
THE SEQUENTIAL PROJECTION ALGORITHM: 
A NEW AND IMPROVED TRAFFIC FORECASTING 

PROCEDURE 

A. J. DAVID, C. D. PACK 

Bell Telephone Laboratories, Inc., Holmdel, New Jersey, U. S. A. 

ABSTRACT 

Recent developments in estimation theory sug
gested that the quality of the Bell System's 
traffic forecasts could be improved substan
tially by using load projections based on Kalman 
filter theory. This paper reports the develop
ment of a single Kalman filter model, the 
Sequential Projection Algorithm (SPA), for use 
in projecting loads for all Bell System trunk 
groups. The model is robust to a broad range 
of operating conditions and performs substan
tially better than existing methods. 

Specifications have been written for the inclu
sion of SPA in a standard mechanized forecasting 
system. A field study of SPA, reported in a 
companion paper, has verified theoretical 
results and aided implementation procedures. 

1. INTRODUCTION 

1.1 BACKGROUND 

Load projection, the estimation of future traf
fic loads, is the basis for the planning and 
administration of the Bell System's trunk net
work. A high quality projection achieves 
reasonable levels of two attributes: stability 
and accuracy. A stable forecast of traffic for 
a future year differs minimally from view to 
view. An accurate forecast is correct, on the 
average, and hes the capability to detect and 
reflect significant changes in traffic patterns. 
These desirable attributes are often conflicting 
in the sense that improvement in forecast accu
racy may result in poorer forecast stability and 
vice versa. 

Most load projection algorithms in use ~oday by 
the Bell System were originally developed for 
manual calculation; they were included in the 
first mechanized trunk forecasting systems when 
digital computers became available. [1, 2 J The 
algorithms, some of which were derived in the 
1920s, obtain estimates of future trunk group 
loads by applying some function of end-office 
growth rates to estimates of current year trunk
group loads. However, analysis, simulation, and 
field observation have shown that the straight
forward application of these standard formulas 
often result in inaccurate and unstable trunk 
group load projections. Therefore, manual 
revisions have often been necessary to improve 
the quality of the forecasts. 

The availability of computerized data processing 
makes it feasible to investigate the use of 
modern, statistically-superior projection tech
niques. The objective is to derive projection 
algorithms which achieve an inherently superior 
balance of the accuracy and stability attributes 
relative to that of the existing methods. 

1.2 SUMMARY 

Based on the Kalman filter trending model [3 J, a 
new and improved load-projection algorithm has 
been designed; it is the Seqpential Projection 
algorithm (SPA). The algorithm (i) is computa-
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tionally efficient, (ii) provides more aCl te 
and more stable forecasts than do existing 
methods, (ii) performs well in a multitude of 
operating conditions, and (iv) includes logic 
for the processing of outlier data. Our studies 
employed a combination of analysis, computer 
simulation, and field trial. The analysis pro
vided qualitative insight into algorithm per
formance, while the simulation made possible a 
detailed study of the operat~ng environments . of 
engineering interest. The field study, with 
Illinois Bell Telephone Company (IBT) , has 
allowed us to establish user guidelines, to 
verify simulation results, to refine the imple
mentation, and to estimate the effort required 
for the inclusion of SPA in other systems. IBT's 
implementation of SPA and the field study are 
discussed in a companion paper [5 J. 

From analysis and simulation, the estimated 
potential improvements, relative to existing 
methods, for one-year forecasts are a 22 percent 
lower root mean square (RMS) forecast error and 
a 53 percent increase in forecast stability. 
Multiyear SPA forecasts have even more impres
sive results. The field study, with 1 to 4 
year~ of data processed by approximately 20,000 
trunk groups, supports these conclusions. 

The improved forecasts will resul t in a significant 
reduction in trunk requirements for the Bell 
System. This is because the minimum level of 
reserve trunk-capacity necessary to compensate 
for traffic-forecast errors, while maintaining 
network service at objective levels, is directly 
related to the accuracy and stability of the 
traffic forecasts. [ 4J ~ 

Specifications have been written for the inclu
sion of SPA in the Bell System's Traffic Routing 
and Forecasting System (now under development) . 
It is expected that SPA will be the standard 
algori thm used for short-term (1 through 5 years) 
projection~ of the Bell System's trunk group 
loads. We are studying the applicability of 
this procedure to point-to-point loads and longe~ 
term (greater than 5 year) forecasts. 

