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EXECUTIVE SUMMARY 

The occurrence of fog and low stratus (FLS) at Australia's airports presents safety issues and 
significant costs to the aviation industry. The provision of improved detection and forecasting of FLS 
is a significant imperative of the Bureau of Meteorology towards reducing those costs. This report 
evaluates the recent implementation of the NOAA FLS algorithm, an automated detection scheme that 
combines satellite information with numerical weather prediction data to make real time probabilistic 
detections of 3 levels of adverse 'flight rules' conditions associated with FLS. These conditions are 
Marginal Visual Flight Rules (MVFR), Instrument Flight Rules (IFR), or Low Instrument Flight 
Rules (LIFR) representing different levels of lowered visibility and/or cloud ceiling, with LIFR being 
the most severe. There are separate approaches for day and night detections. In this work, the output 
of the FLS algorithms over 10 Australian airports using Himawari-8 geostationary satellite data 
combined with NWP from the Bureau's ACCESS regional model is validated against automated half-
hourly surface observations from the same airports over the period from December 2015 to November 
2016. 
 
Validation statistics, including Receiver Operator Characteristic (ROC) curves and reliability 
diagrams are used to evaluate the algorithms. Using ROC scores, based on the area under the ROC 
curve, indicates that the algorithms for all three flight rules categories are skilful at discriminating 
FLS events, with scores  in excess of 0.6 at most locations. LIFR ROC scores are modestly higher 
than MVFR and IFR. A significant diurnal cycle in the MVFR and IFR probabilities is present, 
resulting in those algorithms overstating the returned probabilities, particularly with IFR. The 
detections at night are generally superior to those in the day; night detections are strongly based on 
well-understood physical differences in the infrared and near-infrared emissivity of FLS while day 
detections are more heuristic in their approach. There are also spatial differences in performance, with 
stations in the southeast of the country that are well separated from the coast appearing to have better 
FLS detections. A discrete fixed yes/no probability threshold should not be used for any algorithm; 
forecasters should use the output probabilistically in conjunction with other available information to 
authoritatively identify regions of FLS. 
 
Based on above results, the use of LIFR is recommended to best discriminate fog from other flight 
rules types. A loose threshold of 20-30 per cent appears useful in many cases to identify FLS, 
although this is not always reliable. Supporting this conclusion, seven case studies are examined 
across four of the stations, including cases of positive detections, false alarms and misses. The 
algorithm strongly identifies low water clouds at night. These may not always verify against the flight 
rules criteria – for example they may be at the wrong height --  but there is a physical cloud there that 
looks like fog; truly 'spurious' detections appear to be rare with LIFR. The algorithms do not regularly 
detect fogs reported in the METAR present weather observations as light or patchy fog, but these 
generally do not have a significant impact on cloud cover or visibility. Very heavy fogs that are 
apparently shallow, perhaps ~30 m in depth, are also not well detected. The low optical depth of these 
clouds prevents the 3.9 and 11 �m brightness temperature difference from being fully expressed and 
hence reduces the detectability of these clouds. Detecting fog in the period immediately after sunrise 
is also problematic, due to a combination of 'terminator' effects and generally poorer detections during 
the day. 
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1. INTRODUCTION 

The incidence of fog and low stratus clouds (FLS) can have significant economic and logistic effects 
for the aviation industry, as well as significant impacts to safety. FLS can slow down the landing rate 
of aircraft at an affected airport or even prevent landing from occurring altogether in more severe 
cases, requiring a diversion to alternate airport. Diversions and delays to landing elicit additional fuel 
costs and airport fees for industry, and create 'opportunity costs' for passengers. Logistically, delays 
have 'knock-on' effects through the transportation network, creating further delays (e.g. ACIL ALLEN 
Consulting [2015]). In extreme cases, FLS can lead to safety issues. In June 2013, two aircraft were 
forced to divert from Adelaide to Mildura because an expected improvement in weather conditions at 
Adelaide did not materialize. Upon diversion to Mildura, it was discovered that conditions were much 
worse than anticipated, due to reduced visibility from fog. Running out of reserve fuel, both planes 
were required to land in sub-optimal foggy conditions, while emergency procedures were activated at 
the airport [Australian Transport Safety Bureau, 2016]. While both aircraft landed safely, the incident 
highlights the high risk that unexpected FLS may bring. 
 
To mitigate the risk to aircraft, the forecasting and monitoring of FLS is an important function of 
aviation weather services. Standard meteorological observations are vital to identifying fog hazards at 
airports, but limited in that measurements are only taken from a limited number of sites and hence 
may not be representative of the broader area. Remote sensing from satellite provides this spatial 
view, but detection of fog can be problematic, particularly in the presence of mid- and high-level 
cloudiness.  
 
