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ABSTRACT 

The paper proposes to use time series analysis 
to forecast the values of critical variables in 
a telephone exchange. When the forecasts indi
cate that a congestion will occur, this may 
serve as a criterion for automatic control 
actions. The substance of the paper is the buil
ding of transfer function models for several 
relationships in an exchange, and we show that 
this may be done quite successfully. The models 
are used to forecast one measure of traffic load, 
and they perform satisfactorily. 

1. INTRODUCTION 

Within a telecommunication network, several 
events can be observed as time series. A time 
series is a sequence of 'observations taken at 
equispaced points in time, e.g. number of in
coming calls to a telephone exchange pr. minute 
or number of occupied registers in an exchange, 
sampled each 15 seconds. A typical feature of 
such series is the strong dependence between ob
servations which are close together. 

Time series analysis is a CO~ilon term for seve
ral methods of analysing such series, and its 
history goes back to 'the works of Yule in the 
1920's. Methods in the frequency domain, as 
spectral analysis and F-ourier transforms, have 
been applied by engineers for many years. In 
1970 G.E.P.Box and G.M.Jenkins published their 
book "Time Series Analysis, Forecasting and 
Control" [1], in which they present a unified 
approach to time series analysis. This approach 
has become very popular all over the world 
during the past few years, and there are nume
rous successfull applications in a variety of 
areas. 

One of the powers of the models obtained by the 
Box & Jenkins approach is their ability to pro
duce good short time forecasts. This paper pro
poses to use this ability in a traffic control 
system, where a critical factor, e.g. the number 
of occupied trunks in a route, is forecasted say 
30 se'conds ahead. ' If this forecast exceeds a 
pr~s6ribed value it is a strong indicator that 
the route will soon reach its point of conges
tion, and suitable action should be taken. 

The outline of the paper is as follows: In Sec
tion 2 we discuss some general aspects of 
traffic control, and suggest how to implement 
a method based on forecasts of the critical 
variables. Section 3 gives a very brief presen
tation of the transfer function models we pro
pose to use, and introduces some notations. 
Section 4 describes the telephone exchange 
which has supplied our data. The data themselves 
are discussed in Section 5. In Section 6 the 
results of a transfer function model analysis 
are presented, and Section 7 shows forecasts 
from the estimated models. Finally, in Section 
8, we summarize and indicate what future work 
needs to be done. 
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2. TRAFFIC CONTROL 

Traffic control methods can be classified as 
manual or automatic. The paper only discusses 
automatic methods. To be able to control a 
system one needs 

- variables which contain information about 
the systems condition 

- criterions, based on the variables, for 
when control actions should be taken 

- strategies for which actions that should 
be taken. 

The paper is mainly concerned with the develop
ment of control criterions, and we have only 
studied control of the traffic through a single 
telephone exchange, as opposed to network con
trol. 

There are several variables that describe the 
condition of a telephone exchange, e.g. 

grade of service 

- number of occupied subscrib~r lines 

- number of occupied incoming junctors 

- number of occupied registers 

- the length of the register queue 

- number of occupied junctors 

- time congestion on junctors 

If time series analysis is applied to these 
variables, forecasts can be calculated for 
future traffic load. If these forecasts show 
strong signs of system overload, this may be a 
suitable criterion for control actions. The 
advantage of such a system lies in its sensiti
vity, as the system may be able to detect over
load before it really occurs, and proper action 
may be taken in time to prevent serious conges
tion. Figure 2.1 shows how such a control system 
may be implemented in connection with a tele
phone exchange. 

There are of course certain requirements that 
such a system must fulfil. It must be able to 
collect and process data continously, and calcu
late new forecasts frequently. This will prob
ably be possible in the different computer 
controlled telephone exchanges which are coming 
into use. 

3. TRANSFER FUNCTION MODELS 

This section gives a very brief description of 
a class of discrete linear transfer function 
models (or transfermodels), which may be used 
to represent different dynamic 'relations. For a 
closer description we refer to Box & 'Jenkins 
[ 1]. 