2. EXISTING BELL SYSTEM PROCEDURES [1 , 2 J 

Most trunk group (except intertoll) loads are 
projected by a model of the form: a' = ap, 
where a is the current-year measured trunk-group 
load, ~' is ~he estimated future load, and p is 
a projection factor developed from trendedoffice 
growth rates. Thus, if the originating office, 
terminating office, and terminating area growth 
rates are denoted ·A, B, and T, respectively, 
then p might be selected from formulas such as: 
AB/T, (A+B) /2, AlE, ..-AB, A, or B. The key 
point illustrated generically in Figure la, is 
that a' is developed from nontrended base year 
trunk group measurements and, probably, trended 
office growth rates. Figure Ib illustrates why 
this technique often results in inaccurate and 
unstable trunk group load forecasts. We begin 
by assuming (optimistically) that the office 
load projections are completely stable so t 'hat 
the estimated values for p remain constant over 
several forecast years. Even under these ideal 
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conditions, the trunk load forecast is both 
inaccurate (the forecasts are always higher 
than the data trend in this example) and unstable 
(the consecutively numbered view's of the fixed. tar
get year vary consiaerably). The inaccuracy 
is attributable to the application of the aggre
gate, rather than the trunk group, growth rate. 
The instability, wh~ch would be greater if p 
were allowed to vary, is caused by the vari
ability of the trunk group's measured loads. 

Clearly the accuracy and stability could be 
improved by trending the trunk group loaditsel~ 
i.e., using the dashed line in Figure lb. The 
reason this approach has rarely been used is 
that traffic routing and the composition of end 
offices tend to change frequently, significantly 
affecting trunk group load levels and growth 
rates. Thus, as shown in Figure 2, it is not 
unusual for a trunk group to realize a signifi
cant loss in load in some year. Straightforward 
(nonrecursive) trending procedures require that 
the group's load history file be rescaled to 
account for such discontinuities. The need to 
save the history and to frequently perform this 
rescaling were the major deterrents to the 
direct trending of trunk group loads. 

Thus, the availability of sequential trending 
algorithms, such as the Kalman filter models, 
which do not require the storage or manipula
tion of history files suggests t~e feasibility 
of trending for improving the accuracy and 
stability of trunk group load projections. In 
fact, simple analysis shows that an equal
weight trend of 3-5 base load measurements can 
reduce the l-year forecast RMS error by 25-50 
percent. 

3. KALMAN FILTER PROJECTION ALGORITHMS 

3.1 GENERAL STRUCTURE 

Most existing trunk group load projection . 
algorithms assume linear or log-linear rela
tions between the future and current year loads. 
For example, the equation in Section 2 assumes 
a log-linear relationship between a' and a. 
Simulation experience indicates the class-of 
linear and log-linear algorithms are in fact, 
adequate for current planning (1-5 year) appli
cations. Thus, we assume that the true process 
dynamics are described by 

where: 

(i) 

(ii) 

~n+l = ~~n + ~n + ~n' (3.1) 

x is an s-vector of true state 
v~riables in period n. 

~ is an sxs transition matrix. 

(iii) ~ is an s-vector of random model
ing errors, i.e., random deviations 
of the true process about the 
assumed linear relation defined 
by ~. 

(iv) un is an s-vector of deterministic 
changes in state. 

The one-step projection is given by 

~ = ~~ + u , -n+l,n -n,n -n 
(3.2) 

where ~n+k,n is an estimate o~ ~n+k given data 
d-vectors Yl' ... 'Yn measured ln years 1 through 
n. 