A key to satellite-based detections of FLS at night relies on the differences in the response of the near-
infrared (NIR, ~3.9 m) and atmospheric window infrared (IR; ~11 m) channels to the presence of 
FLS. Radiances at IR are purely terrestrial in origin, while NIR has both solar and terrestrial sources. 
For the small droplets characteristic of fog over land, the emissivity is less at NIR compared to IR 
provided the cloud is sufficiently thick [e.g. Hunt, 1973]. This leads to a brightness temperature 
difference (BTD) which can be used to identify FLS at night. When the IR brightness temperature is 
subtracted from that of the NIR, this BTD is negative in the presence of FLS [e.g. Eyre et al., 1984; 
Ellrod, 1995; Lee et al., 1997]. A qualitative approach called the Night Microphysics RGB [e.g 
Lensky and Rosenfeld, 2008] using false-colour composite imagery from multi-spectral satellite data 
also relies on this NIR-IR BTD. During the day, a different approach is required as the NIR solar 
components create a positive BTD signal. In these conditions, a NIR reflectance can be derived which 
depends on the reflecting surface's properties, the cloud liquid water content and droplet size and the 
satellite viewing angle. As fog is often spatially uniform over an extended horizontal distance, the 
texture of a cloud in both visible and NIR channels can also be used to help identify FLS. Several 
studies have tested daytime fog detection using these basic approaches [e.g. Bendix et al., 2005; 
Cermak and Bendix, 2008).  
 
While the previous discussion shows that multiple methods exist to identify fog from satellite, none 
are appropriate in every circumstance. The formation, maintenance and dissipation of fog is a 
complex and often subtle process involving microphysics, aerosol chemistry, radiation, turbulence, 
both large and small-scale dynamics along with the surface conditions [e.g. Gultepe, 2007]. As a 
result, fog properties can vary and overly deterministic approaches to detection can be deceiving. For 
example, hard BTD thresholds may not always be met and satellite data on their own may be 
ambiguous in their interpretation. Hence, an integrated approach to FLS detection that supplements 
the satellite information with data from numerical weather prediction (NWP) models can help provide 
a result that better accounts for the ambiguities present and provide a probabilistic detection of FLS. 
The National Oceanic and Atmospheric Administration (NOAA) National Environmental Satellite, 
Data, and Information Service (NESDIS) has developed the Fog and Low Stratus Algorithm [Calvert 
and Pavolonis, 2010] for use with the Advanced Baseline Imager (ABI) on-board the recently 
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launched GOES-16 satellite. The FLS algorithm is an integrated satellite and NWP-based algorithm 
designed to detect adverse aviation weather conditions ('flight rules') caused by fog and low stratus 
clouds. Three types of conditions are identified: Marginal Visual Flight Rules (MVFR), Instrument 
Flight Rules (IFR), and Low Instrument Flight Rules (LIFR). Table 1 defines the weather criteria for 
these rules. When none of these conditions are met, Visual Flight Rules (VFR) are in effect. For each 
set of conditions, the FLS algorithm returns the probability for each satellite pixel that conditions are 
at that level or worse. Figure 1 presents a sample of the LIFR probabilities over Australia. Key 
objectives of this report are to improve our understanding of what this output represented by Figure 1 
means meteorologically, objectively determine how well the algorithm performs and how it can be 
best used in an operational setting. 

Table 1 Meteorological definition of the different aviation flight conditions. 

Flight Conditions Definition 
Marginal Visual Flight Rules (MVFR) Ceiling of 1000-3000 feet and/or a 3-5 mile 

(5-8 km) Visibility. A ceiling is defined when 
cloud cover is BKN (5-7 oktas) or OVC (8 
oktas) 

Instrument Flight Rules (IFR) Ceiling of 500-1000 feet and/or a 1-3 mile 
(1.6-5 km) visibility 

Low Instrument Flight Rules (LIFR) Ceiling of less than 500feet and/or a visibility 
of less than 1 mile (<1.6 km). 