A dynamic system will normally describe a causal 
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Figure 2.1 Model for a traffic control system based on 
time series analysis and forecasting. 

relationship. One (or several) input(s), X
t

, 

affects the output, Yt , where the subscript t 

represents time. The Box & Jenkins approach 
assumes that the input(s) and output are ob
served at equidistant points in time. Figure 3.1 
illustrates such a system. 

) .... j Dynamic 
f .......... 

system 
X

t Y
t 

input output 

Figure 3.1 Example of a simple dynamic system 

Examples of such systems within telecomunica
tions are 

- price/demand for telecommunication ser
vices 

number of occupied registers/junctors in 
an exchange. 

Other examples are easy to imagine. 

Assume that the input and output varies about 
the levels ~x and ~y respectively. In many 
cases there will be inertia in the system, so 
that the deviation of the output from its level 
can be represented as a linear combination of 
.the input deviations at times t, t-l,·.·. If 
so, the system may be described by a linear 
filter 

v 0 (Xt -~x) + v l (Xt-l-~x) + •.. 

( - 2 Vo +vIB +v2B + ... ) (Xt-~x) (3.1) 

v (B) (X
t 
-~) . 

Here B is the backward shift operator so that 
k B Xt = Xt _k . The operator v (B) is the system's 

~E~~~~~E_~~~~~!~~' and, regarded as a function 
of the subscript k~ v k is the system's !~E~!~~ 
E~~E~~~~_~~!S~~~' If a deviation in the input 
does not effect the output immediately but only 
after b time units then v 0 = •.• = v b _ l = 0, and 

the system will have 9~!~Y b. Figure 3.2 shows 
an example of the effect on the output of a 
unit impulse in the input to a system with a 
given impulse response function with b = 2. The 
representation (3.1) of a system will often be 
inconvenient, as the number of parameters may 
be large. A basic principle in Box & Jenkins is 
the principle of parsimony, that is that the 
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-:::-' ~~I-+-I -+-1 -I-I-+l-l-I--I.I_ impulse 
Vo VI Vz V3 V. Vs V6 V7 VB V, response 

function 

Figure 3.2 Effect on the output of a unit impulse 
in the input to a system with a given 
impulse response function 

model should contain the smallest possible num
ber of parameters to describe the system ade
quately. This may be obtained by the difference 
equation representation 

or 

(3.2) 

Alternatively, (3.2) may be written 

o (B) (Y t - ~y) = Q (B) (X t - ~x) 

where Q (B) = w (B) • Bb . 

The transfer function of this model is 

v (B) =' 0- 1 (B) Q (B) (3.3) 

which is a rational operator in B, and the 
(possibly infinitely) many vo,vl' ... can be 
parameterized using r + s + 1 parameters. Expe
rience shows that rand s seldom exceeds two 
or three. 

The relationship (3.2) will never be exactly 
fulfilled in practice, but will be obscured by 
noise. The combined transfer function and noise 
model may be written 

-1 
Yt - ~y = 8 (B) w (B) (X t - b -~x) + n t 

(3.4) 

where {n
t

} is a noise process, independent of 

the input, which follows a suitable model withiri 
the class of univariate ARIMA-models. 

The outline of a complete transfer function 
model analysis is as follows 

- identify and estimate a univariate. ARI~~
model for the input 

- use the model so obtained to prewhiten the 
input, that is to transform it into white 
noise 

- apply the same transformation to the output 
series, and calculate the cross correlation 
function between the prewhitened input and 
output 

- using the fact that this cross correlation 
function is proportional to the impulse 
response function, determine the orders r, 
sand b of the transfer function 

- calculate an estimate of the noise series, 
using the approximate impulse response 
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function obtained from the cross correla
tions 

- identify the proper ARIHA-model for the 
noise 

- estimate the complete model simultaneously 
using non-linear least squares 

- perform some diagnostic checking for model 
adequacy, adjust and reestimate the model 
if necessary. 

