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Introduction 
In response to a demand for high accuracy low-level 
wind forecasts for the wind energy sector, the Centre 

for Australian Weather and Climate Research has de-
veloped a 10 km resolution assimilation and predic-
tion system. The model (named WLAPS for research 
purposes, with W denoting its wind-energy focus), is 
an extension of the Bureau of Meteorology’s existing 
operational limited area prediction system (LAPS), as 

Verification of a high-resolution 
mesoscale NWP system

Claire L. Vincent, William Bourke, Jeffrey D. Kepert, Mohar Chattopadhyay, 
Yimin Ma, Peter J. Steinle and Chris I.W. Tingwell

Centre for Australian Weather and Climate Research – A partnership between the 
Australian Bureau of Meteorology and CSIRO, Australia

(Manuscript received June 2007; revised June 2008)

Accurate prediction of low-level winds is an important re-
search area for wind farm forecasting applications. The 
Centre for Australian Weather and Climate Research has 
extended its existing numerical weather prediction (NWP) 
capabilities to develop and implement a mesoscale assimila-
tion and prediction system (named WLAPS for research pur-
poses) which is shown to be an improvement on the Bureau’s 
existing mesoscale model, mesoLAPS (denoted MLAPS). The 
usefulness of WLAPS as a tool for wind forecasting stems 
mainly from the fact that it has its own 10 km resolution data 
assimilation scheme, in contrast to earlier Bureau of Meteo-
rology mesoscale models which were initialised by interpola-
tion from 37.5 km assimilation analyses. 
    WLAPS performs well against several verification cri-
teria, including: verification scores of gridded output that 
compare forecasts to model analyses, observation statistics 
which verify the forecast and analysis against observations, 
and event-based case studies. Where relevant forecasts are 
available, the performance of WLAPS is compared with that 
of its ~12.5 km resolution predecessor MLAPS. 
    As part of the WLAPS project, the model has also been 
extensively verified against observational data from 53 hub 
height (40-80 m) wind towers across southern Australia. Af-
ter bias corrections, WLAPS is shown to have a root mean 
square error (RMSE) of around 2 m s-1 (depending on site 
type and season) for 1 to 12-hour forecasts, with bias close 
to zero. The inclusion of direction and stability information 
in the bias correction procedure is shown to have a positive 
impact on the forecasts. Verification against low-level winds 
is suggested as a useful criterion for mesoscale verification, 
since we expect the full range of scales of atmospheric motion 
to be present in low-level wind observations. 
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described by Puri et al. (1998). WLAPS was imple-
mented as an operational mesoscale model at the Aus-
tralian Bureau of Meteorology in December 2007, un-
der the name MA-LAPS for Mesoscale Assimilation 
Limited Area Prediction System. This paper presents 
verification results for WLAPS, with a particular fo-
cus on its suitability for wind farm forecasting appli-
cations. As well as providing improved forecasts for 
the wind energy sector, WLAPS will have numerous 
other forecasting applications including severe weath-
er prediction, aerodrome meteorology, fire weather 
forecasting and marine weather forecasting. Given the 
importance of accurate, short-term forecasts for the 
wind energy sector, the verification results presented 
here are focussed mainly on 1 to 36-hour forecasts.
 Accurate forecasting of mesoscale features is im-
portant for wind farm operation. Wind speed vari-
ability is amplified when it is mapped to wind power 
variability due to the cubic relationship between wind 
power and wind speed. Likewise, sudden increases 
in wind speed are critical because wind turbines shut 
down at wind speeds of greater than about 25 m s-1, so 
that the power output goes from maximum to zero in a 
short space of time. 
 High-resolution data assimilation is a necessary 
condition for accurate characterisation of mesoscale 
features in the model. If the positions and amplitudes 
of systems are erroneous in the analysis, then these 
errors will propagate in time, and systems are unlikely 
to develop or weaken correctly. Also, mesoscale forc-
ing may take several hours to ‘spin-up’ features in a 
model that does not include mesoscale features in its 
analysis, and in the case of non-static forcing such as 
a region of surface convergence, features may not de-
velop at all (Dance 2004). 
 Verification of NWP models is far from straight-
forward, and there are particular challenges associated 
with mesoscale verification. The superior performance 
of high resolution NWP models often fails to be cap-
tured by traditional verification techniques. Rife et al. 
(2004) found that in terms of wind speed or direction, 
increasing model resolution did not yield the expected 
improvements according to traditional verification 
methods. Similarly, Nachamkin (2004) noted that 
standard verification methods were not well designed 
to evaluate meteorological events which are ‘tangible 
entities with distinct properties like size, shape, in-
tensity and location’. Mass et al. (2002), Baldwin et 
al. (2001) and others point to the dilemma of over-
penalising a high-resolution model in cases where a 
well-defined and well-forecast feature with a small 
timing error scores comparatively worse than a low-
resolution model with an ill-defined (and possibly 
poorly timed) feature. 
 A number of techniques have been developed to 
address the challenges of mesoscale verification, in-

cluding: spectral decomposition of forecast time series 
(Rife et al. 2004); verification using meteorological 
composites (Nachamkin 2004); alternative statistics 
including anomaly correlation, object-based verifica-
tion and variance anomalies (Rife and Davis 2005); 
and events-oriented verification based on pattern rec-
ognition techniques (Baldwin et al. 2001). This diver-
sity of verification techniques suggests that thorough 
assessment of a mesoscale model requires verification 
using a range of strategies. In this paper, four different 
verification techniques are used to show that WLAPS 
is both an improvement on the Bureau’s operational 
mesoscale model, and that it is an effective tool for 
wind farm forecasting. 
 In the next section, the specifications of the WLAPS 
system, which was run for two six-week periods in 
winter 2005 and summer 2005-06 respectively are 
briefly described.. The following section summarises 
the methodology of the four verification techniques 
and discusses their relative strengths and weaknesses. 
Next, two conventional methods of verification are 
presented which involve comparing the model fore-
casts with the model analyses, and comparing the 
model forecasts and analyses with observations. To-
gether, these methods are used to show that on aver-
age, WLAPS provides more accurate forecasts than its 
operational predecessor MLAPS.
 Two case studies are then presented that illustrate 
the performance of WLAPS in two severe weather 
events during winter 2005, and the differences be-
tween WLAPS and MLAPS are examined. 
 Finally, the usefulness of WLAPS as a tool for 
wind farm forecasting is explored. Several bias cor-
rection techniques are discussed, and it is shown that 
by including stability and wind direction information 
in the bias correction process, the WLAPS forecasts 
can be significantly improved. 