 
In Australia, the Bureau of Meteorology uses the NOAA FLS algorithm to process data from the 
Japan Meteorological Agency (JMA) Himawari-8 geostationary satellite [Bessho et al., 2016] which 
became operational in July 2015. The Advanced Himawari Imager (AHI) on-board the Himawari-8 
satellite is comparable in design and capability to the ABI on the GOES-16 satellite, with one 
different channel between the two satellites. The FLS algorithm has been operational in the Bureau 
since March 2016. A brief summary of the algorithm is given in Section 2. One of the key objectives 
of this report is to assess how well this algorithm performs in Australia. The data and methodology to 
do this are described in section 3. A key component of this assessment is to derive quantitative 
measures of the skill of the algorithm in detecting FLS conditions over Australia, including standard 
verification statistics and the reliability of the probabilities generated. This is presented in section 4. In 
section 5, several detailed case studies of the FLS algorithm in different circumstances are presented. 
These are included to identify strengths and weaknesses of the algorithm along with insights into the 
meteorology that lie behind the results the algorithm provides. Section 6 summarizes the findings of 
this report.  
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Figure 1. LIFR probability field derived from the FLS Algorithm on 14 June 2016 at 1800 UTC. The 
ten validation sites used in this study are noted with small crosses 
 

2. ALGORITHM SUMMARY 

This section provides a brief summary of how the FLS algorithms works and the variables involved in 
making this determination. It is largely drawn from the FLS Algorithm Theoretical Basis Document 
(ATBD) by Calvert and Pavolonis [2010] and that document should be consulted for further detail.  
 
The FLS algorithm combines data from multi-spectral satellite imagery and numerical weather 
prediction (NWP) models along with output from radiative transfer models (RTM) to derive the 
MVFR, IFR and LIFR probabilities for each time and at each pixel in the satellite image. As noted 
earlier, separate algorithms are used during day and night based on the solar zenith angle (SZA) at the 
pixel under consideration. As discussed in the introduction, a key feature of the algorithms is the use 
of the 3.9 m NIR channel (channel 7 on Himawari-8). Several different metrics are calculated from 
the sources and then combined using a Naïve Bayesian statistical model (e.g. Kossin and Sitkowski 
[2009])to estimate the probabilities. The Bayesian model is ‘trained’ to identify the physical and 
microphysical characteristics of FLS using historical surface observations and satellite imagery to 
determine the a priori probabilities that are stored in ‘look up tables’ (LUTs) for quick computation. 
While the general approach is the same for the different 'flavours' of the algorithm (i.e. MVFR, IFR, 
and LIFR), separate versions of the LUTs are created for each one. 
 
Three variables are used to drive the FLS algorithm at night, defined as when the SZA > 90°. The first 
variable is the NWP-based profile of relative humidity (RH) in the lower troposphere. Higher RH 
represents air closer to saturation and is thus more likely to contain cloud. The second variable is the 
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near-IR ‘pseudo-emissivity’, which represents the terrestrial component of the radiance at this 
wavelength. This is defined as the ratio of the observed radiance at 3.9 m and the blackbody 
radiance at this wavelength computed using the IR window channel at 11 m (Himawari-8 channel 
14) brightness temperature. It is analogous to the NIR-IR BTD discussed in the introduction. A low-
level water cloud composed of small droplets (e.g. fog or low stratus) emits less radiation in the near 
IR compared to the window channel. As a result, the pseudo-emissivity will be lower when fog and 
low cloud are present than without, allowing for a detection to be made. The third variable is the so-
called radiometric surface temperature bias (RSTB). This quantity is the difference between the NWP 
surface temperature and an IR-based (11 m) surface temperature, estimated using the RTM to 
remove the atmospheric portion of the observed radiance. When the RSTB is small, the cloud is more 
likely to be nearer the surface; larger biases suggest more elevated clouds. Interim probabilities for a 
given satellite scene are calculated from two LUTs. The first is jointly defined from the pseudo-
emissivity and the RTSB. The second LUT is based on the RH. Final probabilities of FLS are 
identified from the LUTs and historical climatology. 
 
During the day, defined where SZA < 85°, four variables are used to drive the FLS algorithm. Two of 
these variables are the lower troposphere RH profile and the RSTB, as in the night algorithm. The 
third variable used in the day algorithm is the spatial uniformity of the reflectance at the visible 
channel (0.65 m, channel 3 on Himawari 8), defined by the standard deviation of a 3x3 pixel area 
centred on the pixel being considered. Lower values of this variable are indicative of FLS, which is 
horizontally extensive and smooth in appearance on a satellite image. Higher values are more 
characteristic of cumulus clouds. The fourth variable is the 3.9 m reflectance, which considers the 
solar contribution at this channel. Clouds composed of small liquid water droplets (such as FLS) have 
higher values of reflectance. Two LUTs are used in the day FLS algorithm. The first jointly considers 
the 0.65 m spatial uniformity, the 3.9 m reflectance and the RSTB. The second considers only the 
RH, noting that the RH LUT during day is distinct from that at night. 
 