The analysis above will often show that the se
ries behave in a non-stationary way. If so, it 
is often possible to differentiate the series 
one or more times, say dy ' and d x for the output 
and input respectivel~ to achieve stationarity, 
and analyse the differentiated series according 
to the above scheme. 

The model finally obtained may be written 

Yt = 6-l(B)W(B)Xt_b+eO+~-1(B)e(B)at (3.5) 

where Yt equals Yt-~y if t~e output is statio-
. . • d· 
nary, otherwise Yt = Cl-B) Y Yt • Xt · is defined 
similarly, and {at} is a white noise process 
with variance cr!. 

Model (3.5) can be used to forecast the output. 
Such forecasts may be significantly better than 
forecasts obtained from a univariate model of 
the output, especially if there is delay in the 
system so that xt-values already observed effect 
future Yt-values. To forecast Yt +£ £ time units 

from time origin t the linear function of the 
observations up to and including t that mini
mizes the mean square forecast error is used. 
This optimal forecast, ~t(£)' the conditional 

expectation of Yt +£ given all information avail

able at time t, is easily computed. The mean 
square forecast error is given by 

£-1 £-1 
V(£)=E(Y _y(£)2)=cr2~V~+02 ~tJi,2 (3.6) 

t+£ t ~a j=b J a j= 0 J 

Here 0a2 is the residual variance in the univa
riate model of the input series; VO,Vl··· are 
the impulse ' response weights; 0a2 is the , residual 
variance and tJij is the coefficient of BJ in the 
moving average expansion of the noise model. 
The gain xrom a delay is obvious from (3.5), as 
the first sum equals zero for £ < b . 

4. THE TIME SERIES AND EXPECTED RELATIONSHIPS 
BETWEEN THEM 

The automatic regjstration system CARAT con
tinuously collects data from Trondheim 11, an 
AGF-exchange produced by L H Ericsson. Measure
ments are made on a group of 500 subscriber 
lines with access to 50 registers. The distri
bution of the 500 line~ is given in Table 4.1 

Table 4.1 Destribution of subscriber lines 

Type 
PABX- and special services 

Business 

Private 

Unused 

Percent 
20 

20 

50 

10 

From our knowledge of the operation of the AGF, 
we chose to study the following time series: 

(i) AccurnulatErl nuiiber of sUbscriber line seizures, S+ 

(ii) Accumulated number of subscriber line releases, s-
(iii) AccumulatErl number of register seizures 

(iv) Accunulated number of register releases , R 
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(v) Accumulated number of started "conversations" , C+ 
(vi) Accunrulated number of finished "conversations", C-

Conversations a.re given in quotation marks, as 
the series also include attempts that fail at a 
later stage. From the above series it is easy 
to calculate series for the number of occupied 
subscriber lines and registers and the number 
of "~onversations" in progress as S = S+ - S-, 
R = R+ - R- and C = C+ - C-. During a call set up, 
the subscriber line is first seized, then the 
register and finally the "conversation" starts. 
Due to this sequencingthe above time series 
will be correlated. E.g. an inCrease in the num
ber of seized registers will lead to an increase 
in the number of started "conversations" a few 
seconds later. This may be written: R+ -+ C+. The 
different relationships are illustrated in 
Figure 4.1 

'It may seemali ttle 
strange that we do not 
expect to find corre
lation between C+ and 
C-, as a "conversa
tion" that starts ne
cessarily must finish 
some time. The varia
tion of "conversation" 
duration is however so 

t t t 

Figure 4.1 Expected rela
tionships between 
the time series 

large that the knowledge bf the "conversations" 
starting time gives virtually no information of 
when it will end. 

In an underdimensioned exchange one ma¥, in 
addition, expect relationships as C--+C , and R 
-+ R+, as the release of a line or register wilJ 
lead to an immediate seizure from the next call 
in the queue. 

To be able to control traffic load before a 
blocking occurs it is advantageous to be able to 
predict that the number of lines in an exchange 
(as given by C) will not cover the demand. From 
a control point of view the following relations 
will thus be of interest: S+ -+ R+ -+ c+ When c+ 
is forecasted utilizing this relationship, C may 
be predicted as C = C+ - C-, where C- is fore
casted separately using an univariate model. 

