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ABSTRACT 

Thi s paper deals wi th short-tenn traffi c for.ecas
ting methods in telephone networks. Analysis in 
traffic observations shows that there exist sub
stantial variations within a season. Then traffic 
routing patterns could be updated during the year 
according to seasonal load variations in order to 
take advantage of the non-coincidence of the tra
ffic flows. A preliminary step to implement multi 
season traffic routing is however to determine 
reliable and precise forecasting models. In this 
paper attention is focused on this last item and 
an adaptive forecasting method is proposed using 
Kalman filtering. 

1. INTRODUCTION 

Thi s paper addresses the probl em of short-tenn 
traffic forecasting, which is of major importance 
in improvi ng pl anned and trunk demand servi ci ng 
for telephone networks. 

I n the french long di stance telephone network, 
dimensioning and traffic routing patterns are de
termined once a year from a Yearly Representative 
Value (YRV) of the load offered to each trunk 
group. Thi s YRV is deri ved from measurements of 
carried traffic on trunks. Each month, carried 
traffic is measured on trunk groups during five 
days at the mean busy hour; the second hi ghest 
va 1 ue of the fi ve ones is chosen as the Monthly 
Representative Value (MRV). Finally the YRV is 
defined as the second highest value of the twelve 
t~RVs • 
At present the deployment of SPC networks is ma
king possible the traffic routing to be more dy
namic. This allows to take advantage of the non
coincidence of traffic variations that exist in 
the french telephone network. But the determi na
tion of multi-season traffic routing patterns 
first requires the development of accurate short
term forecasting procedures (one month to one 
year) • 
Severa 1 methods have been proposed to short-term 
traffic forecasting : 

• The Box-Jenkins approach [1J, [2J, is based 
on the autoregress i ve integrated movi ng average 
(ARIIvtA) approach. It consists in modelling the 
traffic load behaviour and in identifying the mo
del parameters. This approach was found to give 
accurate results insofar as the time-series remain 
stable. However it has three major drawbacks : 
* fi rs tal ot of da ta is needed to fit the mode 1 
(around 60 data corresponding to a five-year pe
riod of monthly observations). 

* second though the modelling is of general form, 
i dentifi cati on may 1 ead to different model s ac
cording to the time-series. 
* finally, as the model parameters are tuned only 
for the fitting period, the filter cannot adapt 
to sharp vari ati ons whi ch may affect the traffi c 
load (for example when a new trunk group is crea
ted). Only fitting the model again is appropriate 
but it would require another five-year period of 
observation to get a new good model • 

• The Holt-Winters method [2], [3], is based 
on exponential smoothing. In this approach a 14th 
order model is derived by considering variables 
as the mean deseasona 1 i zed 1 eve 1, the trend fac
tor and ·12 seasonal factors (i n case of monthly 
observations). These 14 state variables are upda
ted at each observation using three smoothing 
constant parameters. They are determined in order 
to minimize the mean square error of the one-step 
ahead prediction. One main interest of the Holt
Winters approach lies in the uniqueness of the 
model. This procedure gives good results and can 
be implemented in a simple automatic way. But it 
suffers the following drawbacks: 
* a great number of observations (about 24 to 30 
data) is needed to tune the three smoothing para
meters. 
* The smoothing parameters would not be reliable 
anymore in case of break in the time-series. Fo
recasts could be therefore inaccurate. 

• The constant Kalman filter which has been 
recently proposed [4], [5] is based upon exponen
tial smoothing as the Holt-Winters method. Due to 
the markovi an properti es of the associ ated sto
chastic model, Kalman filtering provides a simple 
and recursive solution that determines the opti
mal linear estimation of the traffic load. This 
method does not require a lot of initial data to 
fit the smoothing constants, but it needs a good 
knowledge of the statistical parameters of the 
model and observation noises (mean and variance). 
These parameters can be tuned in two ways : 
Fir~t, in a deterministic view, they are fixed in 
order to get a good response-time of the filter. 
Second i ni ti a 1 data are used to identify means 
and variances of the process noises. The two me
thods become neverthel ess inaccurate as soon as 
there is an important change in the time-series. 
This is the main drawback of the constant Kalman 
fil ter. 

