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ABSTRACT 

 
Fog at Melbourne Airport, Australia, occurs around 12 times each year, of which about 2 fog events had 
been unforecast per year prior to 2005.  Unforecast fogs are costly to the aviation industry, cause 
disruption and affect safety. Thus there is a need to improve on the existing operational forecasting.  
Hence we developed a Bayesian Objective Fog Forecast Information Network (BOFFIN), which combines 
several fog predictors and a previously used guidance source (Stern-Parkyn method).  The resulting fog 
probability and suggested fog forecasts proved to have greater skill than previously available guidance 
and operational forecasts.  The skill of BOFFIN increased during a subsequent 3 year operational trial. 
During this period all 38 fog events were correctly forecast operationally, a significant improvement 
compared to previous performance.  BOFFIN has been accepted by forecasters, who appreciate the 
ability of the system to visually and probabilistically explain the forecasts produced, and to provide 
soundly based forecasts for alternative scenarios including where a predictor is judged unrepresentative. 
 
 
 
1. INTRODUCTION 
 
Fog at Melbourne Airport, Australia, defined as 
visibility in cloud of 1000m or less, may occur at 
any time of the year, with higher frequency in the 
cooler months (Figure 1).  On average, about 12 
fogs per year affect the airport, of which an 
average of about 2 have been unforecast prior to 
2005.  An unforecast fog may cost the aviation 
industry upwards of several million dollars, as well 
as cause disruption and potential safety issues. 
False alarms for fog are also costly.  Thus, there is 
a need to improve on the existing operational 
forecasting of fog. 
 
Forecasting fog is difficult, with many sources of 
uncertainty, and Numerical Weather Prediction 
(NWP) has not always satisfactorily dealt with 
small-scale, short-lived, near-surface phenomena 
such as fog. Verification of past fog forecasting 
tools, developed using historical data, has shown 
they offer good guidance (Newham, 2004). 
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Figure 1: Monthly fog frequency for Melbourne                           

Airport (1970-2005). 
 
For example, the Stern/Parkyn fog aid uses 
logistic regression to determine fog probability 
based on 3pm Temperature and Dewpoint at 
Melbourne airport, and forecast 9am Synoptic flow 
strength, direction and curvature (Stern and 
Parkyn, 2001).  An analogue aid by Regano 
(1997), searches at each synoptic hour for similar 
past situations, to determine what percentage of 
these cases were followed by fog.  Parameters 
used to define analogues include: Surface 
dewpoint and temperature, gradient wind, rainfall 
and the season. 
 



However in order to improve Probability Of 
Detection (POD), while maintaining or decreasing 
the False Alarm Ratio of a fog forecast (FAR= # 
FA / # fog forecasts), we developed a Bayesian 
Objective Fog Forecast Information Network 
(BOFFIN), in conjunction with a study of relevant 
meteorology.  BOFFIN incorporates previous 
guidance with several new fog predictors. 
 
 
2. NEW FOG PREDICTORS 
 
We identified potential strong fog predictors, 
based on past work and forecaster knowledge. 
These were pressure gradient, moisture, rainfall, 
temperature lapse rate and time of the year.  The 
ability of these predictors to separate conditions 
where fog is more rather than less likely was 
tested.  The ultimate utility of these predictors was 
tested by the impact of their removal on the skill of 
BOFFIN forecasts. 
 
 
2.1 Pressure Gradient 
 
Afternoon and evening pressure gradients over 
the Melbourne area provide a good indication of 
wind flow direction and strength, and thus how 
favourable the synoptic set-up is for fog formation.  
Four locations surrounding Melbourne Airport with 
long and reliable climate records (Wonthaggi, 
Bendigo, East Sale and Hamilton), roughly define 
North-South and East-West pressure gradients. 
 
Figure 2 displays the 3pm pressure gradient prior 
to all fog and no-fog events at Melbourne Airport 
from 1970-2005, with the majority of fog events 
occurring following Easterly afternoon synoptic 
flow. The data was divided based on fog 
probability, with 3 main ‘states’ determined; VFAV 
– Very Favourable (fog on 8% of days), FAV – 
Favourable (fog on 2.6% of days), UNFAV- 
Unfavourable for fog (fog on 0.7% of days). 
 