The periods just after sunrise and just before sunset, when the SZA is between 85° and 90°, is a 
transition period where neither the day or night algorithms are appropriate. Further, an automated 
cloud type algorithm that provides secondary information to the FLS algorithm (cf. Section 3.1) can 
have trouble identifying clouds - when the SZA is between 80° and 90°. This period, when the 
algorithms are known to not perform optimally, is referred to as the terminator zone or period. It 
typically lasts for 1 hour after the sun rises or one hour before the sun sets. During this time, FLS 
output is essentially 'frozen' with the IFR and LIFR probability fields during this time held constant. 
Closer examination of probability for MVFR (cf. Section 5) shows that the probabilities during the 
terminator period are often set to the default minimum value of two per cent, particularly in the early 
morning. When it is not, the 'frozen' value is used. When a high temporal resolution sequence of 
images is viewed, this imposed behaviour causes the images appear discontinuous and highlights the 
terminator zone. 
 
A special version of the IFR algorithm is also output in the results. This version, notated IFR_RH, 
uses only the LUT for RH to determine the FLS probability for IFR; that is, the output is only 
dependent on the numerical model. This version provides a useful reference for (a) the influence of 
the satellite data on the detections, and/or (b) the performance of the NWP output in detecting these 
conditions.  
 
The algorithm evaluated here uses LUTs derived as discussed in the ATBD. These were trained using 
surface data from North America and satellite data derived from the older GOES-12 geostationary 
satellite (retired in 2013). The satellite data in particular may be problematic. The newer Himawari-8 
satellite, while broadly covering the same channels used in the algorithm, differs considerably in 
terms of the spectral response functions of each channel; the spectral range and exact weights within 
the band will vary with different satellite sensors. These changes to the spectral response functions 
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lead to differences in the radiances received by the satellites for what is nominally the same channel. 
This can adversely affect sensitive calculations like the pseudo-emissivity, in turn leading to errors in 
the FLS probabilities. The fact that the algorithm was calibrated for use in North America will also be 
an issue to the (unknown) degree that fog is different within Australia in terms of microphysical 
characteristics, formation mechanisms and/or the climatology of events. 
 
 

3. DATA AND METHODOLOGY 

To quantify the performance of the FLS algorithms, a validation exercise is performed on the 
detections using an extended period of data from multiple sites around Australia. In the approach here, 
the different probabilistic FLS detection products are compared to the ‘ground truth’ of co-located 
surface METAR observations using forecast verification techniques. Point data from 10 sites are used, 
including the 8 capital cities (Darwin, NT; Perth, WA; Adelaide, SA; Melbourne, VIC; Hobart, TAS; 
Sydney, NSW; Canberra, ACT; Brisbane, QLD), Wagga Wagga in NSW and Alice Springs in the 
NT. The local airport is used as the validation site at each location. Data from a one year period 
extending from December 2015 through November 2016 are used, with a 30-minute time resolution 
for the validation. This nominally gives 17,568 opportunities (at each site) for comparison of the 
satellite and surface based observations, although not all opportunities are available due to incomplete 
data. Details of the data processing and validation approach are provided in the following paragraphs. 

3.1 Satellite data 

The underlying satellite data used in this study come from the JMA 16-channel Himawari-8 
geostationary satellite data, with a spatial resolution of 2 km. The FLS algorithm is run for all of 
Australia at the standard 10 minute time resolution (excepting 0240 and 1440 UTC, when the satellite 
performs 'housekeeping operations' and does not return meteorological data), nominally providing 142 
scenes per day for 366 days. From this processing, the outputs from the FLS algorithm are extracted 
for the satellite pixel containing the airport at each site. Only the single pixel is considered here; 
adding surrounding pixels (e.g. 3x3 pixels) was initially considered, but this did not change the result 
in any significant manner. The primary data that are extracted are the probabilities that MVFR, IFR 
and/or LIFR are occurring in the pixel. These probabilities are the same as those delivered 
operationally in the fog products. Further, additional information that is used in the internal decision 
making process by the FLS algorithm is also retained. These include satellite information at relevant 
channels (e.g. brightness temperatures, reflectance or emissivity) and relevant model-based fields (e.g. 
maximum relative humidity in layers, surface temperature bias). Output from an automated 'cloud-
type' algorithm which is performed as part of the routine processing is also retained. This algorithm 
classifies each pixel into one of nine possible cloud states. These are: clear, fog, water (warm), super-
cooled water, mixed phase, thick ice, cirrus, overlapping and overshooting tops. This extra 
information is retained to provide additional insight and diagnosis as required and is not routinely 
used in the validation. It is of the most relevance in the case studies in Section 5. 

