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A diagnostic study of tropical cyclone
forecasting in Australia

T. D. Keenan, Head Office, Bureau of Meteorology, Melbourne
(Manuscript received November 1981)

An analysis is presented of tropical cyclone position and intensity forecasts issued
operationally within the Australian region during the period 1973 to 1980. It is found
that although the average errors were large the accuracy in movement forecasts steadily
increased during the study period. Similarly, intensity forecasts were found to exhibit
large errors. A diagnostic study of the ability of statistical objective schemes to predict
tropical cyclone movement is also undertaken. Even when storm motion is difficult to
forecast, past track data most often explain more variance than the synoptic data.
However, the latter tend to become a more important predictive source for longer-term
forecasts. A brief outline of research with important operational applications for the

future is also given.
Introduction

The annual world-wide damage bill from tropical
cyclones was estimated by Southern (1979) to be in
excess of $A6000 million. It is not surprising that
accurate forecasting of tropical cyclone behaviour is
one of the most important areas of meteorology.

The hazard presented by tropical cyclones is
variable and has been shown by Friedman (1977) to
depend upon the population at risk, their
vulnerability, the storm frequency and intensity, and
the way in which the storms interact with the
particular locations. The daunting task facing the
meteorologist is to produce, in a high stress
situation, accurate forecasts of tropical cyclone
position, direction of movement, intensity, peak
tides, rainfall and flooding so that appropriate
protection or hazard reduction can be implemented.
As the very maintenance of tropical cyclones is
dependent on a synoptic and cumulus-scale
interaction, understanding how a tropical cyclone
functions, let alone deriving a forecast, does not
represent a trivial problem. Nevertheless, with the
large-scale development presently occurring in
many tropical cyclone areas, including Australia,
the pressure for such forecasts cannot be ignored. It
is relevant therefore to consider what the present
accuracy of tropical cyclone forecasts is in
Australia, how well the various sources of
information presently available to the meteorologist
can reduce the forecast errors, and what are some
future developments likely to be important.

An analysis of Australian operational
tropical cyclone forecasts

An error analysis of Australian objective tropical
cyclone movement forecasting schemes was recently
reported by Keenan (1981). However, operational
forecasts are inherently different, derived with
impending deadlines, lack of reliable information

and often variable decision-making processes. They
are also the important ones, as they form the basis
on which the crucial life dependent and economic
decisions must be taken. A knowledge of their
accuracy is therefore important, as a ‘bench mark’
must be present and known for both the
meteorologist and his customers, so that proper
assessments of forecast information can be
undertaken.

A summary of Australian operational tropical
cyclone position forecasts, in the form of seasonal
mean vector errors, from the seasons 1973-74 to
1979-80 is given in Fig. 1. The mean error data were
derived by verifying the advisory initial position, 12-
hour and 24-hour forecasts given to the National
Meteorological Analysis Centre (NMAC) in
Melbourne by the three Australian Tropical
Cyclone Warning Centres, situated in Perth, Darwin
and Brisbane. Each forecast was verified by using
the subsequent ‘best’ track data derived by careful
post-analysis and provided by Lourensz (1981). The
Australian area of tropical cyclone responsibility is
shown by Crane (1981) and basically extends from
longitudes 80°E to 160°E.

The initial position error is the difference between
where the storm centre was thought to be at the
forecast time and where it was subsequently
analysed to be in the best track. This difference
arises because of numerous factors such as the
source and accuracy of information available to the
forecaster and variations between locations assigned
by different forecasters. The operational importance
or this error was demonstrated by Neumann
(1975a), where it was shown that in the Atlantic
Ocean, for a 12-hour landfall forecast,
approximately 45 per cent of the error could be
attributed to a 45 km initial position error.

The average initial position error over the seven
seasons used in Fig. 1 was approximately 69 km,
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compared with approximately 32 km for the period
1970 to 1979 in the Atlantic region (Neumann and
Pelissier 1981) and about 40 km for the northwest
Pacific (Bell 1979). Although the Australian figures
are poor by comparison it should be noted that the
other regions have benefited from better

observational data, especially satellite and aircraft
* reconnaissance. It is also apparent in Fig. | that
Australian initial position errors have been
decreasing over the seven-season period to values
nearer those obtained in the Atlantic and northwest
Pacific.