Model description
WLAPS runs at a horizontal resolution of 0.1 degree 
(~10 km), with 61 vertical levels. It is nested in the 
most recent version of the Bureau’s ~37.5 km opera-
tional system LAPS, which in turn is nested in the op-
erational 60 level T239 global assimilation and predic-
tion system, GASP. It is noted here that the LAPS and 
GASP systems utilise 61 and 60 vertical levels respec-
tively; this is twice the number of vertical levels used 
in the previous Bureau operational versions of these 
systems and allows a substantial improvement in the 
assimilation of satellite-derived radiances, in particu-
lar from the polar-orbiting NOAA satellites (Tingwell 
et al. 2005; Harris et al. 2005). 
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 WLAPS, LAPS and GASP use the GenSI data as-
similation scheme (Steinle 2005). Various assimilation 
options were tested during the development phase of 
WLAPS, including a three-hour assimilation cycle, a 
six-hour assimilation cycle, assimilation using what is 
termed ‘first guess at appropriate time’ (FGAT) and as-
similation with a modified ratio of rotational to diver-
gent wind errors. The model forecasts are for outlook 
periods of 48 hours. Results presented in this paper are 
from the three-hour assimilation cycle (starting 12 hours 
prior to the analysis time) WLAPS system implemented 
over the full Australian domain shown in Fig. 1.

Verification methodology
Four methods of verification of WLAPS are presented.

Verification of model forecasts against model analy-
ses. The advantage of this method is that it is a quan-
titative means of comparing a number of models with 
each other. It shows the level of consistency between 
the features that have been analysed in the data assimi-
lation cycle, and the features that develop during the 
forecast. The disadvantages are that self-verification of 
forecasts (i.e. where  analyses from their own assimila-
tion/forecast cycle are used) means that different fore-
casts are being verified against different benchmarks 
and additionally that systematic errors can be obscured. 
For example this approach can lead to the penalisation 
of high resolution forecasts which have sharply defined 
features when compared with lower resolution forecasts 
with smoother forecast and analysis features. 

Verification of observation statistics. This method 
compares the assimilation analysis and 24-hour fore-
cast to 10-metre wind observations from automatic 
weather stations. The advantage of the method is that 
the model is verified against a very large number of ob-
servations; a disadvantage is that the set of observation 
sites includes those at which complex environments 
(both natural and urban) occur and they can thus be  
unrepresentative of grid-point averaged wind speeds. 
No attempt has been made to exclude these unrepre-
sentative stations. Note that 10 m AWS observations 
are not currently used in the data assimilation. Assimi-
lation cycle  analyses are also compared to the mean 
sea-level pressure (MSLP) three-hourly observations 
that were used in the data assimilation, to show the ob-
servation fitting capability of the assimilation system.  

Case studies. In this method, the extent to which spe-
cific weather events and atmospheric conditions are 
captured by the model is assessed. It is an important 
verification technique because it addresses the actual 
‘usefulness’ of the model in an operational forecast-

ing sense. Clearly, the disadvantage is that it is mainly 
a subjective method. Case studies cannot be used to 
draw overall inferences about the performance of the 
model, and any given case study can show a range of 
positive or negative aspects of model performance.

Verification against hub-height wind farm obser-
vations. The advantage of this method is that the wind 
farm observations are a high-quality data-set, and the 
measurement heights of 40 to 80 metres mean that the 
observations are less influenced by surface obstacles 
than the 10 m AWS wind measurements. It is also an 
appropriate method of mesoscale verification, since we 
expect the near-surface wind field to be strongly influ-
enced by mesoscale effects. Since a prime motivation 
for this project is for the Bureau to develop enhanced 
wind farm forecasting capabilities, it is essential that 
the model’s performance be verified against real wind 
farm data. Drawing on the bias characteristics sug-
gested from the model behaviour in the 10 m wind 
field, statistical downscaling techniques have been de-
veloped and applied to the hub-height wind forecasts. 
The motivation for this step is to illustrate that a sig-
nificant portion of model error is derived from bias 
which can be removed through relatively straightfor-
ward post-processing operations. 

 Unfortunately, hub-height wind forecasts were 
not produced for the operational MLAPS model 
(this would have involved re-running the operational 
MLAPS model, which was not practical in these stud-
ies), so in this section only WLAPS is compared to 
hub-height observations. The other verification results 
presented are considered sufficient to justify the as-
sumption that the positive gains at hub-height wind 
towers will be analogous to those obtained for 10 m 
winds. A potential difficulty with this method is that 
we expect there to be high-frequency atmospheric 

Fig. 1 Domain and topography of WLAPS.
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motion present in the wind tower observations (which 
have a temporal resolution of 10 minutes) that is not 
captured in the 10 km resolution model. 
 The confidentiality of wind farm monitoring data 
means that only aggregated results will be presented 
here; the locations, specific topography or spatial dis-
tribution of sites will not be discussed. However, the 
spatial extent of the monitoring sites is reasonably 
broad, with well-spaced stations in coastal areas and 
in the alpine and elevated areas of eastern New South 
Wales (NSW), and a sparse distribution of stations in 
inland NSW and in Tasmania. 

Gridded verification and observation 
statistics
Bias and RMSE in 10 m wind speed 
An overview of the model performance is presented us-
ing time series of RMSE and bias in 10 m wind speed. 
The method compares 24-hour forecast fields with 
the assimilation analysis field over a limited domain 
covering southeastern Australia (30°S-44°S, 130°E-
150°E, see Fig. 1). The high density of wind farm de-
velopments in Victoria, South Australia and Tasmania 
means that this domain is appropriate in assessing the 

model’s performance for wind farm forecasting; the 
domain is also of meteorological relevance due to the 
succession of fronts that cross this region.
 Since the MLAPS ~12.5 km initialisation is inter-
polated from the coarser resolution ~37.5 km LAPS 
model, it exhibits smoothed and ill-defined features. 
The WLAPS ~10 km analysis, with its own data as-
similation, exhibits more sharply defined and intense 
features – thus presenting a more challenging bench-
mark against which to validate the forecasts. Although 
the most important difference between MLAPS and 
WLAPS is the implementation of the 10 km assimila-
tion cycle in WLAPS, it sh    ould be noted here that 
the operational LAPS model in which MLAPS is nested 
was an earlier version with 29 levels, while WLAPS is 
nested in an improved version with 61 levels and im-
proved assimilation of satellite data; as such, it is like-
ly that some of the differences between WLAPS and 
MLAPS are attributable to an improvement in LAPS.  
 The verification statistics time series plots (Fig. 2) 
and time averages (Table 1) for one-month periods in 
summer and winter show that WLAPS consistently 
has lower RMS error and smaller bias than MLAPS. 
The RMS error plots also show that MLAPS suffers              
from larger excursions in the RMS error and bias than 
WLAPS; these are mainly associated with the passage 