The relation which distinguishes the Kalman 
filter (KF) from other linear estimation pro
cedures is the particular algorithm for com
puting ~n,n' i.e., 
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X 
-n,n 

(3.3) 

The dxs matrix H defines the relationship between 
the data variables ~n and the state variables~n' 
i.e., 

(3.4) 

where ~ is a d-vector of measurement errors. 
The sxd matrix Kn can be calculated by the 
algorithm given in the Appendix or can be pre
specified as a result of offline analysis 'of the 
mdoel parameters. The simplicity of relations 
(3.3) and (3.4) will be apparent when we discuss 
a simple KF model in the next subsection. 

The point here is that ~,n' the smoothed esti
mate of Xn, is derived as the previous one-step 
projection ~n n-l plus a linear combination 
(weighting) of the differences between measure
ments ~n and the previous estimate (forecast). of 
these measurements HXn n-l. The weights assigned 
to the difference term~ are the appropriate c.om
ponents of the so-called gain matrix Kn. It is 
also very important to note that xn n depends on 
xn n-l,Yn, Kn , and H, but not explihitly on 
Yl; ... '~n-l. Th~s, no data storage is required. 

We can give some insight into the effect Kn has 
on algorithm performance - without actually 
describing a specific model. It can be shown 
that Kn has terms which are directly proportional 
to the elements of the covariance Q matrix, which 
defines the variability of the true process 
random vector wn ' and invers~ly proportional to 
the elements of the covariance matrix R of 
measurement errors~. Equivalently, Kn is 
directly proportional to the uncertainty 
(variability) of the true state and inversely 
proportional to the uncertainty due to measure
ment variability. Thus, it is the "Q/R" rela
tion which defines the responsiveness of the 
filter (via the Kn matrix) to forecast errors 
(estimated by Y. -H3n n-l). Hence, Kn is the 
appropriate wei~ht tb 'balance stability and 
accuracy (detection). As the elements of Kn 
decrease (by decreasing Q or increasing R) the 
forecasts become more stable. As Kn increases 
(by increasing Q or decreasing R) forecasts 
become sensitive to (detect . and respond to) data 
which deviate from the assumed deterministic 
model, represented by the expected behavior of 
(3.1) . 

Generally, estimates of R, the covariance matrix 
of measurement errors v n ' are available. How
ever, Q is not as easily obtained. But, since 
it is the "ratio" of Q to R which is important, 
one can select R and empirically determine a Q 
which produces the desired degree of filter 
responsiveness to data. 

3.2 A SIMPLE TRUNK GROUP MODEL (TG) 

We discuss a two-state load projection model, 
TG. We use the model to illustrate by example 
the KF mechanism for quantifying the stability 

, versus accuracy tradeoff. 

There are two state variables for a given trunk 
group: 

x = .n (3.5) 

{

X the load in period n 

-n x = the growth increment in period n 
n 

Thus, s = 2. We assume that the trpe process x 
behaves (at least in the short run) on the -n 
average as a linear process. That is, the future 
load xn+k is , the current load xn plus k times 
the slope (Xn ). Hence, we define the ~ matrix 
to be 

(3.6) 
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The measurement system is modeled as follows. 
We assume only one data variable, i.e., y = an 
estimate of load xn-' Thus, d = 1, and Yn ~nd xn 
are related as Yn = xn + v n ' where vn is the 
load-measurement error in period n. This 
implies that H = 1. Since R was define to be the 
covariance matilx of the measurement errors, we 
can set R = var (vn ) = 0 2 . However, we can nor
malize R by any constant (e.g., ( 2 ) and then 
specify Q in units of that constant. Thus, we 
can set R = 1. It remains to specify the 2x2 
matrix Q in order that the KF model be complete. 

We now illustrate how the choice of various 
values of the components of Q influence the 
response of this KF model to the data Yn' 
First, we note that we can rewrite (3.3) as 

X -n,n 
[

X l = [X + k (n) ~n,n ~n,n-1 11 

x x + k (n) 
n,n n,n-l 21 

(Yn - xn,n_l] 
• (3.7) 

~yn - Xn,n-l) 

Hence, the entire smoothing process is determined 
by the specification of two sequences of numbers 

(1) (n) (1) (n) 
kll , ... ,kll , ... and k21 , ... ,k 21 , ... These 

"gain" sequences are often referred to as the 
a-sequence and 8-sequence, respectively. As we 
indicated previously, these gains tend to 
increase as appropriate elements of Q increase 
and decrease as 0 2 increases. Thus, if R is 
normalized to 1, these gains are essentially 
proportional to Q. We discuss the derivation 
of the gain sequence in Sections 4 and 5. 