Fig. 1 Seasonal mean vector errors of 0, 12 and 24-hour
operational tropical cyclone forecasts in Australia.
The number of forecasts in each mean is indicated.
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The spatial distribution of the Australian initial
position errors is shown in Fig. 2 by presenting 67
percentile ellipses from bivariate normal
distributions fitted to the errors. In this display, the
verifying position is always the origin and, for
example, storms erroneously placed northeast of
their actual position would appear in the top right-
hand corner. Individual errors have been omitted for
simplicity. Hereafter this mode of spatial error
presentation will be employed unless stated
otherwise. The three distributions are: all cases
available in the seven-season period; 154 cases
where the storm fix was within radar range; 146
cases not within radar range, but obtained since the
advent of the Japanese Geostationary
Meteorological Satellite (GMS-1). The GMS-1
commenced operation prior to the 1978-79 tropical
cyclone season. The importance of the data source is
obvious with the areas of the 67 percentile ellipses
for the radar and post-GMS-1 cases being 20 and 42
per cent of the long-term initial position 67
percentile error ellipse area. The mean initial
position error for the radar (post GMS-1) fixes was
334 (47.4) km and the standard deviation 25.3

(39.4) km. As the most critical forecast situations
are near landfall, where radar coverage is now
reasonable (see Holland 1981), it can be anticipated
that the most important Australian forecasts suffer
about the same degree of landfall error, due to
initial position errors, as the Atlantic and Caribbean
areas. Recent work by Shimada (1979) and Lajoie
(1982) suggests that the use of GMS-1 equivalent
black-body temperature fields can reduce satellite
derived initial position errors to about 30 km.

Fig. 2 Spatial distribution of 1973—74 to 1979—80 initial
position errors as given by the 67 percentile ellipses
of the approximating bivariate normal
distributions. The origin represents the verifying
position and the centroids of the ellipses are
marked by crosses. The number of cases used in the
derivation of each probability ellipse is given in the

parentheses.
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A feature of Fig. 2 is the greater error in the
longitudinal placement of the storms, in all but the
radar-positioned set. As the zonal speed of the
storms is usually greater than the meridional speed,
storm fixes produced by extrapolation would cause
such errors. The convergence of the meridians at
higher latitudes in the standard GMS-1 sector
displays would also contribute to such position
errors. It should be mentioned that the GMS-1
satellite was not the only satellite employed in fixing
the position of the tropical cyclones in the last two
seasons of Fig. 1.

The average vector errors for the 12 and 24-hour
forecasts for the seven-season period were 150 and
263 km respectively compared with average 24-hour
errors of: 204 km in the Atlantic fo: the 27-year
period 1954 to 1980 (Neumann 1981); 233 km in the
northwest Pacific for the period 1966 to 1975
(Jarrell et al. 1977); 254 km in the northern Indian
Ocean for 1971 to 1980 (Joint Typhoon Warning
Center 1980). The relative skill of these mean errors
is difficult to assess because of differences in the
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Fig. 3 Bivariate normal distribution of 67 percentile
ellipses of the operational 12 and 24-hour tropical
cyclone forecasts during the 1973—74 to 1979—80
seasons. The origin represents the verifying
position and each cross an ellipse centroid.
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Fig. 4 As for Fig. 3 but for 24-hour forecasts with the
error distribution now on a coordinate system
aligned along the direction of tropical cyclone

motion at the forecast time. Positive TR is to the

right of the direction of motion and positive LG is
in the direction of storm motion.
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observational networks, the initial position errors,
the climatological behaviour of the storms, the
availability and performance of forecast aids etc.
However, the two worst results occur in the
Australian region and the northern Indian Ocean,
where there is generally the least observational data.

The spatial distribution of operational forecast
errors is important to elucidate biases. Hence the

approach adopted in Fig. 2 has been repeated in Fig.
3 for the 12 and 24-hour operational movement
forecasts. Unfortunately all the forecasts used in
Fig. 1 were not available for this analysis. At the 12-
hour (24-hour) forecast interval, 137 (217) of the 695
(246) cases in Fig. ! were included. Consequently
attention is primarily directed to the 24-hour
forecasts.

At both the 12 and 24-hour forecast interval the
greatest error in operational forecasts arose in the
zonal placement of the storms. At the 24-hour
interval there was also a tendency to forecast both
southwest and northeast of the actual locations. This
can be interpreted as incorrectly forecasting typical
tropical cyclone motion, i.e. forecasting
southwesterly or southerly motion when it did not
occur and failing to capture such motion when it did
occur. The mean offsets in Fig. 3 were not
significant at the 95 per cent level as judged by the
Student-t criteria.