3.2 NWP data 

Numerical weather prediction model data is used with the FLS algorithm to provide background data 
for the radiative transfer modelling components as well as direct input into the FLS algorithm. For the 
Bureau's implementation of the algorithm, the NWP data are primarily derived from the Australian 
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Community Climate and Earth-System Simulator (ACCESS) model [Puri et al., 2013]. In particular, 
the regional version (ACCESS-R) of the model is used [National Meteorological and Oceanographic 
Centre, 2013]. ACCESS-R is a 12-km horizontal resolution model with 70 vertical levels covering a 
domain that encompasses Australia and the surrounding regions. From the model, 72-hour forecasts 
are produced 4 times per day, at 0, 6, 12 and 18 UTC. For the FLS algorithm, the 6- and 9-hour 
forecast fields are used from the simulation closest in time to the satellite observation. In the case 
where ACCESS-R is not available, the NCEP GFS model is used instead. While some differences will 
be expected as a result of differing model resolutions and performance, the differences are expected to 
be relatively minor. Details of the GFS model can be found at  
http://www.emc.ncep.noaa.gov/GFS/doc.php. 

3.3 METAR data  

The surface-based METAR data are used as ‘ground truth’ in this validation exercise. Surface data are 
taken from the local airport at each site, co-located with the satellite pixel. Standard METAR data are 
reported every 30 minutes, with special observations (SPECI) issued as rapidly changing weather 
warrants. The METAR observations compiled here consist of the basic meteorological variables (i.e. 
temperature, humidity, precipitation and wind), observations of cloud base and amount, visibility and 
the ‘present weather’, which identifies specific weather conditions at the site (e.g. rain, fog, etc.). The 
basic meteorological variables are collected with the use of Automatic Weather Stations. Present 
weather is a manual observation, and is not included during times when an observer is not present at a 
station. The key observations for the validation exercise in this study are those of cloud cover and 
base along with visibility. These are the parameters that define the 'flight rules' conditions (Table 1). 
These are visual observations, gathered both manually from human observers and automatically from 
instrumentation. Manual cloud observations are reported in 3 layers, with a possible 4th layer reserved 
for towering cumulus or cumulonimbus clouds. Reports from automated ceilometer measurements are 
reported in up to 3 layers, with a maximum reported height of 12,500 ft. A perusal of the data shows 
that there can be some differences in the reporting of both cloud base and cover between the two 
sources (cf. Table 3). Wauben [2002] suggests that observer and automated observations of cloud base 
generally match and that there is no obvious bias between. For cloud cover, the two observation 
sources are within 1 okta of each other about 75 per cent of the time, with observers tending to 
identify slightly higher cloud amounts (but fewer cases of OVC). The biggest differences were found 
when cloud amounts were between 3 and 6 oktas. Much of the differences in cover could be attributed 
to the lack of spatial representativeness of the ceilometer reported cloud reports, which only sample a 
limited portion of the sky. Some of the difference between the sources was also eliminated when 
clouds above 15,000 ft. are not considered; these clouds are not reported in the automated 
observations used here.  

Visibility is determined by a human observer through the manual identification of suitable targets that 
are a known, fixed distance away from the site. All directions are scanned, with the minimum in any 
direction reported as the visibility. Night observations can be difficult and viewing directions are more 
limited. Automated estimates of visibility are made with a 'visibility meter', which measures the 
reduction in the intensity of a light source a short distance from the sensor. Automated and manual 
visibility observations can be quite different at any given time, with automated observations being 
much noisier (cf. Figures in Section 5). Wauben [2003] indicates that slightly lower visibilities are 
generally reported in automated observations, although they are broadly similar. The differences were 
attributed to both differences in sensor location and differences in the measurement methodology. For 
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example, visibility meters only measure over a limited volume near the ground, while manual 
observations are often made from an elevated position (like a tower) and scan in multiple directions.  

The Bureau of Meteorology's Aviation Weather Services Knowledge Centre also provides some 
information on the strengths and weaknesses of automated and manual observations of cloud and 
visibility [Bureau of Meteorology, 2012]. An important advantage of automated visual observations is 
an improved performance at night. However, automated cloud observations may suffer from time lags 
in rapidly changing situations, fluctuating cloud bases in windy situations with cumulus and incorrect 
cloud amounts (either high or low) when the clouds are stationary. Visibility meters will incorrectly 
report reductions in visibility when they are transitory or not spatially uniform due to the small 
sampling volume of the instrument. The reports will be representative of conditions at the sensor, not 
necessarily across the wider area of the airport. 