We illustrate graphically in Figure 3, the 
filter operation and the role. of the gain 

sequence {ki~)} (and, hence, of the Rand Q 

matrices) for TG. 

Initially, attention should be focused on the 
trendline "n-l~ derived from n-l pieces of 
~ata, ¥.l""'Yn-l' Observe tha~ it passe~ 

among Yn-5""'Yn-l and that xn-l n-l 11es on 
that line. Further, xn n-l is a straight pro
jection of this line I-period ahead. ~lhen the 
"new" data point, Yn' is obtained, the slope of 
the trend line "n" is adjusted upward in the 
direction of Yn relative to Xn,n-l. The 
smoothed estimate xn,n of Xn is Xn,n-l plus a 

factor kl(nl ) times the increment y - X l' The n n,n-
new trend line passes through xn n and its 
extrapolation produces xn+l n' The choice of Q 

and R determines the k(n) a~d hence the 
"response" of the filt~~ to data point Yn rela
tive to xn n-l' Note that the smoothed estimate 
xn n of xn; not Yn' is projected into the 
future. Thu~we do not project all of the 
noise in Yn into the future. This-Is a funda
mental distinction between KF load projections 
and most existing load-projection algorithms. 

In summary, the KF algorithm is sequential 
(requires no history file maintenance) and it 
provides a mechanism for obtaining an optimal 
balance of the accuracy and stability attributes. 

4. FINDING THE BEST ALGORITHM 

In this section we summarize a phase of our 
study which combined analysis and computer 
simulation to investigate the performance of 
trunk group load projection algorithms over a 
wide range of operating conditions. 

The search for the best algorithm required two 
steps. The first resulted in the elimination 
of some "standard" algorithms and some Kalman 
filter models. Reasons for the initial pruni~g 
included computational complexity, lack of data 
availability, or generally poor quality projec-
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tions. The second step was a detailed comparison 
of the good algorithms (remaining from the first 
step) and the selection of a (single) best 
algorithm. 

4.1 THE APPROACH 

It was decided that the selection of the best 
algorithm could be based on equilibrium (steady
state) performance. (The notion of steady state 
has no meaning for conventional algorithms 
because they do not trend data. However, since 
the Kalman filter is sequential, its performance 
is sensitive initially to the amount of data 
processed. Eventually, steady state is reached; 
that is, algorithm performance becomes insensi
tive to the amount of data processed and signifi
cant weight is given only to the most recent 
data.) The result is that algorithms are com
pared at their theoretical best and the testing 
process is simplified. If the best equilibrium 
is a Kalman filter, its transient properties can 
be determined as a separate design step. (We 
discuss this step in Section 5.) 

Our evaluations focused on those factors which 
affect trunk group load forecast accuracy and 
stability. The broadest classification of these 
factors breaks them down into office character
istics and trunk group characteristics. 
Specifically, we were interested in the followimg 
office parameters: (i) main station (MS) growth 
patterns, (ii) MS forecast bias and variability, 
(iii) CCS/MS growth patterns, (iv) CCS/MS 
measurement error bias and variability, and (v) 
CCS/MS forecast bias and variability. Also, the 
following trunk characteristics were of interesc 
(vi) growth patterns, and (vii) measurement 
error bias and variability. A final key para
meter of interest is called (viii) the community 
of inter~st factor; it relates the trunk group 
load in some year, to the trunk group's 
originating-office load for that year. In sum
mary, it is assumed that trunk group loads (and 
hence forecasts of these loads) are directly 
related to the originating and terminating 
office loads and their associated community of 
interest factors. 

The general approach to evaluating algorithms was 
to vary end-office, trunk group, and community 
of interest factors (i)-(viii) over both typical 
and extreme values for various test networks. 
By using a simulation to verify analytical 
results, it was possible to compare the standard 
algorithms with each other and with Kalman 
filter algorithms in all operating environments 
of engineering interest. 