The spatial distribution of the 24-hour forecast
errors is further examined in Fig. 4 with the Y axis
now aligned along the storm direction of movement
at the forecast time. Most forecast errors in the Y
direction can by traced to along-track errors (note
directional errors also contribute) while X direction
errors are principally due to cross-track errors. The
three cases represent: all available 24-hour
forecasts; 24-hour forecasts where the storm speed
was less than the sample median storm speed (3.35
m/s); 24-hour cases where the storm speed was
greater than the median speed.

The distribution fitted to all the cases shows that
the greatest source of errors occurs along the initial
direction of storm motion. A slight bias which could
come by incorrectly predicting acceleration to the
left or deceleration to the right of the direction of
motion is also evident. The fast moving storms are
also, on average, associated with the larger forecast
errors (the area of the 67 percentile ellipse is
approximately 38 per cent greater than that of the
total set) and have an even larger cross-track bias.
The slower-moving storms generally produced the
smallest errors, but had an opposite cross-track
bias. This bias can be caused by forecasting
movement too quickly to the right or too slowly to
the left of the direction of motion.

Trends in the mean position errors are difficult to
assess because of possible variations in the degree of
forecast difficulty within each season. However, the
degree to which storms follow persistent or
climatological behaviour can be used to normalise
the seasonal means and give such information.

Various approaches have been employed to
compare the inter-annual variation of mean forecast
errors, but for this study the following method was
used. Each seasonal mean forecast error was
adjusted to yield a seasonal forecast index, SFI,
derived by the following expression

SFI = 100(E~E)/3, ol
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where E = the operational seasonal mean vector
error,

E, = the seasonal mean persistence
forecast error derived using best
track data, and

o = the standard deviation of E .

Persistence forecasts were derived by projecting, for
the appropriate interval, the past 12-hour motion of
the storm. It should be noted that the mean 12 and
24-hour persistence errors derived from best track
data are on average about 46 and 27 per cent lower
than the respective operational mean forecast
errors. This by itself is a comment on the degree of
forecast difficulty under operational conditions.
This difference, however, forces the SFI to be
positive, but for the purposes used here the relative
changes of the SFI are the most important
consideration.

The SFI variation for the 12 and 24-hour
forecasts is shown in Fig. 5. At each forecast
interval the SFI has also been derived with Ep', a
persistence forecast derived with a simulated initial
position error achieved by randomly selecting
Gaussian variates which had a standard deviation of
69 km and then by perturbing the persistence
forecasts with these variables. This process was
employed in an attempt to incorporate the initial
position error component of variation. Negative
SFI values derived with E' indicate that the
operational forecasts have skilr over these simulated
operational persistence forecasts. The dotted lines in
Fig. 5 represent a linear least squares approximation
of the data.

Using E, both forecast intervals showed a
decreasing SFI, indicating that the tropical cyclone
forecasts did improve during the seven seasons.
With Ep', the trend was not as marked although a
gradual improvement was still evident. In the later
seasons at the 12-hour interval, and in all seasons at
the 24-hour interval, the operational forecasts had
more skill than the simulated operational
persistence forecasts. The relative change in skill
over the seven seasons is probably better represented
by the E_derived SFI, since the best track data show
the true variability of the storm tracks. Further
work is necessary to more reliably interpret the
seasonal changes in these mean forecast errors.

The accuracy of operational tropical cyclone
intensity forecasting was investigated by extracting
the 0, 12 and 24-hour central pressure forecasts
from the 1973 to 1980 NMAC advisory data. Each
initial and forecast pressure was verified against the
post-analysed best track data. A persistence forecast
was also obtained from the post-analysed data. In
this context, the persistence forecast meant using the
post-analysed pressure valid at the forecast time, as
the forecast pressure. This represents another non-
skilled forecast procedure. Again only a limited
amount of 12-hour pressure forecast data were
available for verification.

The resultant r.m.s. errors presented in Table 1

Fig. 5 Variation of SFI for 12 and 24-hour operational
position forecasts. The solid line (—) represents
the SFI derived using ‘best’ track persistence
forecasts and the line ( ) represents the SFI
with a simulated intitial position error in the best
track persistence forecasts. The dotted line (— —)
is a linear least squares approximation to the data.
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show that the errors in operational central pressure
forecasts are large and considerably inflated by the
unreliable initial pressure estimates, on which the
forecasts must be based.

The central pressure errors, by various
techniques, can be translated into another important
measure of storm intensity, the maximum wind
speed. For this study it was assumed that the
minimum sea level pressure of the storm could be
directly related through the current intensity
number to the maximum sustained wind speed using
the Dvorak (1975) technique. The resulting
maximum wind speed errors, implied by the central
pressure errors at two typically encountered central
pressures, are also given in Table 1. They are large
and their significance is evident when it is considered
that for a 24-hour forecast, for storms with a 990 mb
central pressure, the error represents about 65 per
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Table 1. Accuracy of operational tropical cyclone intensity forecasts.