Fig. 2 Time series plots of RMSE and bias for 24-hour prediction: MLAPS (dashed line) and WLAPS (solid line) for 11 
July to 11 August 2005 (top panels), and 18 December 2005 to 18 January 2006 (lower panels) over the domain 
(30°S-44°S, 130°E-150°E). Red dots in dicate the approximate timing of frontal systems through southeastern 
Australia. 
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of frontal systems through southeastern Australia, an 
effect particularly evident on 16, 22, 24, 26, 29 July, 3 
August, 23, 27 December, 1, 12, 14 January (indicated 
by the red dots in Fig. 2). The events of 16 July  and 
3 August will be examined in more detail in the case 
studies presented later.

Observation statistics
The results presented above verified the model 24- 
hour forecast against the assimilation cycle analy-
sis. To deepen our understanding of the system per-
formance, we also need to verify the model 24-hour 
forecast and the assimilation analysis against obser-
vations. The WLAPS and MLAPS 10 m wind analy-
ses and 24-hour forecasts were verified against 10 m 
AWS observations at 194 sites over the same domain 
that was used above (although we clearly do not have 
AWS coverage over the water, which accounts for 
around half of the domain). Note that no 10 m wind 
observations over land are presently assimilated in the 
WLAPS analysis, so the verification data are indepen-
dent from the assimilation analysis. The verification is 
for the same one-month periods in summer and winter 
that were used above. The distribution of verification 
sites is shown in Fig. 3.
 Figure 4 shows results of the verification, pre-
sented as frequency plots of station RMSE and bias, 
and mean values are given in Table 2. As noted in the 
methodology, no quality control has been carried out 
on the AWS observations (other than any basic control 
that was performed before the data were put into the 
observation database). This means that there are some 
highly unrepresentative sites included in the verifica-
tion, and it can be seen that for both models there are 
a small number of sites with RMSE or absolute bias 
greater than about 4 m s-1. 

 Aside from the outliers that can be seen in Fig. 4, 
Table 2 indicates that the mean RMSE is smaller for 
WLAPS than for MLAPS for both the 24-hour forecast 
and analysis for summer and winter, and that WLAPS 
shows a smaller absolute bias error in all cases apart 
from the winter analysis. Although the improvements 
in the mean RMSE and bias scores are relatively small 
(less than about 0.2 m s-1), the error distributions for 
the two models indicate that WLAPS has higher peaks 
and a narrower distribution. We can probably attribute 
this difference to WLAPS having better definition and 
better modelling of topographic influences for more of 
the time than MLAPS. 

Table 1. Gridded verification of 24-hour 10 m wind 
forecasts: average RMSE and absolute bias for 
MLAPS and WLAPS 24-hour forecasts over 
the southeast Australian domain. Summer ver-
ification 18 December 2005–18 January 2006. 
Winter verification 11 July 2005–11 August 
2005.   

Absolute bias Summer Winter

MLAPS 0.81 1.32
WLAPS 0.40 0.77

RMSE Summer Winter

MLAPS 1.98 2.46
WLAPS 1.82 2.06

 

Fig. 3 Distribution of 10 m wind measurement sites 
used for observation statistics.

Fig. 4 Frequency distributions for RMSE and bias for 
10 m wind analyses and 24-hour forecasts for 
194 stations.



218 Australian Meteorological Magazine 57:3 September 2008

 While the focus of this study is primarily on wind, 
we expect any increments in performance to be con-
sistent across other meteorological variables. Figure 5 
shows observation statistics for AWS MSLP observa-
tions. This verification is different to the wind verifi-
cation presented in Fig. 4 in that the observations are 
only those that have passed the quality-control crite-
ria of the WLAPS assimilation system. The results 
show how well the analysis is fitting the observations 
that have been selected as suitable for use in the as-
similation. We see that by this criterion, the WLAPS 
analysis is better fitting these observations in both the 
winter and summer experiments. It could be argued 
that this comparison slightly favours WLAPS,  since 
the observations were those that were selected by the 
quality control in the 10 km WLAPS analysis; how-
ever, the better fit of these observations with the high 
variance WLAPS analyses suggests that the shorter 
length scales in the WLAPS assimilation system are 
leading to an improved representation of the AWS sur-
face pressure observations.  

Table 2.  Verification against 10 m wind AWS observa-
tions: average RMSE and absolute bias for 
MLAPS and WLAPS 24-hour forecasts over 
the southeast Australian domain. Summer veri-
fication 18 December 2005 – 18 January 2006. 
Winter verification 11 July 2005–11 August 
2005.   

 Absolute Bias
 24 h forecast Analysis
 Summer Winter Summer Winter 

MLAPS 1.25 0.65 1.13 0.43
WLAPS 1.09 0.57 0.95 0. 46

 RMSE
 24 h forecast Analysis
 Summer Winter Summer Winter 

MLAPS 2.43 2.50 2.50 2.48
WLAPS 2.39 2.39 2.34 2.37

Fig. 5 MSLP observation statistics (RMSE, left, and bias, right) for WLAPS (blue) and MLAPS (red).



Vincent et al.: Verification of a mesoscale NWP system 219

Case studies
While case studies cannot provide information about 
the time-averaged error characteristics of the model, 
it is instructive to look at several case studies in order 
to demonstrate some of the differences in character 
between WLAPS and MLAPS. The first case study 
is designed to show the different structures present 
in the MLAPS and WLAPS forecasts and analyses, 
and to validate the two models against time series of 
wind observations. The second case study illustrates 
the performance of the two models on a day of severe 
thunderstorms in Victoria, in terms of the low-level 
wind fields and also the broader meteorological ingre-
dients responsible for the severe weather events.