5. DATA 

We have analysed data from the five days 770815 
(Monday), 770816 (Tuesday), 770905 (Monday), 
770906 (Tuesday) and 770907 (Wednesday). For 
each of the days the time span 0910 - 1025, 
around the mean busy hour, have been studied. 

Each of the time series described in the pre
vious section was observed every 15 seconds, so 
that the 0910 - 1025 period gave 300 observations. 
The choice of 15 seconds as basic time unit was 
made from traffic considerations. The traffic in 
the 500-group is so low that an interval of this 
length was necessary to have a' reasonable varia
tion in the series. Figure 5.1 shows two samples 
from the series R (number of occupied registers) 
and C (number of "conversations" in progress) 
from day 2 (770816), and is quite typical for 
the behaviour. 

One of the underlying assumptions for the ARIMA
analysiS is that the residuals are normally 
distributed. This is crucial for all probability 
statements, as well on the significance of para
meters as forecast confidence limits. The method 
is reasonably robust however to deviations from 
the normality assumption. 

The observations in the time series we have 
studied are not normally distributed, as they 
have only integer values. This is usually not so 
critical, if the series vary over a reasonably 
wide range. The activity in the 500-group i 's, 
however, so small that the different series, 
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transformed to stationarity, assumes only a few 
values. This should be remebered when the re
sults in the next section is considered. 

0915 0920 0925 1000 1005 1010 

Figure 5.1 Number of occupied registers (R) and ·convers ations" in 
progress C) for two periods from day 2 (770816) 

Another weakness with the series is that their 
variability is small. Traffic is relatively con
stant during the observation period. This makes 
it more difficult to obtain a good picture of 
the dynamic relationships in the exchange. 

6. RESULTS FROM TRANSFER FUNCTION MODEL BUILDING 

In this section we present, in some detail, the 
model building process for day 2 (770816). For 
the four other days we only give the results. 

6.1 INTRODUCTORY REMARKS 

The main purpose of the analysis )S to find a 
method to forecast the number of "conversations" 
in progress in the exchange, C, where C = C+ - C
is as given in Section 4. The data available are 
those described in Section 5. 

Seizure of the subscriber lines effects C only 
throu~h the registers, and it was assumed that 
the S series contained no information which was 
not contained in R+. This was also confirmed by 
the data. The s+ and S- series were therefore 
excluded from futher analysis. 

Our first idea was to use the number of occupied 
registers, R, to explain C. A basic assumption 
in a transfer function model is' that there is no 
feedback from the output to the input. In the 
relation R -+- C this will not be fulfilled, as the 
start of a "conversation" implies that the re
gister has finished its task and is released 
shortl¥ afterwards. This introduces a feedback 
from C to R-, which also can be seen from the 
data. As it is R+ that effects C+ and thus C, 
while the feedback is to R-, we chose to use 
only the R+ series as input to the different c
series. 

Two approaches have been tried. ~ve have built 
separate models for C+ and C- and forecasted C 
as the d i f ference between the forecast values 
for C+ a nd C-. Secondly, we have built a model 
for the C series directly, and used this model 
to fore c ast C. 

6.2 UNIVARIATE MODELS FOR THE DIFFERENT SERIES 

It is beyond the scope of this paper to dicuss 
the univariate model building for the different 
series. For day 2, the serie s can b e satisfacto
rily described by the models below. Here r~ 

denotes the accumulated number of register sei
zures at time t, and ct,ct and c t are defined 
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accordingly. 