4.2 NARROWING THE CANDIDATE LIST 

In order to narrow the list of candidate 
algorithms we developed a network of 106 trunk 
groups. We computed forecast accuracy (average 
error), precision (variance), stability (view
to-view variance), and ID1S error. These 
statistics were computed over 30 years of reali
zations in order to assure statistical 
significance. 

4.2.1 STANDARD ALGORITH!-1S 

The two best algorithms were (A+B)/2 and AB/T. 
However, our studies showed that in most, but 
not all, cases (A+B)/2 had significantly lower 
RMS error than AB/T. Similar statements, sup
ported by analytical work, can be made about 
accuracy, precision, and stability. These 
results are summarized in Figure 4. 

It is important to note that the standard 
algorithms depend explicitly on office growth 
rates (e.g., A,B and T). Thus, as we discussed 
in Section 2, it is not uncommon that a 
straightforylard application of even the best 
standard algorithm often results in biased 
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forecast (because\of the use of aggregate 
growth rates) and ~nstable forecasts (because 
trunk group base loads are not trended) . 

4.2.2 KALMAN FILTER ALGORITHMS 

We considered and tested several Kalman filter 
models. The more complex models had as many as 
s = 8 state variables and d = 4 data variables. 
In addition to trunk group load, state and data 
variables included combinations of (originating 
and terminating) office loads, office growth 
rates, and community of interest factors. Some 
models were linear while others were log linear. 

In summary, none performed consistently or 
significantly better than the simple 2-state, 
I-data variable model, TG, introduced in 
Section 3.2. The additional variables usually 
are not highly correlated to trunk group load. 
Moreover, our testing showed that even when 
correlation is high, the benefit (e.g., reduc
ti9n in ID1S error) was minimal. ~vhen high cor
relation was incorrectly assumed, the ID1S error 
penalties outweighted the potential benefits. 

An additional benefit of TG relative to the 
standard algorithms and those Kalman filters 
modeling office characteristics is that TG is 
not susceptible to the effects of office load 
forecast bias. 

Finally, the simple TG equations were assumed 
to be easier to implement and maintain than the 
more complex Kalman filter models. Thus, we 
select TG as the best Kalman filter model. 

4.3 COMPARING TG and (A+B)/2 

In order to compare TG and (A+B)/2 in more 
detail, we expanded the test cases and system
atized the methods used in the initial screen
ing. Specifically, we focused on two key para
meters: correlation and variability. 

One of the key assumptions of the standard 
algorithms (e.g., (A+B)/2) is that trunk group 
load is a function of the originating and 
terminating office loads. To the extent that 
the trunk group growth rate is accurately 
modeled by the assumed formula, then the per
formance of the standard algorithm will depend 
primarily on the correlation, p , between the 
trunk group and its associated offices. Thus, 
it was necessary that the test cases in the 
final testing span a wide range of the possible 
correlations. We considered -.35 2 p 2 .45. 

The trunk group filter model predicts the future 
growth for a trunk group from its current trend 
unless information on planned network changes 
is available. Since the base load is the only' 
input to TG, the variability of the measured 
base is a significant parameter. To ensure 
that TG is tested over a wide range of t£unk 
group variability, a statistic is needed to 
index the variability of a base load time 
series. Since growth in the base load would 
distort a simple variance calculation, a linear 
least squares estimate (LLSE) of the base load 
is subtracted from the actual series of base 
load to give a new series with mean zero. Then 
this series is normalized by dividing through 
by the LLSE of the base load. The standard 
deviation of this series is a percentage. He 
will call this coefficient of variation STD. 
We varied STD from 8 to 30 with a few test 
cases at 40-50 percent. 

4.3.1 RESULTS: CORRELATION 

\ve first tested the assumption that high values 
of p will give "better" forecasts than will low 
values when using the existing methods. If 
true, one would expect to see a decrease in the 
RMS forecast error of (A+B)/2 as p is increased. 
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This ~as not the case. This seems to be 
because the variability of the base load is the 
major contribut~r to the RMS error of (A+B)/2. 