Case study A: 16 July 2005
On Saturday 16 July 2005, a vigorous cold front 
crossed southeastern Australia (Fig. 6). Ahead of the 
front, northerly wind gusts of up to 25 m s-1 were re-

corded at several 10 m AWS wind masts, and gusts of 
up to 38 m s-1 were also recorded in the southwesterly 
flow behind the change. 

Fig.  6 Synoptic situation at 0000 UTC Saturday 16 
July 2005.

Fig. 7 0000 UTC 16 July 2005  analysis and 24-hour forecast (initialised 0000 UTC 15 July 2005) 10 m wind fields for 
MLAPS and WLAPS. 
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 The difference in the initialisation between 
WLAPS and MLAPS is well illustrated in Fig. 7. 
MLAPS shows an ill-defined feature in the analysis, 
but has developed a feature with maximum winds of 
22-24 m s-1 in its 24-hour forecast. WLAPS shows a 
sharply defined feature with maximum winds of 24-26 
m s-1 in both its forecast and analysis. The slight tim-
ing error and the complexity of the system means that 
verification statistics such as those shown in Fig. 2 are 
not able to reflect the nature of the difference between 
the WLAPS and MLAPS forecasts, even though many 
users would rate the WLAPS forecast as ‘better’ or 
‘more useful’. The poor performance of MLAPS is, 
however, reflected in the large excursion in bias score, 
marked by the red dot on 16 July in the upper right 
panel of Fig. 2. 

 While verifying a model against its own assimi-
lation analysis is an important criterion, verifying a 
model against observations is perhaps a more impor-
tant measure of practical forecast skill. Figure 8 shows 
the time series evolution of the front in the 48-hour 
WLAPS and MLAPS forecasts initiated at 1200 UTC 
on 15 July 2005 at nine AWS locations which are 
shown in Fig. 9.
   The plots in Fig. 8 suggest that in this case, 
WLAPS has generally captured the feature better than 
MLAPS. The timing errors can be most clearly seen at 
YMEN (Essendon) or YWBL (Warrnambool), where 
the peak in the WLAPS wind speeds occurs between 
that of MLAPS and the observations. We also see lo-
cations where both models exhibited major timing er-
rors, such as at KMG (Kilmore Gap). The successful 

Fig. 8 Time series of forecast and observed 10 m wind speed at selected AWSs in Victoria: Warrnambool (YWBL), 
Cape Nelson (CPNE), Aireys Inlet (AIRE), Hamilton (YHML), Mortlake (MORT), Kilmore Gap (KMG), Rhyll 
(RHYL), Essendon Airport (YMEN) and Mangalore (YMNG). The forecast data shows the 48-hour forecast 
initiated at 1200 UTC on 15 July 2005. Red curves: observed. Blue curves: WLAPS. Green curves: MLAPS.
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WLAPS forecast of the secondary peak in winds (just 
before 1200 UTC on 17 July) can be attributed to it ac-
curately capturing the southerly jet, as seen in the 24- 
hour forecast in Fig. 7. Furthermore, we can discern 
from these plots that the higher frequency variability 
seen in WLAPS (for example, compare the WLAPS 
and MLAPS forecasts at YMEN at around 1200 UTC 
on 16 July) can probably not be attributed merely to 
spurious noise, since this variability mimics the ob-
served oscillations to some degree. 

Case study B: 3 August 2005
On 3 August 2005, a low pressure trough crossed 
southeastern Australia (Fig. 10). Daytime heating, 
ample surface moisture and upper forcing were suf-
ficient to trigger widespread convection that contin-

ued well into the evening. Damaging wind gusts and 
super-cellular thunderstorms were recorded as the 
system moved through southwestern Victoria, and in 
the evening a tornado developed at Patterson Lakes 
(a southeastern suburb of Melbourne). The Bureau of 
Meteorology damage report included reference to a 
house that ‘lost a great many tiles from its roof’, and 
a gate that was ‘blown off its hinges and landed in the 
front yard near the footpath’ (Yeo and Coombs 2005).
 Although the wind change itself did not entail ex-
cessive wind speeds on a synoptic scale (note the wider 
pressure gradient in Fig. 10 compared with the 16 July  
case in Fig. 6), there were damaging winds associated 
with the convection that accompanied the change. We 
here look at the structures in the surface wind fields 
and the time series evolution of the feature at selected 
AWS sites. Because the wind field cannot be isolated 
from other meteorological parameters (particularly 
in this case, where surface winds were probably in-
fluenced by convective activity), and because we are 
interested in the overall performance of the WLAPS 
model, a brief description of the model performance in 
terms of surface moisture, stability and precipitation is 
also presented. 

Surface winds and convergence. The surface wind 
observations (Fig. 11(a)) show a main wind change 
from northwest to southwest, and a pre-frontal feature 
over central Victoria which forms a north-northwest 
convergence line. While both the 30-hour forecasts 
from MLAPS and WLAPS have a timing error in the 
position of the main front (Fig. 11(b), (c)), the error 
is less for WLAPS. Another important difference be-
tween MLAPS and WLAPS is that while MLAPS 
shows a simple, single wind change, we see consider-
ably more complexity and structure in the WLAPS 
wind field. In fact, it seems likely that the pre-frontal 
north-northwest convergence seen in the observa-
tions is captured in the WLAPS model (albeit in the 
wrong place), as indicated by the dotted lines. The 
complexity in the winds on this day (which are also 
almost certainly influenced by subgrid-scale convec-
tive processes) is unlikely to be captured exactly by 
the model, but the WLAPS forecast does indicate that 
the change is not the simple linear feature suggested 
by MLAPS. 
 Time series for the 48-hour forecast initiated at 
1200 UTC on 2 August are shown in Fig. 12, for the 
same selection of AWSs that were presented in case 
study A. The differential performance of the two mod-
els is less clear in this case. There are some stations 
such as Aireys Inlet (AIRE) where MLAPS performs 
better, and others such as Kilmore Gap (KMG) where 
both models are very poor. However, we can conclude 
that in most cases, the WLAPS forecast has better cap-
tured the amplitude of the feature. 

Fig. 9 Key to location of observations in Fig. 8.

