good for those series which have a 
large seasonal component, especially series of type 
(a), for which the highest seasonal peaks are not 
well modelled (see Figure 6). 

We also calculated the autocorrelations and partial 
autocorrelations of the residuals of the outgoing 
traffic from Sainte-Maxime. It appears that, due to 
significant coefficients at lags 1 and 2, an 
auto-regressive model might explain part of the 
residuals and would im~rove the H-W model, an idea 
already suggested in L4]. However we prefered to 
apply the B-J approach to the raw series. 

5.2. Ap~lica tion of the B-J procedure. For each 
time series~ -we applied the en'tfre- methodology 
recommended by Box and Jenkins. Notation is defined 
in Appendix lI. 

5.2.1 Model identification In most cases, the 
graph Of~iSpersion-(standard deviation versus mean 
value) showed the logarithm transformation to be 
quite suitable. Since other transformations had no 
significant effects on the accuracy of modelling, 
and for easier comparison of models, we retained 
this transformation for all series. 

To deal with the non-stationarity of the series, we 
had to difference them. Differencing checking was 
performed with the autocorrelation function (ad) 
and the partial autocorrelation function (pacf). We 
found that seasonal differencing was always 
necessary and that first differencing was very 
often necessary. For series of type (a), seasonal 
differencing alone may be adequate to deal with 
their slight trend. In the case of Sainte-Maxime, 
after seasonal differencing, the outgoing traffic 
series looks like "white noise". 

In general, the acf and pacf of the differenced 
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series suggested identification of the following 
model forms : 

- for series of type (b), a moving-average (MA) 
model of first order : 

12 
(l-B) (l-B 12 )Log X t = (1-9B)(1-9 12 B ) a e 

- for series of types (a) and (c), first-order 
models including MA, autoregressive (AR), and mixed 
(ARMA) models, with or without seasonal coeffi
cients. 

1971 1978 1919 1980 19BI 1982 

FIG. 6 SAINTE-MAXIME H-W fitting (dotted line) 
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FIG. 7 SAINTE MAXIME B-J fitting (dotted line) 

5.2.2. ~o~e.!. ~s!i~a!i~n_a.!!.d_ c.!!.e.£k.!.Ilji 
According to the recommEmdations of Box and 
Jenkins, at least sixty six observations are needed 
to fit with confidence a seasonal model. We had 
almost the necessary number of observations, so we 
made estimations as follows. Series (b) were fitted 
very easily. For instance, to fit the outgoing 
traffic from Nice we found the following model 
(with estimated standard errors of the coefficients 
in brackets underneath) : 

(l-B)(1-B 12)Log Xt = (1-0. 71B)(1-0. 79B 12 )a 
(0.10) (0.06) t 
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The coefficients are significant here since they 
are more than twice their standard deviation and 
are not correlated. There is no significant lag in 
the acf and pacf of the residuals and, after plot
ting the residuals, it appears that only one point 
is outside the confidence limits. In these 
conditions, the model is quite acceptable. Most 
series of type (b) were successfully fitted with a 
model of the above type, which was the only 
acceptable one. 

For each series of type (a) or (c), we very often 
found several acceptable models. For a given 
series, the first criterion of choice between 
several models was the "principle of parsimony". 
This explains why we did not retain any 
second-order model. To make the choice, we also 
looked at the standard deviation of the residuals 
of the differenced series (when differencing was 
the same for all the models) and at the modelling : 
of seasonal components. For instance,for the out_ 
going traffic from Menton we selected the AR model: 

(1-0.46 B)(1-0.69 B 12)(1_B) (l-B 12)Log Xt .. 
(0.13) (0.10) 

a " 
t 

To conclude, it should be emphasized that more than 
half the studied series were successfully fitted by 
a model of the same form as the one for Nice 
outgoing traffic. 

5.3. .f.0~p~r~t.!.v~ .E..e!.f~~a~c~s __ o!. the fitted 
models. In this section we consider the average 
relative error between the raw series and the 
fitted series (model error). 

In general, results for incoming and outgoing 
traffic of a given zone are rather similar with 
both studied procedures. In table I, we give the 
calculated model error for a few representative 
series when fitted using each of the methods (only 
outgoing traffic considered). 