+ + R : (I-B) r t = 2 • 95 + (l-.o.~} B) at' 
(0.04) (o •. Q5)1 

+ " + 
C : (l-B)C t = 1.60 + (1-0.26B)a t , 

(0.05) (0.06) 

C :(1-B)C~=1.60+at' 
" (0.07) 

C : (I-B) c t = at' 

(J =1.12 
a 

(J =1.15 a 

(6.1) 

(6.2) 

(6.3) 

(6.4) 

The numbers in parenthesis below the estimates 
are approximately one standard error of the 
estimate:- The "numbers to the right of the equal 
sign in (6.1) - (6.3) above is the mean of the 
differentiated series, that is the average num
ber of seizures or releases per 15 seconds. It 
is typical that the mean number of register 
seizures is nearly twice the mean number of 
started "conversations". 

6.3 IDENTIFICATION 

The univariate analysis showed that all the 
series are non-stationary, but can be trans
formed to stationarity by differenciating. 

~"ve used the model (6.1) to prewhi ten R + as well 
as C+ and C, and calculated the cross-corre
lations between the prewhitened input and output 
up to lag 8. The results are given in Table 6.1. 

Table 6.1 Cross-correlation function between pre
whitened R+ and C+, and prewhitened R+ and C 

k 0 1 2 3 4 5 6 7 8 

~lO.O8 0.22 0.00 -0.05 -0.14 0.02 0.01 -0.11 -0.06 

C 0.37 0.36 0.12 0.04 -0.11 0.03 0.00 -0.12 -0.09 

The standard error of the cross-correlations are 
approximately 0.06. These cross-correlations, 
which are propotional to the impulse response 
functions, indicate that the transfer function 
model for R+ -+- C+ is given by 

+ + (l-B)C
t 

= Wo (l-B)r t _ l +n
t (6.5) 

The relationship R+ -+- C is identified as 

( l-B)C
t 

= wo - wl B (l-B)r+ + n 
l-OlB t t (6.6) 

Using rough estimates for the impulse response 
weights, the noise series n from (6.5) and 
(6.6) were calculated, and ~heir auto-correla
tion functions up to lag 8 computed. The auto
correlation functions are given in Table 6.2 

Table 6.2 Auto-correlation functions for the noise 
series in the models (6.5) and (6.6) 

k 1 2 3 4 5 6 7 8 

(6.5) -0.25 0.06 0.01 -0.07 0.03 -0.02 0.05 0.00 

(6.6) -0.23 -0.02 -0.06 -0.11 0.06 -0.03 0.03 0.02 

The standard error df the auto-correlations are 
approximately 0.06. The behaviour of the auto
correlation functions for both series are typi
cal for a first order moving average. Both the 
noise series have significantly non-zero means, 
and can be represented by the model 

n t = e o + (1 - e 1 B) at (6.7) 

The combined transfer function and noise models 
for the two relationships can thus be w~itten 
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(6.8) 

6.4 ESTIMATION 

We have estimated the parameters in (6.8) and 
(6.9), to find for R+ -+-C+: 

+ + (l-B)C
t 

= 0.82 + 0.26 _(l-B)r
t

_
l
+(l-0.23B)a

t
, 

(0.21) (0.07 (0.06) 

and for R+ -+- C: 

(J = 1. 09 a 

(l-B)C
t 

=-4.60 + (0.67 +0.49B) (l-0.26B)-1 
(0.55) (0.09) (0.13) (0.11) 

(6.10) 

+ • (l-B)r
t 

+ (l-0.30B)at , 0a = 1.56 (6.11) 
(0.06) I 

The numbers in parenthesis below the estimators 
are again one standard error. 

Define t~ = (l-B)r~ - 2.95 as the deviation from 

the mean number of register seizures in period t, 

C~ = (I-B) c~ - 1. 60 similarly for _ "conversations" 

and finally c
t 

= (I-B) c
t 

as the net change -in the 

number of "conversations" in progress. Then 
(6.10) and (6.11) can be written as 

.+ . 
c

t 
= 0.26r

t
_ l + (l-0.23B)a

t 
. 

. -1. 
c

t 
= (0.67 +0.49B) (l-0.26B) r

t
+(l-0.30B)a

t 

which shows more clearly the dynamics in the 
system. 

The residuals from the models (6.10) and (6.11) 
have been checked. Neither the tests for depen
dence between the residuals and input nor the 
test for non-white residuals showed any sign of 
model inadequacy. 