Fig. 10 Synoptic situation at 0000 UTC Wednesday 3 
August 2005.
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 Since the low-level winds were clearly being in-
fluenced by other processes on this day, and since the 
model should perform consistently over all fields, we 
now briefly look at some of the other ingredients of the 
storm activity.

Surface moisture. Figure 13 shows the 24-hour 
forecast of the 2 m dew-point temperature for both 
MLAPS and WLAPS for 0000 UTC 3 August 2005. 
WLAPS predicts a tongue of high moisture with dew-
point temperatures of 12-14°C extending into northern 
central Victoria, with dew-point temperatures else-
where mostly between 5 and 8°C. This contrasts with 
the MLAPS forecast of a smooth dew-point tempera-
ture field mostly between 4 and 7°C. 
 The observations suggest that the WLAPS forecast 
was largely accurate, although there are not many ob-
servations in the region of highest moisture. In contrast, 
MLAPS has underforecast the dew-point temperature 
by up to 4°C in most locations. WLAPS also correctly 
captured the relatively low dew-point temperatures of 
1-2°C in the Alpine areas (although there is a conflict-
ing observation of 6.2°C nearby which taken in isola-
tion would have been better forecast by MLAPS). 

Atmospheric stability and shear. Figure 14 shows 18-
hour forecast aerological diagrams for 0600 UTC on 3 
August 2005 for Patterson Lakes (the location where 
a tornado was observed). These show temperature 
and dew-point temperature plotted on log(Pressure)-
skew(Temperature) axes. The black line represents the 
path taken by a surface parcel; a parcel that is to the 
right of the temperature trace is buoyant and will con-
tinue to rise until it reaches equilibrium. The impact of 
the enhanced low-level moisture in WLAPS is clear; 
we see a convective available potential energy (CAPE) 
value of just 77 J/kg in the MLAPS forecast trace, and 
a CAPE of 479 J/kg in the WLAPS forecast trace. 
 Both MLAPS and WLAPS forecast widespread 
areas of shear in excess of 10 m s-1 in the lowest kilo-
metre of the atmosphere, thus satisfying the criteria for 
tornadoes suggested by Craven et al. (2002) and used 
in the Bureau’s National Thunderstorm Forecasting 
and Guidance System (NTFGS) (Hanstrum 2004).

Precipitation. Precipitation verification was per-
formed using the Bureau of Meteorology’s RAINVAL 
software (Ebert 2000). RAINVAL was used to calcu-
late and display cumulative precipitation for the 24-
hour period starting at 0000 UTC (10 am) 3 August 
2005 for WLAPS, MLAPS and the daily rain-gauge 
analysis (Fig. 15). Interpretation of the daily gauge 
analysis is not immediately obvious for mesoscale 
models, since WLAPS appears to be forecasting fea-
tures at a higher resolution than the gauge analysis.

Fig. 11 10 m wind fields for 0600 UTC 3 August 2005: 
(a) AWS observations; (b) MLAPS 30-hour 
forecast; and (c) WLAPS 30-hour forecast. On 
all plots, the solid line is the subjective wind 
change and the dotted line is the subjective po-
sition of the prefrontal N/NW convergence line. 
Wind directions are marked with large arrows, 
and an area of strong winds over elevated to-
pography is indicated by an ellipse. 
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 WLAPS and MLAPS both capture the broad struc-
ture of the rainfall, with heavy precipitation in north-
east Victoria and southeast NSW and widespread 
rainfall of 10-20 mm in coastal areas. WLAPS shows 
heavier, but more patchy precipitation in the alpine ar-
eas than MLAPS, and suggests less inland penetration 
of heavy rainfall about the western Victorian coastline. 
WLAPS (and to a lesser extent MLAPS) forecasts pre-
cipitation along the NSW coast that is not suggested 
by the gauge analysis – given the relatively dense net-
work of rain-gauges in this part of the continent, this 
is likely to be a genuine model error. Similarly around 
Adelaide, both models are shown to over-predict the 
extent and amount of rainfall.
 Verification statistics are summarised in Table 3. 
Verifying on a 0.1 degree grid (21,118 verification 
points over land only), WLAPS has a higher mean 
absolute error (MAE) and RMSE, and a lower correla-

tion coefficient between observed and forecast rainfall 
than MLAPS, but it has a better bias score, and a high-
er score for both probability of detection (POD) and 
false alarm ratio (FAR), reflecting the larger area of 
precipitation forecast by WLAPS. Thus far, time-av-
eraged statistics comparing precipitation verifications 
for WLAPS and MLAPS have proven inconclusive 
for both the summer and winter study periods.

Verification against 40 to 80-metre 
wind observations and statistical 
corrections
Verification against hub height wind measurements
In this section, WLAPS forecasts are verified against 
hub height (40-80 m) wind speed observations that 

Fig. 12 Time series of forecast and observed 10 m wind speed at selected AWSs in Victoria: Warrnambool (YWBL), 
Cape Nelson (CPNE), Aireys Inlet (AIRE), Hamilton (YHML), Mortlake (MORT), Kilmore Gap (KMG), Rhyll 
(RHYL), Essendon Airport (YMEN) and MNG (Mangalore). The forecast data shows the 48-hour forecast initi-
ated at 1200 UTC on 2 August 2005. Red curves: observed. Blue curves: WLAPS. Green curves: MLAPS.
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were collected by CSIRO and wind farm operators for 
the purposes of wind monitoring and prospecting*. 
The data are ideal for verification purposes, since they 
were not used in the data assimilation and are therefore 
independent of the model. Near-surface winds are also 
an appropriate data-set for mesoscale verification, since 
we expect them to be strongly influenced by mesoscale 
meteorological events. Finally, it is important to verify 
the model against hub height wind observations, since 
a major motivation for the project was to improve the 
Bureau’s capability for wind farm forecasting. 
 The aim of this section is not to compare WLAPS 
to its operational predecessor MLAPS, but to illustrate 
the performance of WLAPS at wind tower sites, and 
to explore the error characteristics and bias correc-
tion strategies of the model; the results presented in 
previous sections are considered sufficient evidence 
to conclude that WLAPS will be a more useful tool 
than MLAPS for forecasting hub-height wind speeds. 
The hub height wind forecasts analysed here were di-
agnosed explicitly within the WLAPS system; these 
hub height forecasts were not available from the op-
erational MLAPS model.
 Wind measurements from 82 monitoring towers 
were obtained for verification purposes; 53 of these 
sites had sufficient data for a six-week verification pe-
riod for the winter experiment, and 34 had sufficient 
data for a similar verification period for the summer 
experiment. The towers were all in southern Australia, 

* Data were supplied by CSIRO and wind farm operators, and collated 
and quality controlled by the Wind Energy Research Unit of CSIRO.