A 11 the above methods are unable to improve the 
forecasts incase of break in the time-seri es 
whi ch can occur very often on trunk groups when 
traffic is removed. The main reason is that cons
tant filters are set up according to a long his
tory and cannot be fitted again with few data. 
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It is then necessary to design self-tuning filters 
which are fitted along with time. As Kalman filte
ring exhibits very nice properties, it is propo
sed in this paper to mak.e adaptive the Kalman 
filter. 
The pri nc i p 1 e of the method is to i dent ify the 
means and the variances of the noises which are 
the only parameters of the model that are ulldefi
ned. The parameter estimation is then converted 
to an optimization problem which is solved using 
the maximum a posteriori approach. Consequently, 
the smoothing parameters of the Kalman filter are 
tuned at each observation and changes in the sta
tistics are therefore tak.en into account. If the 
time-series is stable the smoothing parameters 
tend to their optimal constant value. 

The first step in developing forecasting methods 
is the description of traffic behaviour. Three 
classes of traffic behaviour are found: 

• a seasonal behaviour where substantial va
riations exist according to the months. See Figs. 
1 and 2. 
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• a linear trend behaviour in which no parti
cular seasonal variation is detected. Variations 
around the linear trend are small (see Fig. 3). 
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• the third class is defined when great but 

not seasonal variations exist. This last class 
cannot be modelled in view of forecasting and 
will not be considered (see Fig. 4) . 
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In this paper we shall first investigate mathema
tical models to represent seasonal and linear 
trend traffics. Next, we derive the Kalman filter 
and we di scuss thi s approach. Then we propose an 
adaptive algorithm based on Kalman filtering. Fi
na lly, we present the behavi our and performance 
evaluation of the adaptive approach on traffic 
data of the french Riviera. A comparison is made 
wi th the Ho 1 t-Wi nters method that shows the ade
quacy of the adaptive traffic forecasting proce
dure. 

2. MODELS OF TRAFFIC VARIATIONS 

Two telephone traffic models are derived from 
Monthly Representative Values (MRVs) according ' 
to the existence or not of seasonal traffic va
riations. In the last case, only linear growth 
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Variations are considered. This part is mainly 
devoted to the description of the deterministic 
characteristics of the MRV series. Stochastic 
components are then added in the model to take 
into account the uncerta i nty of the mode 11 i ng as 
well as the measurement errors. 

2.1. Seasonal Traffic Model 

Following the approach of Holt-Winters [2], we 
consider that the traffic is composed of two main 
components: a deseasonalized mean level, which 
is assumed to have a linear trend variation and a 
seasonal factor corresponding to the influence of 
the considered period (i.e. a month). Due to the 
periodicity of the time-series, the model is 
written as follows 

mk = ~-1 + rk-1 

rk rk-1 

fk fk-12 

Yk = ~ + fk 

(2.1) 

where Yk' mk' rk and fk are respectively the 
traffi c observatlon, the deseasonal i zed mean 
1 eve 1, the trend term and the seasonal factor at 
time k. 
However, as ~ is a mean variable, it implies 

12 
that o~ fi= O. Thus introducing this constraint 
in thJ-dynamical model (2.1), we get a redundant 
information allowing an order reduction of the 
model. 
The new model based on the former one, can be 
represented into a state-space form where the 13 
state variables are defined as : 

(2.2 ) 

where xT stands for x-transpose. 
In this model the terms sn are defined as the 
sum of the i fi rst seasona T factor fiat ti me -
k. Then si k shoul d be understood as the cumu
lative seasonal factors during a year. 

i 
sOk = I: fOk 

1 j=l J 
i = 1 to 11 

Of course, over one full year this cumulative 
factor is null. Then the state-form model is 
written as follows: 

xk = FXk_1 

Yk = HXk 

(2.3a) 

(2.3b) 

where the transition and the observation matrice 
are given by 

[a ~J 0 
-1 1 
-1 0 1 

F 0 
0 

-1 
-1 

0 

o 1 
0 

T 
H = 

1 
o 
1 
o 

o 

(2.4) 

The model (2.3) is an ideal description of the 
traffic behavior when all the variables are well 
identified and when all the observations are 
perfect. In fact uncertainty in the modelling as 
well as the measurements errors make thi s model 
unrealistic. Stochastic components are then 
added in the model (2.3) to take into account 
the random phenomena. One component is included 
in the state equati on (2. 3a) to represent the 
modelling errors and another one is added in the 
observation equation (2.3b) to take into account 
the measurement errors. The full seasonal model 
is fi nally 

xk = FXk_1 + wk-1 
(2.5) 

The noises wk and vk are generally gaussian 
white centered sequences. 