3.4 Identification of 'flight rules' from observations 

The specific 'flight rules' (e.g. MVFR/IFR/LIFR) as used in this work are not routinely evaluated in 
Australia, although comparable criteria in regards to aviation weather conditions do exist. For the 
validation, an estimate of 'flight rules' in that observation must be made from the METAR data. Due 
to the large volume of data being analysed, the must be done algorithmically using the cloud and 
visibility observations. This is relatively straightforward using the criteria noted in Table 1. Note that 
these use an 'OR', not an 'AND' in the determination of the rules. For example, LIFR conditions can 
be met when the visibility drops below 1.6 km OR cloud base is below 500 ft.; both do not have to be 
true for LIFR to be in effect. Note that the flight rules categories as used here are not exclusive; for 
example, the existence of LIFR implies that MVFR and IFR are also present. 

For this study, both manual and automated observations of cloud cover and base are used, while only 
the automated visibility data are used. Knowing the limitations discussed above, manual cloud 
observations are probably superior, particularly when the sky is partially covered. However, perusal 
of the data indicates that the manual observations are often missing in the METAR reports for 
extended periods (hours). Further, at Canberra, Wagga Wagga and Alice Springs, there are no manual 
observations made between 1800 LT and sometime between 0400-0600 LT, depending on the airport 
and the time of year. The incomplete cloud data makes inclusion of the automated observations 
necessary. With visibility, the automated observations tend to respond more quickly and strongly to 
lowered visibility conditions (cf. Section 5), albeit with more apparent 'noise' driven by the 
methodological and sampling differences. The lack of manual visibility observations at night at 
several stations also necessitates the need for the automatic observations. 

The determination of the flight rules in effect at a given observations is made independently for each 
of the three observation sources. The final determination is made by choosing the worst conditions 
present. For example, if visibility indicates MVFR, while the observer cloud observations suggest IFR 
and ceilometer clouds suggest VFR is in place (e. g clouds reported as SCT (3-4 oktas)), then IFR is 
chosen as the validation criterion for that time. This methodology and the inherent limitations in the 
observational data likely create some uncertainty in the 'ground truth' data, which will subsequently 
affect the validation statistics. This uncertainty is ignored beyond acknowledging its presence here. 
Examination of the 'flight rules' from the different data sources (not shown) indicates that while 
differences do exist, the results are largely consistent across the sources and the impacts on the 
validation statistics is expected to be minimal. 
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3.5 Validation statistics 

The FLS algorithm is evaluated using methods of probabilistic forecast verification, where the 
detection is treated as a probabilistic forecast and is validated against the state of the flight rules as 
determined from surface observations as described in Section 3.4. This involves varying the 
probability threshold from 0% to 100% and, using each threshold to separate events from non-events, 
assessing the algorithm’s ability to detect the occurrence of FLS. A simple 2x2 ‘verification matrix’ 
(Fig. 2),where ‘satellite detection’ and ‘surface observation’ define the two axes, and each axis is 
divided into ‘true’ and ‘false’ (Figure 2) gives four possible outcomes. A ‘hit’ is indicated when both 
observation and detection are true; a correct detection when the phenomenon is present. A ‘miss’ is 
defined when the phenomenon occurs but is not detected. A ‘false alarm’ (FA) occurs when the 
phenomenon is detected but is not observed. A ‘non-event’ occurs when the phenomenon is not 
detected and is not observed. Both hits and non-events represent correct detections; false alarms and 
misses represent incorrect detections. 

 

Figure 2. Verification matrix with terminology used in this report. 

From this matrix, several simple metrics are computed which are subsequently used to build more 
sophisticated metrics capturing the probabilistic validation following Wilks [2011]. These simple 
metrics are: 

Probability of detection (POD), the proportion of observed events for which a detection was provided 
correctly. This provides an estimate of the probability that an event will be correctly identified. 
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Probability of false detection (POFD), the proportion of null events (i.e. where the phenomenon is not 
observed) for which an incorrect detection is made. It estimates the probability that for a null event a 
detection will be made incorrectly 

 

The Success Ratio (SR), the proportion of events that are correctly detected against the total number 
of events for which a detection is provided. It estimates the probability that an event actually occurred 
given a detection is made 

 

The SR is the complement of the False Alarm Ratio (FAR), the proportion of false alarms against the 
total number of events for which a detection is provided. It estimates the probability that an event is a 
false alarm when a detection is made 

1  

The statistics above are computed as a function of the probability threshold, which is varied from 0 to 
100% in steps of 1%. For each threshold, the scores above are computed through this range, providing 
a complete description of the verification metrics as a function of the probability threshold. Figure 3 
presents a sample of this output for Melbourne. With these statistics as a function of probability 
threshold, more sophisticated metrics can be derived to evaluate the probabilistic returns from the FLS 
algorithm. 