Fig. 13 Surface dew-point temperature (°C) at 0000 
UTC 3 August 2005: (a) MLAPS 24-hour fore-
cast; (b) WLAPS 24-hour forecast. AWS obser-
vations are shown in bold black print. Blue la-
bels in white boxes are the NWP contour labels.

Fig. 14 Aerological diagrams for Patterson Lakes for MLAPS (left) and WLAPS (right) at 0600 UTC on 3 August 2005 
for 18-hour forecasts.  The red lines are the vertical temperature and dew-point temperature profiles, and the 
black lines show the path of a rising parcel of surface air.
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and mostly located in Victoria, southern NSW and 
southern South Australia (SA). Data were available at 
10-minute intervals, and were averaged to hourly data 
before comparison with averaged hourly forecast data 
for the forecast periods 1 to 12 hours, 13 to 24 hours 
and 25 to 36 hours. The results presented here focus on 
the 1 to 12-hour and 25 to 36-hour forecast periods. 
 Comparing hub-height observations to model output 
required downscaling the gridded model output to the 
observation site. The lower boundary-layer wind profile 
was first interpolated to the observation site using a sim-
ple bi-linear horizontal interpolation. Depending on the 
tower height with respect to the top of the atmospheric 
surface layer (ASL), the hub-height wind was then ex-
tracted from the interpolated boundary-layer wind pro-
file by either logarithmic interpolation with a stability 
correction (tower height below the ASL), or linear in-
terpolation (tower height above the ASL). Note that the 
depth of the ASL is defined here from the constant flux 
layer definition as min(hs

heat, hs
momentum), where hs

heat and 
hs

momentum are the depths at which heat and momentum 
fluxes are decreased to 90 per cent of their respective 
surface values (e.g. Stull (1988), p.10).  Under stable 
conditions, we define the ASL depth (within which 
Monin-Obukhov similarity theory is still valid) as 5L 
(Beljaars and Holtslag 1991), where L is the Monin-
Obukhov length (e.g. Stull (1988), p. 357-8).

 For evaluation purposes, the observation sites were 
divided into four categories: Alpine (above 1000 m), 
Coastal (within 30 km of the coast), Inland Plains (be-
low 400 m) and Ranges (inland stations 400 – 1000 
m). Figure 16 shows aggregate scatter plots of forecast 
against observed hub height wind speed for each sta-
tion type for the winter experiment.
 The scatter plots show a negative bias for all station 
types. Note that since the sites are all existing or pro-
spective wind farm sites, they have been chosen on the 
merit of their strong winds, so this large negative bias 
should not be surprising. There is a strong suggestion 
of a systematic error, but we see that the model be-
haviour varies between the station types. For example, 
the Coastal stations have a smaller negative bias, but 
a greater scatter about their least squares regression 
line when compared with the Ranges stations, which 
have a greater negative bias but a stronger correlation 
between forecast and observed wind speeds. This in-
dicates that WLAPS is capturing the overall amplitude 
of strong coastal systems, but is probably being pena-
lised for small phase errors at Coastal stations where 
systems tend to be sharply defined. 
 The forecasts were evaluated through calcula-
tion of the RMSE and bias, and visual inspection of 
scatter plots and time series plots. The usefulness of 
the RMSE as a verification criterion was enhanced 
by decomposition into bias, standard deviation bias 
(sd(bias)) and dispersion (disp) terms as defined by 
Murphy (1988) and used in studies such as Lange and 
Focken (2005) and Hou et al. (2001) (Eqn 1).  
 rmse2 = bias2 + sd(bias)2 + disp2 . . . 1 
 _  __
where bias = (fc  – obs) 
 sd(bias) = σ(fc ) – σ(obs)
 disp2 = 2σ(fc ) σ(obs)(1 – r(fc , obs))
 σ(fc ), σ(obs) are standard deviations of the fore-

casts (fc) and observations (obs)
 r(fc , obs) is the correlation coefficient between the 

forecast and the observations.

Table 3. Precipitation verification statistics for MLAPS 
and WLAPS for the 24-hour period to 0000 
UTC 4 August 2005.

  MLAPS WLAPS

MAE 3.87 mm/d 4.47 mm/d
RMSE 6.18 mm/d 7.33 mm/d
Correlation Coeff 0.753  0.679
Bias Score 0.927 0.991
POD 0.803 0.828
FAR 0.134 0.165

Fig. 15 Rainfall verification for the 24-hour period to 0000 UTC on 4 August 2005: (a) rain gauge analysis; (b) MLAPS; 
and (c) WLAPS.
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 We expect that errors in bias and variability, which 
may be corrected by simple bias correction tech-
niques, are more closely associated with local effects. 
Dispersion errors are the remaining component of the 
error which cannot be removed through bias correc-
tion. The dispersion error is influenced by incorrect 
timing or shape of features, which may be occurring at 
synoptic or mesoscale resolutions, and may be associ-
ated with an initial state error. 
 Figure 17 shows the decomposition of mean 
square error (MSE) for the summer and winter ex-
periments. As indicated by the scatter plots of Fig. 16, 
the Alpine and Ranges stations have large proportions 
of bias and standard deviation bias compared with 
the Coastal and Plains stations which are dominated 
by dispersion errors. Since we expect to be able to 
correct the two bias components of the error, Fig. 17 

suggests that the Alpine and Ranges stations will be 
more amenable to statistical corrections than Coastal 
or Plains stations. 
 By applying suitable bias corrections, we expect 
to be able to combine our knowledge of the prevalent 
flow regimes at a site with information contained in 
the model to improve the forecasts. Suitable bias cor-
rections are ones that take into account the dependen-
cies between surface wind and other meteorological 
parameters that can be extracted from the model, such 
as stability. Figure 18, for example, shows scatter plots 
of Richardson number against wind direction for the 
eight Alpine stations (> 1000 m) in the study for both 
summer and winter periods. 
 The Richardson number Ri, is the ratio of the ther-
mal stability to the square of the vertical wind shear 
and is defined by Eqn 2. 