2.2. Linear Trend Traffic Model 

The model of linear trend traffic is easily 
deduced from the former mode 1 (2.5) by cons i de
ring that no seasonal component exists. It only 
consists in the traffic load including a growth 
factor. The second order dynamical model is the
refore : 

xk = F'xk_1 + wk_1 

Yk = H'xk +vk 
(2.6) 

where the system matri ces F I and H I are the 
foll owi ng : 

F'= [1 1J 
o 1 ' 

(2.7) 

In fact this model is non-satisfactory since the 
trend term follows the white noise variations; 
as the forecasts are mai nly dependent of the 
trend factor, the projection several steps ahead 
of the estimati on is only an ampl i fi cati on of 
the noise and leads to uncorrect forecasts. 

To avoid this problem which is illustrated in 
pa rt 5., we propose to desc ri be a 1 i nea r trend 
traffic with a new first order model. 
This model is obtained by considering that the 
noi se di sturbi ng the state equati on has a non
zero mean which represents a smoothed trend 
factor. The first order model is simply : 

xk xk-1 + wk-1 

Yk xk + vi< 
(2.8) 

where wk has a non-zero mean value. The fore
casting method that we propose automatically 
identifies this mean value and therefore leads 
to good resul ts. 

We have presented two models which describe 
seasonal and linear trend traffics respectively. 
These two models are written in the same state
space form and a unifi ed forecasti ng method can 
therefore be derived using Kalman filtering. 
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3. KALMAN FILTER , 

Kalman filter has been developped in the early 
60's [6] to determine state estimation of linear 
dynamical systems. It is I1lJch used in control 
theory to design real-time control of stochastic 
processes (missile and rocket guidance, indus
trial processes, ••• ). Due to the markovian pro
perties of the considered model, Kalman filter 
provi des a simpl e and recursi ve sol uti on that 
gives the optimal linear estimation of the state 
vector. In this approach it is assumed that both 
the model and the observation are disturbed with 
gaussian white noise. The filter is designed in 
a two-step way : 

- a prediction step where a priori esti
mation determines the optimal one-step-ahead 
prediction of the former estimate. 

- a correction step where the prediction is 
updated according to a new observation resulting 
then in the optimal a posteriori estimation 
of the state. 

3.1. Formulation 

Let us consider a· discrete linear qynamical sys
tem described as 

xk+1 = FXk + wk 

Yk = HXk + vk 

(3.1a) 

(3.1b) 

where xk, Yk, wk and vk are respectively 
the state, the observation and two white sequen

. ces of dimension n, p, nand p. 

The moments of the variables are defined as : 

E[xO] = xo' E[(xO - xO)(xO - XO)T] = Po 

E[ wk] = qk' E[(wk - qk)(wl - ql )T] = Qk(\l 

E[ vk] = rk' E [ ( v k - rk)( v 1 - rl) T] = Rk ok 1 

where 0kl is the Kronecker delta. Generally 
it is assumed that wk and vk are independent 
of the past and of the state xk as well. We 
also assume that the two noises have no correla
tion. Then the criterion to be minimized is : 

k 
J = min {-h ~f(xk - xk)(xk - xk)T} (3.2) 

f k-O . 

where ~ is the estimate of xk and kf the number 
of observations. 

Then the two-step filter is defined as follows: 

* lr!d.!c!i~n_s!a.ie 
(3.3) 

where x* and x are the one-step-ahead prediction 
and thj estimate of the state x at step k. 
Let Pk be the covari ance matrix of the predic-
tion error x: = xk - Xk and Pk be the covariance 
matrix of tHe estimatlOn error xk = xk- xk then 
the following result holds: 
* - T Pk+1 = F PkF + Qk (3.4) 

* .£o.!:r!c!i~n_s!a.ie 
* xk+1 = xk+1 +K k+1vk+1 (3.5) 

where v is the innovation term defined as 

* vk+1 = Yk+1 - HXk+1 - rk+1 

The gain of the filter is : 

Kk+1 = P~+1HT[HP~+1HT + Rk+1]-1 (3.6) 

Finally the covariance matrix of the estimation 
error is updated with the equation : 

- * * T * T -1 * (3.7) 
Pk+1 = Pk+1 - Pk+1H [HP k+1H + Rk+1] HP k+1 

Kalman filter exhibits very nice properties such 
as Simplicity, Optimality and Sequentiality. The 
filter first determines the linear solution of 
minimum variance. Second, due to the markovian 
modelling of the system, step k+1 depends only 
on step k, defining then a sequential algorithm 
leading to a very simple implementation. 
I n our problem the model is moreover i nva ri ant 
(matrices F and H are constant); this allows to 
calculate and implement the constant gain Kalman 
filter obtained by determining the steady state 
solution of the Riccati equation : 

(3.10) 

However the determination of the optimal filter 
(3.3)-(3.7) requires that some preliminary con
ditions are satisfied. 
The solution of Kalman filter exists if : 

- The system is detectable (all the unstable 
modes of the system are observable). It means 
that the state variables can be reconstructed 
from the measurement. 