6.5 MODELS FOR THE DIFFERENT DAYS 

Here we give the results from the model building 
process for the days 1 to 5. The results for day 
2 from the previous section is included for com
pleteness. The models are generally rather simi
lar, although the estimated parameter values 
vary from day to day. In some cases a parameter 
is estimated to be not significantly non-zero, 
and the model reestimated without this parameter. 
This is marked with a - in the tables. 

6.5.1 UNIVARIATE MODELS 

We give below the estimation results for uni
variate ARIMA-models for the series R+,C+,C-and 
C for the five days. In all the tables { ~} is a 
white ~oise process with standard deviation 0a' 
and Om a test statistic for the hypothesis that 
the residuals are white noise. Under the hypo
thesis Om is approximately X2 with m degrees of 
freedom (DF). 

Table 6.3 shows the estimation results for the 
R+-series in the model 

(6.12) 

The model is satisfactory for all days except 
day 1, which shows significant residual auto
correlation on lags 4 and 5, which results in a 
significantly large O-statistic. This may be 
improved by introducing more moving average 
terms in the model for day 1, but this has not 
been done. 
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Table 6.3 Parameter estimates in the model 
(6.12) for R+ 

Day 80 81 0 Q22 

1 3.18 0.17 1. 26 48.0 

2 2.95 0.37 1.01 20.0 

3 3.13 . 0.15 1. 34 33.7 

4 2.96 0.36 1.08 17.9 

5 3.00 0.27 1.19 28.0 

Table 6.4 shows the estimation results for the 
C+-series in the model 

(6.13) 

Table 6.4 Parameter estimates in the model 
(6.13) for c+ 

Day 80 8 1 0 Q22 

1 1. 74 0.15 loll 18.8 

2 1.60 0.26 1.12 15.8 

3 1.67 0.17 1.18 17.9 

4 1.61 0.06 1.13 10.3 

5 1.71 0.14 1.06 15.2 

The model is satisfactory for all five days. For 
day 4 the estimate of 81 is not significant, but 
we chose to keep the parameter in the model. 

Table 6.5 shows the estimation results for the 
C--series in the simple model 

(l-B)C~ = 8 0 +at 
(6.14) 

Table 6.5 Parameter estimates in the model 
(6.14) for C-

Day 8 0 Oa Q23 

1 1. 73 1.19 38.0 

2 1.60 1.15 11.3 

3 1.65 1.13 37.6 

4 1.58 1.11 25.6 

5 1. 75 1.20 22.2 

The model is reasonably good for all the days. 
The O-statistic is rather large for days 1 and 3, 
but there are no patterns in the residual auto
correlations that suggest reasonable ~odel im
provements. 

In Table 6.6 we give the estimated residual stan
dard deviation for the C-series, which follows 
the model 

'(6.15) 

The model (6.15) is well-suited for all the 
five days. 

6.5.2 TRANSFER FUNCTION MODELS 

Given below is a summary of the results from the 
transfer function model building for the rela
tions R+ -+- C+ and R+ -+-C. In the two tables below 
8 22 is a test statistic for the hypothesis that 
the residuals are independent of the input, and 
022 similarly for the hypothesis that the resi-
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Table 6.6 Residual standard deviations in 
the model (6.5) for C 

Day °a Q2.~ 

1 1. 79 23.1 

2 1.77 22.4 

3 1.83 25.4 

4 1. 76 17.8 

5, 1. 76 26.3 

duals are white noise. Und~r the hy~othesis both 
S2.2. and Q2.2. will be approximately X with 22 DF. 

In ITable 6.7 we give the estimated parameters in 
the model 

+ (l-B) c t 
(6.16) 

for the relationship R+ -+ c+. Neither test sta
tistic show any sign of model inadequacy for any 
of the days. 

Table 6.7 Estimated parameters in the model (6.16) for 
the relationship R+ -+ C+ 

Day Wo 80 8 1 °a 82.2. Q2.2. 