Fig. 16 Scatter plot of forecast and observed wind speeds at Alpine (>1000 m), Plains, Coastal and Ranges stations. One 
to 12-hour forecasts. The solid line is the ‘perfect forecast’ line, and the dotted and dashed lines are regression 
lines, constrained or not constrained to pass through the origin respectively.
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θ    

θ    
Ri =

d
dzg ...2

2du
dz( )

where g is acceleration due to gravity, θ is potential 
temperature, u is horizontal wind speed and z is height. 
It is indicative of the degree of turbulent overturning 
that occurs. We expect it to be important to near sur-
face wind because as the degree of turbulent overturn-
ing increases, there will be more mixing of synopti-
cally driven winds from aloft to the surface.
 The Richardson number expresses the ratio of 
buoyancy to inertial forces in the generation of tur-
bulence, and there are three classes of stability which 
we expect to be of interest in the context of this study: 
Ri < 0, where we have thermally unstable flow; 0 < Ri 
< 1, where we have thermally stable flow, but where 
inertial forces are larger than the buoyancy forces; 
and  Ri > 1, where we have thermally stable flow with 
buoyancy forces larger than inertial forces. 
 The plots in Fig. 18 show a clear clustering of 
points around particular flow regimes. In summer, 
there are two strongly preferred direction bands 
in the Ri < 0 flow: westerly quarter, and easterly 

quarter. In the Ri > 0 flow, the same preferred direc-
tions are present, although the trend is much less 
marked. 
 In winter, we see that the two strongly preferred 
flow regimes are unstable westerly flow, or flow in any 
direction with 0 < Ri < 1.
 Relationships involving wind speed tend to be high-
ly non-linear. Although experiments were conducted 
where stability and direction were used as regressors 
in a bias correction procedure, the non-linearity and 
discontinuity of the relationships means that the prob-
lem lends itself better to discrete binning of the data 
and separate bias correction of each data bin, rather 
than using direction or stability as regressors. 
 Figure 19 shows scatter plots of forecast against 
observed hub-height wind speed for each of the four 
summer bins suggested by Fig. 18: Ri < 0 westerlies, 
Ri < 0 easterlies, Ri > 0 westerlies and Ri > 0 easter-
lies. All eight Alpine stations in the study are included 
in the plots, and a least squares regression line is plot-
ted for each station. The figure clearly shows not only 
that there is a different wind speed range for each bin, 
but that there is a systematically different model be-
haviour for each bin. 

Fig. 17 Decomposition of MSE for each station type: (a) winter 1 to 12-hour forecasts; (b) summer 1 to 12-hour fore-
casts; (c) winter 25 to 36-hour forecasts; (d) summer 25 to 36-hour forecasts.
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Fig. 18 Scatter plot of stability and wind direction for summer (left) and winter (right) at Alpine stations. One to 12-hour 
model data. Thin black lines show critical Richardson numbers 0 and 1.

Fig. 19 Scatter plot of forecast and observed wind speed for Alpine stations in summer: easterly flow (blue), westerly flow 
(red), unstable flow (large dots), stable flow (small dots). Solid blue lines are least squares regression lines for each 
of the eight Alpine stations, and the dashed black line is the perfect forecast line. 
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 We see that westerly flow (red) is generally stron-
ger than easterly flow (blue), and that the negative bias 
is much stronger for Ri > 0 flow (small dots) than Ri < 
0 flow (large dots). 
 In winter, there is a less systematic difference in 
model behaviour between stability and direction bins, 
as illustrated in Fig. 20. These plots show the strong 
dominance of the unstable westerly flow direction, 
with slightly less negative bias apparent in the Ri < 0 
bins (large dots) than in the Ri > 0 bins (small dots).
 The different flow regimes and model performanc-
es can also be seen in Fig. 21, which shows model 
output temperature profiles for two week periods in 
summer and winter at the times of 0600 UTC (late af-
ternoon) and 1800 UTC (early morning) at a selected 
elevated station (around 800 m ASL).
 The summer profiles (red) clearly depict the ex-
pected diurnal cycle, where a shallow radiation inver-
sion mixes out each day, exposing the boundary layer 
to stronger winds aloft which can extend to the surface 

through turbulent mixing. The winter profiles (blue) 
show a similar cycle, except that the surface heating 
is never sufficient to mix out the subsidence inversion 
that we see at around 850 – 700 hPa on most days. 
Therefore we do not expect the breaking of the winter 
night-time radiation inversion to have such a strong 
influence on the hub-height winds. 
 The plots also show that stratifying the forecasts by 
stability is not exactly the same as simply stratifying by 
time of day, since there are cases in both summer and 
winter when an overnight radiation inversion is not de-
picted by the model. The results suggest that including 
stability information in the bias correction procedure 
should be more important in summer than winter. 

Statistical downscaling and bias corrections
In addition to stratifying the data by direction or stabil-
ity prior to performing the bias corrections, two differ-
ent statistical downscaling techniques were trialled. In 
the first, a simple linear bias correction was applied to 

Fig. 20 Scatter plot of forecast and observed wind speed for Alpine stations in winter: easterly flow (blue), westerly flow 
(red), unstable flow (large dots), stable flow (small dots). Solid blue lines are least squares regression lines for each 
of the eight Alpine stations, and the dashed black line is the perfect forecast line.
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the forecast interpolated from the model grid. In the 
second, a multiple linear regression equation relating 
the observed wind speed to the forecast wind speed at 
the four grid-points surrounding the observation site 
was developed. Although the multiple linear regres-
sion problem is not well conditioned (that is, there 
are strong correlations between the four regressors), 
this method was shown to provide better forecasts 
than bias corrected interpolated forecasts. The benefit 
of the multiple linear regression method is that more 
importance can be placed on the upstream grid-points 
than the downstream grid-points. The bias corrected 
results presented here used the method of multiple lin-
ear regression illustrated in the schematic in Fig. 22. 
 Figure 23 shows the RMSE for the four station 
types that are obtained from the following four down-
scaling techniques:
• linear interpolation from the model grid;
• multiple linear regression – categorised into four 

direction bins (NE, SE, SW, NW);
• multiple linear regression – three stability bins 
 (Ri < 0, 0 < Ri < 1, Ri > 1);
• multiple linear regression – two direction bins (E, 