- The covari ance matri x of the measurement 
noise is positive definite. 

- The cova ri ance matri x of the model noi se 
is semi-positive definite. 

3.2. Kalman Filtering limitations 

Kalman filtering assumes that the moments of the 
noises are known, which is often untrue. As the 
noises are usually centered, only variances are 
considered. Guessed values are to be fixed 
according to the physical knowledge of the 
system. 
This approach becomes inaccurate as soon as 
there is an important change in the time series, 
which can often occur in telephone traffic (due 
to creation or deletion of trunk groups, changes 
in the subscriber behaviour). As in the model, 
the deterministic component is fixed, only the 
stochastic component can reflect that change. 
Therefore modifi cati ons of the stati sti cal cha
racteristics are expected. 

It is then suggested in the paper to make adap
tive the Kalman filter. It is realized by intro
ducing in the derivation of the filter an algo
rithm which identifies the means and variances 
of the process noises. 
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4. ADAPTIVE KALMAN F1LTER 

The pri nci p 1 e of the method is to identify the 
means and variances of the noises. The parameter 
estimation problem is converted to an optimiza
tion problem which is solved using the maximum a 
posteriori approach. The problem formulation 
results in a two point boundary value problem 
solved using the invariant imbedding technique. 
However in the interests of simplicity of imple
mentati on and of speed of computati on a sequen
tial near-optimal solution is derived which up
dates the statistical parameters step by step. 

4.1. Problem formulation 

We solve the identification problem using Sage
Husa approach [7J. In this approach it is assumed 
that mean and variance of the noises are unknown 
but constant. The principle of the algorithm is 
to maximize the density function according to the 
unknown parameters, i.e. : 

J = Max P{Xk' r, R, q, QIYk } (4.1) 
r,R,q,Q f f 

where Xk and Yk are the state and observation 
f h f . 1 [0 k J sequences over t e lnterva ,f. 

Usi ng Bayes I theorem and consi deri ng that the 
noise sequences are gaussian with constant densi
ty function, the problem is converted to the 
minimization problem [8J : 

1 _:£ 1 :£ 
J = ~"XO - XO"p + ~E"Yk - HXk - rk"R + 

:£ 
~E"Xk- FXk_1 - q"Q (4.2) 

The parameters r, R, q and Q are then obtai ned 
using the maximum likelihood estimation. For 
example th.e mean value of the observation noise 
is obtained as follows: 

_ 1 k-1 _ 
rk -1 = ~ j ~ 1 {y j - Hx j /k } 

which is approximated with : 

_ 1 k-1 * * 
rk -1 = k -1 j ~ 1 {y j - Hx j} = rk 

(4.3) 

(4.4) 

Finally the recursive equation can be written: 

(4.5) 

The other parameters are obtained in the same way 
and can be introduced in the former Kalman filter 
resulting in the adaptive Ka1man filter. 

4.2. Adaptive Kalman filter 

The two steps of the filter are now 

Prediction s~eE 

* = FXk + qk (4.6a) xk+l 

* Pk+1 
- T -= FPkF + Qk (4.6b) 

* 1 * HXkJ (4.6c) rk+1 = K[(k-l)rk + Yk 

* Rk+1 = f[(k-l)R: + vkvr - H P:HTJ (4.6d) 

Estim~tion ste~ 

vk+1 * * (4.7a) = Yk+1 - HXk+1 - rk+1 

xk+1 * -xk+1 + Kk+1vk+1 (4.7b) 

Kk+1 
* T * T * -1 Pk+1H [HP k+1H + Rk+1J (4.7c) 

- * * Pk+1 Pk+1 Kk+1 HPk+1 (4.7d) 

qk+1 = _1_[ kqk 
k+1 + xk+1 - FXk J (4.7e) 

- 1 - K - -T KT - - T 
Qk+1 = -[kQk + k+1vk+1vk+1 k+1 + Pk+1 - FPkF J 

k+1 (4.7f) 

The equations (4.6)-(4.7) describe the adaptive 
estimation filter; we need now to extend it to 
forecasting. 