 
2.2 Moisture 
 
The evening Temperature and Dew Point 
Temperature at Laverton to the south-southwest 
of Melbourne Airport, define the available moisture 
for fog formation at the Airport overnight.  High 
evening moisture at Laverton is often advected 
northwards overnight, either with light southerly 
surface winds or in a clockwise circulation 
resulting from easterly pressure gradients, known 
as the Melbourne Eddy (Spillane, 1978).  Figure 3 

shows that fog is more likely with increasing dew 
point and decreasing dew point depression 
(Temperature – Dew point Temperature), as 
expected (Roach, 1994). 
 
The data was divided seasonally to account for 
seasonal differences, with Temperature and Dew 
point values at either 6pm or 9pm used. There 
were 3 main areas determined for each group of 
months, with differing fog probabilities; VFAV – 
Very Favourable, FAV- Favourable, UNFAV – 
Unfavourable for fog. 
 

Figure 2: 3pm pressure gradient across 
Melbourne prior to fog (dark blue) and no fog (light 
blue) events. 
 

 
Figure 3: 9pm Laverton Temperature V’s Dew 
point Temperature prior to fog (dark blue) and no 
fog (light blue) events, November-March. 
 
 



2.3 Rainfall  
 
Rainfall also has a significant effect on fog 
likelihood at Melbourne Airport, as it enhances 
low-level moisture, or is linked to cloud lowering to 
fog.  Rainfall is particularly crucial when other 
factors are less favourable, such as the pressure 
gradient or moisture levels. Figure 4 demonstrates 
that fog likelihood significantly increases with 
increasing 24-hour rainfall amount.  For the 
purpose of the Bayesian network, a yes/no rainfall 
cut-off of 4.5mm was used. 

 
Figure 4: Fog frequency at Melbourne Airport 
versus increasing 24-hour rainfall. 
 
2.4 Time of Year  
 
Fog is more likely during the cooler half of the year 
and with shorter nights. Thus the month of the 
year was also used as a fog predictor. 
 
Rainfall and Time of Year are also viewed as 
background factors that partly define the general 
weather situation.  Related differences in the 
meteorology of fog produce differences in the fog 
probability as indicated by related predictors. 
 
2.5 Temperature Lapse Rate 
 
The vertical temperature gradient gives an 
indication of low-level stability, with fog more likely 
in strongly stable environments due to the de-
coupling of the low-level winds, trapping of low-
level moisture and inhibition of a drier katabatic 
wind from the north.  
 
The temperature difference at 9pm and midnight 
between Melbourne Airport and Kilmore Gap 

(located at ~1800ft above Sea level, to the north 
of Melbourne Airport) was used to indicate the 
temperature lapse rate, and thus how favourable 
the low-level stability is for fog formation. Figure 5 
demonstrates that fog is more likely with lower 
‘lapse rates’, which tend to inhibit katabatic flows 
which are too dry for fog.  This is true even for 
VFAV moisture and pressure gradient. 

 
Figure 5: 9pm Melbourne Airport to Kilmore 
temperature lapse rate versus Fog frequency. 
 
 
3. BAYESIAN NETWORK  
 
Bayesian Network (BN) technology (Korb and 
Nicholson, 2004) was used to probabilistically 
combine the predictors (pressure gradient, 
moisture, rainfall, time of year, and temperature 
lapse rate) and the previous guidance (Stern-
Parkyn method). Our BN (BOFFIN) produces 
uncalibrated fog probability estimates, which are 
converted into suggested fog forecasts through a 
set of decisions using decision theory. BOFFIN is 
able to appropriately weight different pieces of 
information, and also deal with missing data.  
 
BNs are directed acyclic graphs, where nodes 
represent random variables and arcs indicate 
dependencies between the variables (arcs can 
have a causal interpretation).  There is a 
conditional probability table associated with each 
node (i.e., predictor) which specifies the 
probability of each state (e.g., VFAV), given parent 
states.  Based on probability theory, BNs 
scientifically support reasoning under uncertainty, 
with the final output of the process being objective.  
The graphical interface enables users to interpret 
and understand network operation, and to see the 
impact of observations on the network outputs. 



In order to develop BOFFIN, relationships 
between the predictors had to be carefully 
incorporated into BNs.  A node (predictor) with too 
many states or parents or parent states will have a 
conditional probability table with too many entries 
to be reliably filled by training on past data, 
particularly with forecasting a rare event such as 
fog.  Hence direct representation of all 
relationships between predictors is not always 
viable.  An alternative is to use some relatively 
independent predictors as ‘sensors’ of fog (a valid 
approach, akin to using a thermometer associated 
with measurement errors), with only key 
relationships between predictors modelled 
causally.  For example, the ability of pressure 
gradient to forecast fog is made dependent upon 
rainfall (Figure 6).   Minor dependencies between 
predictors affect final probabilities, which can be 
calibrated after the fact.  Testing of numerous 
network structures resulted in BOFFIN, as 
displayed in Figure 6. 