1 0.28 0.86 0.19 1.06 17.2 20.1 

2 0.26 0.82 0.23 1.09 20.2 16.8 

3 0.27 0.82 0.22 1.13 24.8 19.5 

4 0.37 0.52 0.15 1.06 16.1 12.8 

5 0 .36 0.63 0.15 0.96 18.7 25.5 

Table 6.8 shows the estimated parameters in the 
model 

-1 + (l-B)C t = (WO-WI B) (l-Ol B) (l-B)r
t 

+ 8 0 

+(l-olB)a t (6.17) 

for the relationship R+ -+ C. The models are all 
satisfactory. 

Table 6.8 Estimated parameters in the model (6.17) for 
the relationship R+-+C 

'Day Wo Wl 01 80 8 1 °a 82.2. Qn 

1 0.26 -0.22 - -1. 53 0.09 1.61 12.8 22.1 

2 0.67 -0.49 0.26 -4.60 0.30 1.56 17.6 15.4 

3 0.35 -0.41 - -2.33 0.12 1. 70 20.3 18.1 

4 0.57 -0.61 0.28 -4.77 0.18 1. 53 19.3 24.6 

5 0.55 -0.50 - -3.20 - 1.58 26.9 14.8 

6.5.3 HODEL STABILITY 

There are only m~nor variations in the model form 
from day to day, both for the univariate as well 
as for the transfer function models. For some of 
the days one or two parameters are not signifi
cantly non-zero, which leads to simplifications 
in the models . 

Compared to the standard error of the estimates, 
the univariate models also show reasonable sta
bility as far as the parameter values are con
cerned. For the transfer function models this is 
not so, as the day to day variation is rather 
large, especially for the relation R+ -+ C. In this 
connection it is important to be aware of the 
large ~ovariance between the estimates. For 
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example, the parameter 80 in Table 6.8 is esti
mated to -1.53 for day 1 and -4.77 for day 4. 
This large difference is only due to a small 
extent to differences in the traffiF level be
tween the two days, but can be explained by the 
rather different transfer functions for the two 
days. 

7. FORECASTS OF THE NUMBER OF "CONVERSATIONS" IN 
PROGRESS 

The models from the previous section have been 
used to compute forecasts for the number of 
"conversations" in progress. Three different 
methods have been applied: 

(i) 

(ii) 

The C-series have been forecast directly 
from the simple univariate model (6.15) 

The C-series have been forecast as the 
difference between ~orecasts for the C+ and 
C--series. The C+-series have been fore
cast from the transfer function model 
(6.16), and C- from the univariate model 
(6.14) 

(iii) The C-series have been forecast from the 
transfer function model (6.17). 

For all five days we have calculated forecasts 
for the ten periods 301-310 from 10.25.15 to 
10.27.30 at 15 seconds intervals. 

Forecasts for more than one time period ahead is 
probably not of interest in this connection. In 
a control situation it will be natural to use as 
fresh information as possible, and 15 seconds 
are more than sufficient to activate possible 
automatic control systems. We have therefore 
only looked at updated one step ahead forecasts, 
that is forecasts for the period t when all in
formation up to and including period t-l is 
available, t = 301,'" ,310. 

In Table 7.1 we show the updated one step ahead 
forecasts for the number of "conversations" in 
progress for days 1-5. The columns (i), (ii) and 
(iii) refer to the three methods mentioned above. 
The actual values are also given in the column 
marked C, for comparative purposes. 

Also given in the table is the root mean square 
error (RMSE) for the three methods. RMSE is de
fined as follows. If Yt is the true value of a 

series at time t, and Yt - l (1) the one step ahead 

forecast from time t-l, then 

310 1 

RHSE = (110 L (Y
t
- 1 (1) - Y )2)11 

t=301 t 

Table 7.1 Updated forecasts for the number of "conversations" in 
progress using the methods (i) I (ii) and (iii). The actual 
values are also given (C) 