Using the POFD and POD as a function of probability level, the skill of the probabilistic algorithm is 
examined using Relative Operator Characteristic (ROC) curves [Mason, 1982; Mason and Graham, 
1999]. Here, the POFD and POD as a function of probability threshold are plotted as (x,y) in a 
Cartesian frame (Fig. 4). The area A under the ROC curve can be used to estimate a ROC score 
[Mason and Graham, 1999], defined as 
                                             

	 2 ∗ 0.5  
	

which yields a score between -1 and 1. Positive ROC scores indicate skilful detections, found when 
the ROC curve lies above the diagonal line in Fig. 4. Scores near zero indicate little difference from 
chance and are found when ROC curve is near the diagonal line. Scores below zero scores suggest 
‘negative skill’, found when the ROC curve is below the diagonal line. Relating this back to Fig 3, a 
positively scored ROC curve is indicated when the POD (green line) is significantly higher than the 
POFD (red line); the larger the difference, the greater the ROC score. When the two lines overlay one 
another, the ROC scores are near zero. 
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Figure 3. Verification statistics at Melbourne for the MVFR algorithm using the ANNUAL time series 
with ALL times included. Shown are the POD (green), POFD (red), SR (blue) and FAR (orange). The 
black vertical line represents the location of the optimized binary threshold discussed in section 4.3.  

 

Figure 4. ROC curve for the Melbourne MVFR algorithm with the ANNUAL time series combining 
ALL times. This is the ROC corresponding to the data in Fig. 3. Dashed lines and the cross indicated 
the location of the 'optimized binary detection threshold from section 4.3. 
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‘Reliability diagrams’ of the algorithm output are also used to evaluate performance. A reliability 
diagram plots the forecast probability against the observed relative frequency of an event occurring 
[Hartmann et al., 2002]. Here, ‘forecast’ probability is taken as the specified detection threshold from 
the algorithm being examined while the observed relative frequency is the number of times the event 
is observed whenever  that probability threshold is used (identical to the SR described above). A 
highly reliable forecast with well-calibrated probabilities should lie along the 1:1 diagonal of such a 
diagram, meaning that when, for example, an event has a 40% chance of occurring it actually occurs 
40% of the time. Reliability curves lying above the 1:1 line under-estimate the probability, meaning 
the event happens more often than predicted at that threshold. Reliability curves below the1:1 line 
over-estimate the probability, where the event happens less often than expected at that threshold. 

4. ANALYSIS 

In this section, a general overview of the results is provided. The first two subsections discuss the 
'climatology' of the observed flight rules. The first describes the frequency of occurrence and the 
weather type associated with flights rules as observed from the surface-based METAR data. The 
second explores the characteristics of the FLS algorithm output, namely the diurnal cycle of the FLS 
algorithm-generated probabilities and their cumulative frequency distribution. It should be 
emphasized that these do not necessarily represent a complete climatology, as only the characteristics 
of the observed period are examined, rather than the long-term mean conditions. Other years will 
likely vary. The final subsection presents the results from the validation exercise, including discussion 
of the ROC scores, reliability diagrams and the selection of an optimal probability threshold to create 
a binary decision. 

4.1 The year in ‘flight conditions’ from surface observations 

The type and frequency of flight conditions as determined from the surface observations for the 10 
stations over the year examined is presented in Fig. 5. Their occurrence of any type of 'flight rules' 
below VFR is highest in Melbourne and Canberra (present 15-18% of the time) and lowest in 
Brisbane, Darwin and Alice Springs (present 4-6% of the time). Most stations show variability in the 
frequency of flight rules conditions during the year, with summer (DJF) and winter (JJA) generally 
showing the highest frequencies. Spring (SON) also shows a high frequency at many stations. The 
variability can be quite high, with some stations reporting very few instances of flight rules during 
some seasons (e.g. Darwin during JJA). MVFR flight conditions are the most frequent, comprising 
65-85% of the observations of FLS. IFR and LIFR make up the rest, with generally more IFR 
conditions reported, although these numbers are nearly even in some cases (e.g. Canberra). The more 
restrictive LIFR and IFR conditions are most frequent during JJA with the exception of Darwin. Table 
2 breaks down the total occurrences by time of day, dividing them into day (SZA < 85°), night (SZA 
> 90°) and terminator (90° < SZA < 85°). For MVFR, no clear preference between day and night is 
seen; half of the stations have more occurrences in the day. With IFR and LIFR, there is a clear 
preference for these conditions to occur at night in most cases. 