I 
SERIES 'TYPE MODEL ERROR (%) , H-W B-J , 

Ste MAXIME , a 8.5 4.6 
NICE , b 2.2 1.7 
towards PARIS , b 4.4 4.3 
towards AMIENS , b 8.0 7.8 
MENTON , c 4.9 4.0 
DRAGUIGNAN , c 2.7 2.6 

I 

TABLE I : Comparative model errors 

For a series of type (a),such as the outgoing traf
fic from Sainte-Maxime, the B-J model is witpoft 
doubt better, confirming the conclusions of L4J, 
i.e when a series looks like a random walk, the B-J 
procedure is the most adequate. For series of type 

(b) ,the accuracy of both procedures is nearly the 
same, but the B-J procedure is always better. For 
most series of type (c) ,the B-J method is the better 
one. However, with another acceptable B-J model, 
the model error might have been worst than the 
model error with the H-W procedure. 
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It appears that the more aggregated the traffic 
flows, the lower the model error. This important 
fact does not depend on the modelling procedure 
(H-W ore B-J). It explains why, with both proce
dures, modelling for the incoming or outgoing 
traffic of, a big city like NICE (about 1000 
erlangs) gave a model error of about 2 %, whereas 
the small traffic flow from NICE to AMIENS (about 
15 Erlangs) was modelled with an error of about 8 %. 

A monthly, weighted, average error was calculated 
for all the time series concerning 1981 traffic 
values. This indicator is represented on the graph 
of Figure 8, which shows that the B-J procedure is 
about 20 % better than the H-W one. 
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Another criterion was the modelling of seasonal 
variations. For several series the average error 
was nearly the same with both methods, whereas the 
maximum error (worst modelled observation in a time 
series) was up to 40 % higher with the H-W proce
dure. Figures 6 and 7 show the outgoing traffic 
from Sainte-Maxime fitted with both procedures, as 
an example. The H-W procedure shows a greater 
tendancy to smooth the peaks. 

5.4. Implementation of the chosen procedure after 
fitting -a -forecasti~g ~OdeI,- forecasts-may-be pro
duced for several months ahead. From these fore
casts, seasonal traffic matrices may be constituted 
(see § 3) and used in planning for the following 
season, for instance from spring to the next sum
mer, leaving enough time for rerouting, redimen
sionning of trunk groups (if possible), etc. 

Since new data are available each month, an automa
tic procedure could check the difference between 
the actual and the forecast values. If the diffe
rence were too high over two successive months, 
thus would be signalled by an appropriate indi
ca tor. New forecas ts could then be made, either 
with the same model parameters and the most recent 
observation ore if the indicator proves it to be 
necessary) with a new model for which parameters 
would be re-estimated. 

6. CONCLUSION 

An attempt has been made to apply sophisticated 
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modelling techniques to forecast seasonal varia
tions of traffic during a year, but with study 
limited to long, breakless time series. After 
having applied these techniques to the French 
Riviera subnetwork, the following conclusions can 
be made 

Two methods were compared, one known as an auto
matic one, the H-W procedure, and other as a 
non-automatic one, the B-J approach. Our compara
ti ve modelling shows that, if carefully fi t ted, a 
B-J model is, in general, more accurate than a H-W 
model and should be preferred. 

In fact, in testing some model parameters, we used 
the H-W procedure in a non-automatic way. On the 
other hand, as traffic data have several common 
properties, just three types of series could be 
defined, allowing use of the B-J approach in a 
semi - automatic way, the identification stage may 
often be considerably shortened, because the common 
features of the plotted series always lead to the 
same model form. In particular, it has been shown 
that, to fit all the series of one type, only one 
model form is suitable - a first-order MA model
and that this model is also acceptable for most 
series of other types. However, the checking stage 
must always be retained. 

Implementation of the method, along with 
"multiseason" engineering, would itself enhance the 
efficiency of network planning and design. In the 
French Riviera subnetwork, for instance, data ana
lysis shows that, for Nice, traffic is high in 
winter and lower in summer. The situation is 
exactly the opposite in the neighbouring tourist 
areas. By mixing both types of traffic in a common 
transit switching centre, it would be possible to 
take advantage of non-simultaneous seasonal peaks, 
with network cost savings. Another reason for 
aggregating traffic flows is that, before 
setting-up seasonal traffic matrices, accurate 
modelling of traffic data is possible, but only on 
aggregate observations. 
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APPENDIX 1 

THE HOLT-WINTERS METHOD 

This method assumes that the observation at time 
t, Xt ' is given by : 
xt"" (local mean) @ (seasonal factor) + error 

• The symbol .~. is either "+" or "x" (1.e. an 
additive or multiplicative model). 