Figure 6: BOFFIN; In operational use for fog 
forecasting at Melbourne Airport.  The display is 
from Netica (www.norsys.com). 
 
 
4. EVALUATION  
 
The skill of BOFFIN has been evaluated using 
relative operating characteristic (ROC) curves 
(Mason and Graham, 1999), specifically the area 
under the curves (AUC) that show the trade-offs 
between probability of detection (POD) and False 
Positive Rate (FPR). Stratified cross-validation 
was used, involving randomly dividing the dataset 
into 90% (training) and 10% (validation) fractions 
(separately for fog and no-fog cases), and 
repeating the process 10 times. This process was 
repeated for a Stern/Parkyn only network, a 
Meteorology only network (No Stern/Parkyn) and 
also the network that combined these (BOFFIN). 

Figure 7 shows that the combined network 
significantly outperformed the guidance and 
meteorology/predictor only networks. 
 
The cross-validated AUC score of 0.928 for 
BOFFIN outperformed the 12UTC operational 
forecasts for the period 2003-2005 (Figure 8).  
 

 
Figure 7: Cross validation of Stern/Parkyn, 
meteorology only and the combined network 
(BOFFIN). 
 

 
Figure 8: Cross validation of BOFFIN compared to 
operational forecasts 2003-2005. 
 
5. OPERATIONAL USE 2005-2008  
 
This skill of BOFFIN was improved during the 
subsequent 3 years of operational use, with a 
POD of 97% and AUC of 0.9418 obtained over 38 
fog cases (Figure 9). During this same period a 
POD of 100% and AUC of 0.952 was achieved by 

 



operational forecasters using BOFFIN as 
guidance, a significant improvement on previous 
performance. BOFFIN has been accepted by 
forecasters, who appreciate the ability of the 
system to visually and probabilistically explain the 
forecasts produced, and to provide soundly based 
forecasts for alternative scenarios including where 
a predictor is judged unrepresentative.  
Forecasters have been seen to add value to 
BOFFIN forecasts by taking account of uncertainty 
in forecast predictors, particularly moisture. 
 

 
Figure 9: Comparison of BOFFIN to operational 
forecasts 2005-2008. 
 
 
6. CONCLUSIONS/DISCUSSIONS 
 
Bayesian networks were successfully used to 
incorporate both existing guidance and newly 
developed predictors, to provide fog probability 
and corresponding forecast decisions.  BOFFIN 
has proven more skilful than previously available 
guidance and has led to improved operational 
forecasts since being implemented in early 2006. 
A Bayesian network provides a graphical and 
mathematically sound method for combining 
predictors and dealing with uncertainty, but by no 
means is a black box. Thus it is a system that 
encourages forecaster use, and is a system to be 
used by experts, rather than an expert system. 
 
Bayesian networks enable the integration of data 
and expert knowledge, can handle missing data, 
have explanatory power, have a usable interface 
that enables forecasters to explore “what-if” 
situations (e.g. ‘what if it rains?’) and get results 
based on probability theory. They also can 
incorporate decision networks, with subsequent 

forecasting decisions based on the well founded 
Decision Theory. 
 
BOFFIN has also been extended to forecast the 
probability of visibility reductions in different 
ranges of importance to aviation at Melbourne 
Airport, and to add a ‘Midnight dewpoint 
depression’ to a Network to be used at a later 
time.  Bayesian networks have also been 
developed for low cloud forecasting at Melbourne 
Airport, and subsequently combined with BOFFIN 
to produce forecasts of conditions below aviation 
Alternate requirements. 
 
 
7. FUTURE WORK 
 
In the future it should be possible to improve 
BOFFIN by including other available guidance 
(e.g. Regano), other tacit knowledge that the 
forecasters are currently using subjectively (e.g. 
airmass change, overnight cloud cover and 
atmospheric aerosols for condensation nuclei), 
and also develop networks for other lead times. 
Work is currently underway within the Bureau of 
Meteorology to improve the user interface and 
consolidate forecast process guidance and rules. 
It will be also important to develop further forecast 
decision utilities. 
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