W), two stability bins (Ri < 1, Ri > 1).
 Note that the bias correction methods in this study 
have been implemented on just six weeks of data for 
each of the summer and winter experiments, allow-
ing for a four-week training period and an independent 
two-week testing period. There is clearly scope for a 
longer study where the seasonality of the required bias 
corrections would be more rigorously considered.
 The results show that in winter, there is some im-
provement to be made on the inland Plains stations by 
including stability information, but that for the other 
station types the inclusion of stability information has 

a neutral or slightly negative impact on the forecast. 
In contrast, the inclusion of stability information has 
a positive or neutral impact on all station types for the 
summer experiment. For the Ranges and Alpine sta-
tions, this improvement is significant and suggests that 
stability information is an important explanatory vari-
able for summer hub-height wind speeds.
 Figure 24 shows a time series plot of hub-height 1 
to 12-hour forecast and observed wind speed for the 
two-week testing period for a selected Ranges sta-
tion during summer. Below the time series is a plot 
showing the stability class to which the atmosphere 
has been assigned. The station is particularly challeng-
ing due to its strong diurnal cycle and frequent sudden 
changes in wind speed. The plot shows that the bias 
correction has not only amplified the variance pres-
ent in the original forecast, resulting in peaks such as 
that at time A attaining an appropriate amplitude, but 
it has also introduced variance into the model when 
there was little present in the original forecast such as 
at time B. The bias correction procedure is able to add 
this information because the flow has changed stabil-
ity class, so that a different correction has been applied 
to the data.

Fig. 21 Temperature profiles for selected elevated stations at 1800 UTC and 0600 UTC for a selection of summer days 
(red) and winter days (blue).

Fig.  22 Schematic showing statistical downscaling from 
gridded output to point forecasts.
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  The results show that with some simple bias cor-
rections using appropriate binning of data, WLAPS 
can produce effective hub-height wind forecasts even 
in locations that have very challenging topography 
and thermal effects. The information that is required 
to correct the model wind speed forecasts is a com-
bination of recent past information about the site, and 
stability and direction information that is contained in 
the model itself.
 Figure 25 shows the decomposition of the correct-
ed forecasts for summer and winter with each station 
type corrected using its optimal bias correction type. 
We see that most of the remaining error is the disper-
sion error, which we do not expect to be able to correct 
through bias removal. The bias has been reduced to al-
most zero in all cases. The bias correction has resulted 
in a small increase in the standard deviation bias in 
summer, but the overall error is much improved over 
that of the uncorrected forecasts.

Conclusions
Verification of WLAPS (now operationally imple-
mented as MA-LAPS in the Bureau of Meteorology) 
using a range of techniques demonstrates that it pro-
duces more accurate forecasts than its operational 
predecessor, MLAPS, and that it is a useful tool for 
forecasting applications that are strongly dependent 
on accurate analysis and forecasts of features at high 
resolution.

Fig.  23 RMSE for summer and winter experiments. In-
terpolated forecast (dark grey), bias correction 
with four direction bin categories (hatched), 
bias correction with three stability bin catego-
ries (diagonal lines), bias correction with two 
direction bin and two stability bin categories 
(light grey).

Fig. 24 Time series of wind speed at a selected elevated station. Observed (red), linear interpolation from  model (blue), 
bias correction using direction categories (black), bias correction using stability categories (green). The data bin-
ning for stability is shown in the bottom panel. Bin 1 is unstable, and bins 2 and 3 are stable. The brown arrows 
indicate cases where change in stability bin results in an abrupt change in wind speed that closely mimics the 
observed wind behaviour. 
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 While mesoscale verification is challenging for 
several reasons (including lack of observational data, 
over penalisation of small timing errors in traditional 
verification scores and comparison of models across 
different resolutions) it has been possible to use sev-
eral verification techniques to show that the model 
performs well on a synoptic scale and also effectively 
captures mesoscale features.
 Comparison with gridded analyses showed that 
WLAPS has lower RMS error and smaller bias in 10 
m wind fields than MLAPS, despite the more stringent 
criteria imposed on WLAPS by comparing it with its 
own, high-resolution analysis. In particular, WLAPS 
does not exhibit the large peaks in the error during 
frontal passages that affect MLAPS. Observation sta-
tistics show that the WLAPS initial conditions and 
forecasts fit the observations better than MLAPS, and 
this is a reflection of the high-resolution data assimila-
tion in WLAPS. Combining the results from the grid-
ded verifications with observation statistics shows that 
WLAPS is superior to MLAPS in forecasting its own 
analysis, and that the WLAPS analysis and forecasts 
generally fit the observations better than the MLAPS 
analysis (interpolated from LAPS) and forecast.

 For the case study verifications examined, WLAPS 
had smaller errors associated with the timing of fron-
tal features than MLAPS, and forecast features with 
better amplitude and structure. In the study of model 
performance on 3 August (case B), WLAPS showed 
greater structure and complexity in its low-level wind 
forecasts, and gave a more realistic representation of 
the observed wind structure than the simplistic wind 
change in MLAPS. In addition, the WLAPS low-level 
moisture and stability indicated greater instability on a 
day when severe thunderstorms were observed. 
 Verification at wind monitoring tower sites show 
that when WLAPS is combined with appropriate bias 
correction techniques, it is an effective model for 
forecasting hub-height wind speed. It was shown that 
the flow regime tends to cluster in well-defined areas 
of the direction-stability plane, and that the different 
model behaviour in each of these clusters can be ad-
dressed by customised bias corrected techniques.
 The bias correction and downscaling techniques 
presented in this paper are not only relevant to wind 
farm site forecasting, but to other emerging forecast 
processes. For example, the Bureau of Meteorology’s 
Graphical Forecasting Editor that is under develop-

Fig.  25 Decomposition of MSE for each station type: statistically corrected forecasts using the optimal bias correction 
method for each station type and season.
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ment will require NWP output (including low-level 
winds) to be downscaled to a gridded consensus fore-
cast. In addition, the bias correction process informs 
us about the limitations of a model’s boundary-layer 
parametrisation, and may give insight into future re-
search into the low-level wind forecasts within the 
NWP system.
 There is scope for further work in improving the 
statistical bias correction methods, and also in devel-
oping bias corrections based on longer data-sets, pos-
sibly using recursive techniques. To reach its potential 
as an aid to wind farm forecasting, WLAPS will need 
to be combined with tools to map the predicted wind 
speed to a power curve.  
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