Day 1 Day 2 • Da y 3 Day 4 Day 5 

t 11) (11) 11111 C 11) 111) 1111) C (1) (11) (111) C (1) 111) 1111) C 11) 111) 1111) C 

J01 24 . 0 24.2 24 . 2 24 21.020 . 720.4 -2124 . 023. 0 24.22322.021.321.3221].013.213 . 0 IS 

302 24 . 0 :n . 9 23 . S 24 21.0 21.3 22.0 21 23.0 2].3 23 . 1 24 22.0 22.9 14.0 2 2 15.0 15 . ~ 15 . 9 14 

)0) 24.0 24.9 24.1 2) 21.0 21.0 21.8 20 24.0 24.2 24.5 26 22.0 22.1 23.1 21 1(,0 14.1 14 . 1 16 

)0423.02).323.22320.020 . 120.119 26.0 25.1 25 .8 24 21.021.121.1 21 16.0 16.3 16.9 15 

)0523 . 02).123.423 19.0 19.1 18.6 19 24.0 23.1 23.4 22 21.0 20.6 20.1 22 15 .0 15.4 16.0 11 

30623 . 023.223. 4 2S 19.0 19.7 20 . 8 23 22.0 21.5 20.7 22 22.021.921.42017 . 016 . 616 . 215 

30125.025.024.82423 . 022.623.02522.022.123.121 20 . 0 19.6 19 . 1 19 15.0 15 . 0 14.9 15 

)0824.02) . 123.62325.024 . 824.12321.021.121.92219.011.511.6 11 15 . 0 15.4 15.8 15 

309 23.0 23.3 23 . " 27 ~3. 0 23 . 3 23 . 1 22 22.0 22.3 22 . 7 22 17 . 0 17 . 2 16.8 16 15 . 0 14." 14.1 .14 

31027.027.027 . 52822 . 022.222.6 23 22 . 0 22 . 4 22 . 7 22 16.0 16 . 5 17.2 19 14 . 0 13.2 12 . 1 16 

RHSE 1.55 1.52 1.42 1.611.511.50 1.261.14 1.30 1.45 1.28 1.39 1.521.531.82 

Day 1 has a large jump from 23 to 27 from period 
308 to 309. None of the methods are able to pre
dict this. Measured by RMSE (i) and (ii) are 
almost equal , while (iii) is somewhat better. 

In day 2 there is a jump from period 305 to 306, 
which method (iii) manages to predict to a cer
tain extent. The RMSE implies (iii) better than 
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(ii) better than (i) . 

Day 3 has only small variations, and RMSE is 
small for all three methods. Method (ii) is the 
best, with (i) and (iii) rather similar. 

Method (ii) as well as (iii) manages to predict 
the decrease from 19 via 17 to 16 "conversations" 
in progress from period 307 to 309 in day 4, but 
not the following increase from 16 to 19. Method 
(ii) is the best as far as Rr.lSE is concerned, 
with (iii) a little better than (i) . 

All three methods perform rather badly for day 
5. The main reason for the large RMSE values is 
the period 310 where the number of "conversa
tions" in progress has increased from 14 to 16 
while all three methods predict a decrease. For 
day 5 m~thod (iii) comes out worse, with (i) and 
(ii) equal. 

The experiments for these five days show that 
the transfer model methods (ii) and (iii) per
form in a rather similar way, and are overall 
better than the univariate method, as expected . 
The difference will probably be larger in a 
situation when the variation in the series is 
larger. 

8. SUMMARY 

Time series analysis has been used to analyse 
traffic data from the mean busy hour of five 
different days. Models have been developed to 
forecast the number of "'conversations" in pro
gress at the exchange. We have shown that the 
number of call arrivals at the registers is a 
good leading indicator in the predictions. 

The analysis has been performed on data that 
suffers from several weaknesses (e.g. low 
traffic, small variation) compared to the pur
pose of the study. As the computer controlled 
telephone exchanges are coming into use we hope 
to be abl~ to repeat the analysis on more suit
able and {nteresting data . When such a study has 
been performed, simulation will probably be the 
best tool to avaluate time series analysis as a 
means to provide criterions for traffic control 
actions. 
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