Pressure forecasts Max windspeed forecast errors
m/s
Forecast Number of Persistence ( /%) .

interval (hr) cases r.m.s. error f.M.S. error Storm _intensity(mb)
(mb) (mb) 990 955

0 191 10.6 — +8 +5

12 16 12.5 4.4 +10 +7

24 151 15.0 11.9 +13 +9

cent of the average maximum wind speed. The
impact of such errors is further highlighted when a
study by Boyd et al. (1971) has shown that the cost
of tropical cyclone damage can vary up to the fourth
power of the wind speed.

The skill of the intensity forecasts is difficult to
reliably assess because of the magnitude of the
initial errors. However, if it is assumed that the
variance of the central pressure errors can be
partitioned between a forecast error and an initial
error, then the r.m.s. forecast errors are
approximately 7 mb at 12 hours and 11 mb at 24
hours. These last two errors are larger at 12 hours
and slightly less at the 24-hour interval than the
persistence forecast errors in Table 1. Despite the
non-robustness of this analysis, it must be concluded
that operational intensity forecasts are not accurate
or skilful.

A diagnostic examination of tropical
cyclone movement forecasting

Neumann and Pelissier (1981) have concluded that
hurricane forecasting in the Atlantic region has
almost been in a plateau region since the most
evident improvements from 1950 to mid-1960.
Gentry (1973) suggested that the early improvement
was principally due to better reconnaissance of
hurricanes, improved individual skills, greater
research-forecaster cooperation, and the
improvements in objective guidance. As the
Australian situation has not demonstrably reached
this plateau, it is relevant to consider some areas
presently under-exploited in Australian tropical
cyclone forecasting.

The utilisation of satellites, especially
geostationary satellite data, represents one such
area. Recent work by Lajoie (1982) has
concentrated on this avenue to reduce initial
position errors and to increase short-term
movement forecasting capabilities. The
development of objective aids, both through
numerical modelling and statistical techniques, is
also important for the longer-duration forecasts. As
time constraints with presently available computer
capabilities restrict the operational application of
numerical models, the interim guidance must rest
with the statistically-based approaches. A diagnostic

examination of current sources of predictive
information available to such techniques is therefore
undertaken. The aim is to reveal how much each
source of information can potentially contribute to
statistical guidance forecasts and to provide a
background understanding of the development of
these techniques.

The diagnostic analysis was performed on 856
Australian tropical cyclone situations occurring
between November 1970 and May 1980. The
approach follows that of Neumann and Hope (1973)
in that an examination is made of the variance
explained with regression equations which relate the
various predictive sources to subsequent tropical
cyclone motion. Only the dependent data sets are
examined. The three basic sources of predictive
information examined were climatology, past storm
motion and synoptic data. These three sources were
examined both separately and jointly by developing
regression equations from them, for the prediction
of zonal and meridional tropical cyclone movement.

The climatological data set consisted of the
average components of tropical cyclone motion for
the 5° x 5° latitude-longitude square in which the
subject storm was situated. The past motion or
persistence forecast was derived from the previous
12 and 24-hour components of the storm movement.
The synoptic data were derived from standard
Australia region grid-point analyses (Seaman et al.
1977) routinely archived by the Bureau of
Meteorology. Prognostic synoptic data were
unavailable and only best track storm data were
employed.

To formulate the synoptic based predictions the
121 element 220 km x 220 km storm-referenced
grid, shown in Fig. 6, was derived from the standard
synoptic archives by a two-dimensional Bessel
interpolation procedure. Only 700, 500 and 300 mb
geopotential height and 500 mb past 24-hour
geopotential height changes on this grid were
analysed. As this synoptic data base provided 484
potential predictors, it was prudent to undertake
some prior screening before the final regression
analyses. Stepwise screening, firstly of the individual
pressure height fields to obtain a set of the most
highly correlated grid points and then stepwise
screening of these sets in combination, yielded a
final group of 28 synoptic predictors. An example of
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the procedure for the first step is shown in Fig. 6.
Here the mean 500 mb geopotential field (Fig. 6(a))
and the correlations with the next 24-hour zonal
(Fig. 6(b)) and meridional (Fig. 6(c)) storm
displacements are shown. The most notable features
are the high inter-correlation between grid points,
and the concentration of the highest correlations.
The zonal component of motion is most highly
correlated with 500 mb geopotential heights about
10° south of the storm, while the meridional
component is most highly correlated with the
geopotential heights around 10° to the southwest of
the storm. Larger geopotential heights to the south
imply greater westward movement, while smaller
geopotential heights to the southwest and larger
geopotentials to the east imply greater southerly
movement. These correlations are easily interpreted
as a 500 mb ridge to the south providing a westerly
steering current and a trough and ridge
configuration providing a basically southerly
current. It is also evident that the correlations were
generally weakest north of the storms where
climatological data can often form the basis for the
analysis. However, higher order partial correlations
were often largest north of the storm.