4.3.2 RESULTS: VARIABILITY 

The functional relationship between RMS errors 
for (A+B)/2 and TG versus STD is illustrated in 
Figure 5. In the range of variability studied, 
the ID·iS error of I-year forecasts using (A+B) /2 
is about 6 percent plus STD. 

The relationship between IDiS error for TG and 
STD shows a smaller intercept and slope than 
that for (A+B)/2. In fact, the average improve
ment in ID1S error is about 32 percent. In 
examining the particular cases circled, the 
most likely reason for TG's relatively weak per
formance in these cases was clear; outlier data 
in the first few years had disrupted the trend
ing process. The sensitivity of TG to outlier 
data motivates the need for an appropriate out
lier-screening algorithm, as discussed in 
Section 5. 

We should point out that RMS error is not a 
completely satisfactory measure of the per-
formance of load projection algorithms. The 
major reason is that~ in practice~ we cannot 
calculate it since the true load is never 
known. In fact, one cannot distinguish between 
highly variable true loads and highly variable 
measurement errors. Thus, RMS error is not 
easily calculated and may be difficult to inter
pret. This led us to believe that forecase 
stability, the variation of consecutive fore
casts for the same target year~ would be a 
meaningful statistic because it gives insight 
into algorithm performance and can be evaluated 
directly from data. Furthermore, forecast 
stability is of major importance to the 
facility planners. 

In Figure 6 the instability of TG and (A+B)/2 
are plotted as a function of STD. As one would 
expect, lines fitted through these points have 
intercepts at zero for both (A+B)/2 .and TG, for 
if trunk group load measurements have zero 
variability, then any reasonable forecasting 
method can give stable forecasts. However~ the 
slope of the line describing the instability of 
l-year forecasts of (A+B)/2 is approximately 
1.2 whereas the slope of the line through TG's 
data has a slope of about 0.33. Clearly TG is 
by far the more stable algorithm; in no test 
case is (A+B)/2 even nearly as stable. The 
average relative improvement in stability is 71 
percent. Note that even in those test cases 
where the IDiSE was worse for TG than (A+B)/2, 
the stability is much better. Since forecast 
variability has a major impact on facility 
inventory, L4] the significant increase in 
stability provided by TG is an important 
finding . 

4.3.3 CONCLUSION 

According to our simulation, reductions in 
l-year forecast RMS error by TG relative to 
(A+B)/2 were 32 percent ; improvements in 
stability were 71 percent. It should be noted 
that these improvements are even greater 
relative to AB/T and the other conventional 
methods. 

5. THE SEQUENTIAL PROJECTION ALGORITHM '(SPA) 

In the previous sections we motivated the need 
for a trunk group load projection algorithm 
which is reasonably stable and accurate( we 
concluded that theoretically the simple 2-state 
Kalman filter model, TG, was the best. 

In this section we overview additional steps 
necessary to convert TG into an implementable 
forecasting system, i.e.( SPA. These steps 
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are discussed further in [5J . SPA has five 
major components: algorithm initiation and 
transient response; outlier detection and cor
rection; estimation of future deterministic 
events; a data trending (smoothing) algorithm; 
and a projection algorithm. In addition, the 
projection and transient response designs com
bine to provide a capability for compensating 
for missing data. The logical interaction of 
these components is illustrated in Figure 7. 

5.1 DATA TRENDING AND PROJECTION 

The trunk group Kalman filter model TG, 
described in Sections 3 and 4, comprises the 
trending and pr.ojection functions of SPA. 
Recall that the one-year forecast of the base 
load is used a year later to update the data 
trend. The output of the trending algorithm 
is the "smoothed n estimates of the base load 
and the base-load growth increment. 