4.3 Adaptive forecasting algorithm 

The adapti ve fi 1 ter that we deri ved determi nes 
the near-optimal estimation and one-step-ahead 
prediction of the state-vector. Mathematically it 
reads : 

x~ = Optlin[XkIYk-1J and Xk=OPT1in[XkIYkJ 

Forecasting can therefore be implemented using 
equation (4.6a). At each step forecasts are upda
ted according to the equations (4.6)-(4.7). For a 
forecasti ng n steps ahead, the predi cti on stage 
(4.6) is simply added with the projection equa
tion 

(4.8) 

5. PERFORMANCE EVALUATION OF THE ADAPTIVE METHOD 

To ana1yze the behaviour of the procedure, we 
consider data from the french Riviera subnetwork. 
Three time-seri es were extracted from avail ab 1 e 
traffic measurements corresponding to the long 
distance traffic outgoing of Menton, Nice and 
Ste-Maxime. 
For each series, the six-month-ahead traffic fo
recast compared to the measured traffic is drawn. 
These curves are completed with relevant statis
tical results, which summarize the performance 
evaluation. The mean errors and the standard de
viation of the errors are given on Table 1 for 
the forecasts from one month up to one year. The
se two parameters are sufficient for analysis as 
the model s are assumed to be gaussi an. The mean 
error determines the precision of the procedure 
and the standard deviation of the error provides 
the confi dence i nterva 1 of the forecasts. These 
two parameters are compared to those obtained 
when applying the Holt-Winters method [2J. 
A 11 the resu 1 ts are obta i ned us i ng a softwa re 
tool designed at CNET to evaluate forecasting 
methods implementing Kalman filtering. 

5.1 Menton case 

When analyzing Menton data, it was estimated that 
the traffic is linear. Then the first-order model 
was primarily used which gave good forecasts (see 
Fig. 5). To bring out the inadequacy of the second 
order model, the si x-month-ahead forecasts are 
displayed on Fig. 6 for this model. It is illu-
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strated on Fi g. 7 where the trend factors are 
drawn for first and second order traffic models. 
It can be shown the mean value of the white noise 
corresponds effectively to the smoothed value of 
the trend term. For the second order model the 
growth factor is sharply varyi ng that poi nts out 
the bad results with this model. Table 1 enhances 
these conclusions. 

~ erlangs .., 

8 
n 

Menton OutgoLng TraffLc 
RdeptLYe Procedure 

-- measurements 
_ - - forecasts 

1911 1918 1919 1980 1981 1982 
fLg.5 - ·SLx-Monlh-Ahead rorecasls -

~ erlangs 

o c n 

Menton OutgoLng TraffLc 
RdaptLYe Procedure 

-- measurements 
c __ - If ore casts 
2~nmmm~nn~~~""mmmn"pmmmm~mmmm~m 

1911 1918 1919 1980 1981 1982 
fLg.6 - SLx-Monlh-Ahead rorecasls -

To check the assumpti on that no seasonal vari a
tion exists in Menton, we implemented the 13th
order seasonal model. Fig. 8 shows that the sea
sonal model gives good results although the reac
tion to the jump of December 1979 is slower than 
with the first-order model. However, in examining 
the results in Table 1, we can see that the sea
sonal model is more accurate and we can deduce 
Menton traffic is weakly seasonal. 

Menton OutgoLng TraffLc 
RdaptLYe Procedure 

~ erlangs 

CD 

2nd order model 

1911 1918 1919 1980 1981 1982 
fLg.7 - Growlh raclor -

Menton OutgoLng TraffLc 
RdeptLYe Procedure 

~ erlangs n 

8 .., 

-- measurements 
___ forecasts 

1911 1918 1919 1980 1981 1982 
fLg.8 - SLx-Monlh-Ahead rorecasls -

5.2 Nice case 

Nice data show that a strong seasonality exists 
on August where telephone traffic is IllIch lower 
than the other months. The seasonal forecasting 
model was then used. The six-month-ahead predic
tion is displayed in Fig. 9 and shows the good 
behaviour of the method. Table 1 gives the preci
sion of the procedure up to one year (a mean pre
diction error from 2% to 4%). Furthermore it can 
be noti ced that resul ts are better than those 
obtained with the Holt-Winters method. 