The movement regression equations were
developed using the UCLA Biomedical computer
program BMDO2R stepwise muitiple linear
regression (Dixon 1970) package. The equations
were developed using the four basic sources, as given
in Table 2, for 12, 24, 36 and 48-hour forecasts. The
stepwise screening procedure was terminated when
an additional predictor increased the explained
variance by less than one per cent. The results of the
analysis were primarily judged by examination of
the reduction of variance (RV) of each regression
equation, the standard error of the estimate (SE)
and the standard deviation (SD) of the predictant.
The reduction of variance is given by the following
relation

RV = 1-(SE)*/(SD)* L2

It is dependent on both the standard error of the
estimate and the sample standard deviation, so care
should be taken in using it as an absolute measure of
errors in different samples. It is a measure of how
much variance of a particular data set is explained
with the regression equation.

The results of this diagnostic analysis, when using
all the available data, are shown in Fig. 7.
Comparison of the reduction in variances indicates
that the meridional motion of the tropical cyclones
is harder to forecast than zonal motion, despite the
fact that the larger zonal motion still causes the
greatest forecast errors. In addition the reduction of
variance obtained with all predictive sources
decreased as the forecast interval increased.

Examination of the relative value of the individual
sources in Fig. 7 shows that except for zonal
forecasts larger than about 30 hours, where the
synoptic component was largest, the past storm

Fig. 6 Storm referenced 220 km x 220 km grid with the
mean 500 mb geopotential height field (m) of the
768 24-hour forecast situations superimposed. The
correlation of the 500 mb geopotential heights with
the 24-hour zonal (positive to east) and meridional
(positive to north) displacements are also given. A
summary of the mean characteristics of the 24-
hour developmental data base has also been
included.
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Table 2. Sets of potential predictors used in the development of the diagnostic regression equations.

Regression equation Potential predictors Number of Potential
data source predictors
Climatology Zonal, meridional climatological 2
mean motion for the forecast
interval
Persistence Zonal, meridional past 12 hr 4
and 24 hr motion projected to
match the forecast interval.
Synoptic 700 mb, 500 mb, 300 mb 28
geopotential heights and 500 mb
past 24 hr geopotential height
change.
Combined All above data 34

Fig. 7 Error analysis of tropical cyclone regression
forecasts when all available data were used as
the developmental base. The separate lines show
errors obtained with the climatological predictor
set (—. —.), the synoptic predictor set (—), the
persistence predictor set (....) and when the three
predictor sets were screened in combination (- - -).
The number of cases available at each interval is

indicated.
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motion provided most predictive information. By
combining all sources, the reduction of variance
only increased by about 10 per cent from the
persistence curve and in all cases persistence was the
predictor selected first. The climatological data
were easily the worst source of predictive
information, explaining less than 10 per cent of the
variance in both directions.

Neumann (1975b) presented similar results from
the developmental data base of the NHC-72
technique employed in the Atlantic region. The
combined equations in this region explained about
six to 10 per cent more zonal variance and 15 to 20
per cent more meridional variance than in the
Australian use. The increase was reflected both in
the persistence contribution and at the longer
forecast intervals with the synoptic component. Also
the relative contribution of the synoptic source
increased with the forecast interval and persistence
was the major predictive source to around 38 hours
in the zonal direction and 30 hours in the meridional
direction. Their climatological data also gave zonal
direction reduction of variance approximately four
times those found with the Australian data. This
comparison implies that the Australian storms are
probably inherently harder to predict because-they
do not exhibit the same degree of persistence in their
motion, they are more often at lower latitudes, and
there is a sparser observational network, especially
in the Indian Ocean. This lack of reliable data and
the lower average latitude of the Australian tropical
cyclones make it inherently more difficult to employ
mass field derived steering relationships.

Because of the above difficulty the analysis was
repeated with the Australian data stratified into
storms north and south of 15°S. The results for
these two groups are shown in Figs 8 and 9. In the
zonal direction, the greatest reduction of variance
for the two groups was obtained from the combined
source equation for storms north of 15°S. This
occurred because of the relatively greater