5.2 INITIATION AND TRANSIEHT RESPONSE 

In some Kalman filter applications the transient 
period is very short relative to the total time 
the filter is in operation. In trunk forecast
ing this is not true since the average length 
of time a trunk group remains in uniterrupted 
service (i.e., no rehoming or area transfer) is 
generally less than 10 years. Moreover, a 
filter algorithm will not necessarily remain in 
uninterrupted operation even throughout this 
time period; highly variable or outlier data 
may require that the algorithm be reinitiated. 
SPA is designed so that its transient response 
is at least as good as that of (A+B)/2 and so 
that it achieves its steady-state (and gives 
good variance reduction) as quickly as possible. 

5.2.1 INITIATION 

Our objective was to assure that the performance 
of SPA always be at least as good (in the sense 
of any of the aforementioned attributes) as that 
of existing algori thms. vJe achieved this objec
tive by initiating SPA with statistics derived 
from (A+B)/2, the best of the existing 
algorithms. 

5.2.2 TRANSIENT DESIGN 

Estimates of the nyear zero" trunk group load 
Xo 0 and its increment ~O 0 must be supplied to 
the filter as starting va1ues. Moreover, the 
initial estimation-error converiance matrix, 
Mo,o, is required. 

We used a combination of Kalman filter theory 
and computer simulation to derive estimates of 
these quantities. The theory detects incon
sistencies among modeling assumptions; the 
theoretical forecast R!1S error (derived from the 
R, r6, H, Q, and Mo 0 matrices) should not increase as 
more data are processed. The computer simula
tion allowed us to compare in detail the tran
sient responses of our various designs for SPA 
with each other and with (A+B)/2. To obtain 
statistically significant estimates of the 
forecast accuracy, stability, and ru~s error for 
each time series characterization, these 
statistics were averaged for each based year 
across a test network with 84 statistically 
identical trunk groups. In the transient 
analysis, only the first 10 years of filter 
operation were studied. 

Parameters crucial to the design of SPA's tran
sient response were 

(i) trunk group measurement error 
variance (ranging from 8-50 
percent) and 

(ii) 

ITC-9 

office growth rate bias ranging 
from 0 to 5 percent) . 

A partial summary of the results is shown in 
Figures 8 and 9. In Figure 8, we plot the 
transient instability of the . response of the 
one-year forecasts of SPA and (A+B)/2 for a 
10-year span. Note that the stability improve
ment relative to (A+B)/2 occurs as soon as two 
data points have been processed. In this 
example there has been a 60 percent improvement 
in the first year alone. ' In summary, our results 
show that SPA will give an immediate improvement 
in forecast stability and a subsequent improve
ment in foreca~t accuracy, relative to (A+B)/2. 

5.2.3 FILTER GAIN SEQUENCE 

According to the filter description in the 
Appendix and in Section 3.2, the gain matrix Kn 
must be calculated using equations (a)-(d) for ' 
each year n. In Figure 9 we plot the l-year 
and 5-year ruffi forecast errors for both SPA and 
an implementation of SPA which uses the same 
gain sequence as TG for the first 10 years of 
operation but continues to use the 10th gain in 
succeeding years. As can be seen, there is 
very little difference in forecast error even 
over 20 years. This sequence can be precal
culated and stored for ease of implementation. 
Thus, due to the reduction in computation, SPA 
will use a stored gain sequence of length ten. 

5.3 OUTLIER DETECTION AND CORRECTION 

We define outlier data to be data containing an 
unusually large measurement error, and unplanned 
deterministic event, or possibly a significant 
change in the overall trend (growth rate) . 

In Section 4.3.2, especially Figure 5, we 
indicated how outlier data can degrade the 
quality of TG forecasts. In fact it is the 
accuracy rather than the precision component of 
ru~s error which is most affected by outlier 
data. Thus, in order to improve, or keep out
lier data from degrading, forecast accuracy, 
we include this screening capability in SPA. 

The techniaue is to compare each base load 
measurement with the one-year forecast of that 
load. Significant differences, typically in 
excess of 25 percent are initially labeled 
outliers. Actual thresholds for outliers 
depend on typical measurement and forecast 
error characteristics and on the ability of SP~ 
to recover from data included erroneously in 
the trending process. 