5.3 Ste-Maxime case 

From graphical analysis, it is obvious that the 
Ste-Maxime traffic is strongly seasonal. Due to 
the importance of this resort centre, traffic is 
very high in summer and low in winter: The seaso
nal model was accordingly implemented. Figure 10 
shows the accuracy of the forecasts. Table 1 em
phazises the good performances of the forecasting 
method. The comparison with the Holt-Winters pro
cedure shows the results are similar. 
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NLce OutgoLng TraffLc 
AdeptLve Procedure 

-- measurements 
--_ forecasts 

1917 1918 1919 1980 1981 1982 
fLg.9 - SLx-Month-Ahead forecasts 

-
M:lNlll AHEAD FDRECAST 1 2 3 4 5 

l£lIDD '" 

llDnth IOOnth llDnth IOOnth IOOnth 
'lGJN 

A 1st 4.9 5.4 6.3 7.1 7.8 
D order 13.1 14.3 16.3 18.2 19.5 
A 
P 2nd 5.6 6.8 8.6 11.1 13.2 
T order 15.9 17.4 22.7 29.3 33.9 

~nton I 
V 13th 4.3 4.5 5.1 5.7 6.1 
E order 13.0 13.6 15.3 16.7 17.6 

Holt~inters 4.5 4.8 5.1 5.4 5.8 
I1EtOOci 13.9 14.8 15.7 16.5 17.3 

adaptive 2.1 2.1 2.1 2.4 2.4 
I1EtOOci 34.3 35.7 37.6 40.5 41.3 

Nice 
Holt~inters 2.2 2.2 2.2 2.6 2.5 

I1EtOOci 36.1 36.9 38.4 42.3 43.2 

adaptive 6.7 7.2 8.3 8.7 9.0 
I1Ethod 16.6 17.5 1B.7 19.5 19.9 

Ste-t1axiIre 
Holt~inters 6.8 7.2 7.5 7.9 8.1 

I1EtOOci 15.7 16.2 16.7 17.0 17.1 

6 
llDnth 

8.4 
20.8 

15.2 
40.6 

6.5 
18.3 

6.0 
17.9 

2.8 
42.9 

2.8 
45.1 

9.5 
20.0 

8.3 
17.4 

Ste-MaxLme Out~DLng TraffLc 
. AdeptLve ProceCiure 

~ erlangs 

-- measurements 
o -- - forecasts 
2~~~~~~~~~~~~~~ 

1977 1978 1979 1980 1981 1982 
fLg.l0 - SLx-Month-Ahead forecasts -

7 8 9 lO 11 12 
llDnth DDnth IOOnth IOOnth IOOnth IOOnth 

8.9 9.3 9.5 9.7 lO.l lO.9 a = IIEan error 
21.8 22.7 23.6 24.2 25.8 27.6 b = starxlard error 

17.8 19.2 21.3 22.4 23.3 23.2 
46.4 51.0 56.3 59.3 62.6 63.7 

6.B 6.9 6.9 6.8 7.1 7.4 
18.8 18.7 19.0 1B.9 19.2 19.6 

6.3 6.6 6.9 7.4 B.O 8.5 
18.5 18.9 19.7 20.4 21.4 22.6 

3.0 2.9 3.0 3.1 3.2 3.3 
45.0 44.4 44.0 44.9 46.3 47.7 

3.0 3.1 3.1 3.3 3.5 3.5 
48.5 48.3 48.2 49.8 51.5 51.3 

9.1 8.4 8.2 8.3 8.1 8.5 
19.5 18.5 18.1 18.7 19.1 19.1 

8.3 8.5 8.6 8.9 9.5 9.8 
17.5 17.8 18.1 18.7 19.3 19.8 

Table 1. - Mean error (in %) and starxlard error (in erlang) of the forecasts -

It must be noticed that the ' smoothing parameters 
of the Ho 1 t-Wi nters method were fi tted for the 
full observation period. Results are then optimal 
and the compari son proves the good behavi our of 
the adaptive method. Further results of this ap
plication concern the identification and improve
ment of the variances and can be found in [9]. 

6. CONCLUSION 

In this paper we were concerned with a new adap
tive traffic forecasting procedure. Contrarily to 
former methods, the model parameters are not set 
up using a smoothing algorithm, but they are im
proved at each step. Changes that appear in the 
observati on seri es are then taken into account. 
The results we gave for the french Riviera subnet
work show the adequacy of the method. 
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