For the local mean, the model assumes an 
additive trend term (or a multiplicative trend term 
if using the logarithms of the data) 

• The model also assumes that the additive error 
has a constant variance. 

To describe the procedure, the following nota
tion is used : 

m
t 

= estimate of the deseasonalized mean level 
at time t 

Ft = estimated seasonal factor at time t 
rt = estimated trend term at time t 
s = periodicity of the time series (s '" 12 for 

monthly data). 

When a new observation Xt is taken into account, 
the mean, the seasonal fac tors, and the trend are 
all updated, using three exponential smoothing 
constants : ex , 8, Y • 
In the additive case we have 

mt = ex ( x t - Ft - s ) + (1 - ex ) (m t-l + r t-l 
Ft 28 (Xt- m t ) + (1 - 8 ) F t - s 

(with normalization of these factors in each 
period) 

r t '" Y(mt- mt-l) + (I-Y) rt-l 
To forecast h steps ahead, we take 

x ( t, h) = m t + hr t + F t-s+h 
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APPENDIX 2 

THE BOX - JENKINS PROCEDURE 

Let Xc be a non-seasonal time series. 
Box and Jenkins assume that such series are either 
stationary or can be reduced to stationarity by 
transforming, and differencing some finite number 
of times. Then it is assumed that there exists an 
integer d and a real A such that: 

d A Wt :: (I-B) X t is stationnary, 
where B is a back-shift operator ' on the index of 
the time series, so that 

B j X :: X 
t t-j 

Then Wt is modelled as a mixed autoregressive 
moving average process : 
(l-~l B-. "_~pBP) (Wt - C)=(1-8 I B- ... - 8qBq)at 

where at is the error at time t and 
where C is a constant (necessary if Wt has a 
significant mean). 
This basic Box-Jenkins model for non-seasonal time 
series is denoted as ARIMA (p,d,q). 

For seasonal time series with period s, Box and 
Jenkins propose the model : 

(1_ ~1 B-.•. -?Jp B
P
)( 1- ~15B':>- ... - ~P5 BPS)((1-B)d(1_ BSr X~-C) 

= (1-61 8- ... -eq BQ )(1-8h BS
- ... -eqsBgS)at 

The iterative three-stage cycle of the 
Box-Jenkins methodology to select an adequate model 
is as follows : 

(1) Identification estimation of d, ds, p, ps, 
q, qs, using the autocorrelation and partial 
autocorrelation functions. 

2) Estimation : using the available data, computa
tion of the polynomial coefficients 
by minimizing a mean square error function. 

3) Diagnostic checking : Validation of the chosen 
model. The polynomial coefficients must be statis
tically meaningful. The residual differenced series 
must be white noise. 

• After choosing the model which is more ac
ceptable than any other fitted model, forecasts can 
be made one or several steps ahead. 

Session 1.2 I'IC-10 Paper #4 



ITC 10 

Summary of Questions/Answers 

Date: 10 June 1983 

Session: 1.2 

Paper: 4 

Q.l (R. Pandya) 

Reference is made in your paper to C.R. Szelag's article 
(B.S.T.J., Jan. 1982) wherein a SPA model with seasonal 
components was employed for demand servicing of trunks. 
Has any comparison of Box-Jenkins against SPA been made 
with your data from the French telephone network? 

A.l (A. Passeron, E. Eteve) 

We began our study by reading some papers concerning 
short-term forecasting methods, and more specially 
short-term traffiG forecasting methods. Three methods 
were selected: 

The Holt-Winters Method, the Box Jenkins Procedure and 
the Projection Algorithm published by Mr. Szelag. The 
results we have got until now with our data concern 
only the first two methods. The third one is still 
on study, but I hope that we will soon be able to 
publish a more complete comparison, from both points 
of view: theorical and practical ones. 

But, maybe, this comparison is also being made inside 
tre Bell Laboratories. 

• 

• 