If an outlier is detected, special precautions 
are taken to insure that erroneous data do not 
have an adverse effect on forecast accuracy. 
However, outlier data cannot be deleted auto
matically, since they may signal an actual and 
significant change in the data trend. Auto
matic deletion would degrade forecast stability 
as the filter tries belatedly and hastily to 
find the new trend line. Thus, SPA "corrects" 
the first outlier to be within the screen (the 
actual correction depends on the error sign and 
magnitude); it assumes that two consecutive 
outliers with the same error sign signify the 
start of a new trend. The result is an example 
of the stability versus accuracy tradeoff dis
cussed in Sections land 2. The ability to 
detect outliers and improve accuracy results in 
a slight degradation in forecast stability 
because SPA reinitializes itself (restarts the 
gain sequence) when the screen indicates the 
need to calculate a significantly different 
trend line. Figure 9 shows the impact of 
including the outlier screen in SPA; the 
theoretical average stability improvement o~ 71 
percent is reduced to about 53 percent when 
outliers are detected. In a similar manner, 
ruffi error improvement is reduced from 32 percent 
with TG to 22 percent with SPA. 
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After a new data point has passed the outlier 
screen, the trending algorithm updates the esti
mate of current base-load and load growth incre
ment. The projections of the future loads ar~ 
then obtained by extrapolating the current esti
mates and including the effects of any deter
ministic events. 

5.4 DETERMINISTIC EVENTS 

Deterministic events fall into two categories: 
those rela,ted to network rearrangements (e. g. , 
rehomings) and nonnetwork nonrecurring events 
(e.g., area transfers of main stations). The 
impact of network rearrangements is determined 
by the forecaster in exactly the same manner as 
is aone today with existing methods. The 
impact of nonnetwork deterministic events is 
determined from main station (1-1S) forecasts and 
CCS/HS forecasts. These impacts affect load 
projects via the ~ term in (3.2). The pro
ceoures used in SPA are new but similar in 
philosophy to those used today. 

6. CONCLUSIONS AHD FUTURE \vORK 

SPA has been aesigned to operate wi th essentially 
the same aata that is used by existing methods. 
In addition, it provides the forecaster with a 
tool for detecting ana correcting erroneous 
data ana compensating for missing data. Under 
normal operation, our theoretical and simula
tion results predict that SPA will perform 
significantly better in terms of stability and 
have somehwat better accuracy than the existing 
methods. Horeover, when outlier data occur, SPA 
has been designed to perform at least as well as 
the existing methods. 

Specifications have been written for the inclu
sion of SPA in the Bell System's Traffic Routing 
and Forecasting System. A field study of SPA at 
Illinois Bell Telephone Company (IBT) is also 
underway. IBT completed the implementation of 
SPA in March, 1978, and they are using it in 
parallel with their existing procedures. The 
preliminary field trial results are documented 
in a companion paper.[S] 

SPA is also being tested by loT for the projec
tion of point-to-point data. However, the 
general application of Kalman filtering for 
projection of point-to-point loads is still 
under study. The problem is similar to trunk 
group load projection; however, the large pro
portion of very small, highly variable loads 
may require filter moaels which differ from 
those already analyzed. 
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APPENDIX A 

CALCULATION OF KALMAN FILTER GAINS 

The basic equations of the Kalman filter algo·, 

rithm are given by (3.1) where Q=EI~nw~I, and 

(3.5) with R=EI~~I. The standard assumptions 

are: E(~) = E(~) = 0 for all n, EI~vII = 0 

for all (n,t), EI~wil = 0 for n ~ t, and 

EI~~il = 0 for n ~ t. 

The smoothed estimated ~n,n is calculated for 
n > 1 as: 

(a) 

(b) 

(c) 

(d) 

~n+l,n flS~,n + ~n 

n ~ n + 1 

T T-l 
Kn = Mn,n-lH [HHn,n-lH +R] 

l-ln ,n [I-KnH]Hn,n_l 

1-1 flSM flST + Q -n+l,n n,n . 

\vhen n = 0, the user supplies the (best) initial 
estimates ~O,O of the state variables ~O. In 
addition, an initial mean square error matrix 
MO 0 is provided, carefully -selected so as to 
minimize the error characteristics of the 
initiation transients. 
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