Figure 6 presents the ‘present weather’ reported stratified by each category of flight condition for each 
location. At Canberra, Wagga Wagga and Alice Springs, the number of 'no reports' is overstated as 
present weather is not reported overnight there. During MVFR flight conditions (Fig. 6a), there are 
overwhelmingly no reports of present weather, suggesting that these events are largely due to low 
clouds. Rain, showers and drizzle are most frequent with MVFR conditions when ‘present weather’ is 
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reported. When IFR conditions are present (Fig. 6b), 'no reports' become less frequent at some 
stations, but not all; rain, showers and drizzle are again most prominent, and make up a higher relative 
contribution compared to MVFR. With LIFR conditions (Fig. 6c), ‘no reports’ still make a large 
contribution. Fog becomes more prominent, particularly at Canberra, Melbourne and Perth. The lack 
of overnight manual observations at Canberra, Alice Springs and Wagga Wagga may be particularly 
relevant here. For example, examination of the surface data from Wagga Wagga shows that there is a 
significant number of apparent fog events associated with LIFR conditions (cf. Section 5.1.2) where 
manual observations (including 'present weather') are not taken, indicating that the numbers of 'no 
reports' are too high. 

Table 2 Diurnal distribution of observed flight rule occurrence by station. Shown are the total number (Tot) of 
occurrences (as in Fig. 5), and the number of day (D), night (N) and terminator (T) occurrences. For reference, 
there is an average of 7925/8705/616 total observations in the day/night/terminator categories.  

Site 
MVFR  IFR  LIFR 

Tot  D  N  T  Tot  D  N  T  Tot  D  N  T 

ADELAIDE  1229  505  686  38 197 75  117 5  37  13 23  1 
ALICE SPRINGS  438  247  179  12 158 68  84  6  85  28 53  4 
BRISBANE  787  396  457 24 100 41 56 3 47 20 26  1 
CANBERRA  2058  898  1081 79 270 106 149 15 276 73 180  23 
DARWIN  759  442  296  21 91  34  54  3  20  6  14  0 
HOBART  1507  570  869  68 176 62  109 5  78  18 55  5 

MELBOURNE  2335  1116  1140 79 564 192 352 20 259 89 161  9 
PERTH  1171  462  662 47 225 59 152 14 88 22 61  5 
SYDNEY  1525  742  723  60 221 93  121 7  53  32 18  3 

WAGGA WAGGA  1119  597  486  36 424 156 244 24 232 82 135  15 
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Figure 5. 'Climatology' of flight conditions at the 10 sites for the December 2015-November 2016 
period as determined from the surface-based METAR observations. Bars show the number of 
observations in each category by season (red= DJF, gold=MAM, blue=JJA, green=SON). The total 
length of the bar equals the total number for each category.  Total number of observations available 
is listed under the station name. 
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Figure 6. 'Present Weather' reported when A) MVFR, B) IFR, and C) LIFR flight rules are indicated 
by the METAR data for the 10 stations. Totals are reported by season, with colours as in Fig 5. 
Individual bars at a station represent weather categories, denoted by the small letter atop the bar. 
Categories are N=no report, F=fog, D=drizzle, R=rain, S=showers, T=thunder and O=other. 
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4.2  Characteristics of the FLS algorithms time series 

4.2.1  Diurnal cycle of probabilities 

Figure 7 shows contoured frequency diagrams of the distribution of MVFR (Fig. 7a), IFR (Fig. 7b) 
and LIFR (Fig. 7c) detection probability with the time of day for Melbourne. Similar plots for the 
other stations are presented in the Appendix. The general characteristics seen here are also apparent at 
the other stations. Focusing on Fig. 7a, the behaviour of the MVFR algorithm shows distinct 
differences between day and night (generally between 7 and 21 UTC, with differences for time zone, 
daylight saving time, and seasonality). During the day, the distribution tends to be bimodal, with a 
peak in frequency strongly identified at 2% and a more diffuse peak between 20 and 40%; 
membership in the latter grouping is more frequent overall by a factor of 2-3. The frequency peak at 
2% mostly represents the 'no cloud' signal, with 2% appearing to be the default minimum value for 
MVFR. This value is also reported in the terminator zone when the algorithm has transitioning 
between day and night (cf. Section 2). Other ‘horizontal layers’ -- local maxima in frequency -- are 
noted extending above this broad peak, for example, near 50% and 80% MVFR probability during the 
day. These layers probably represent 'preferred solutions' within the algorithm, a result of the 
discretization within the look-up tables used to compute the probabilities. At night, the distribution 
has a broader single peak, extending from 5-20% probability. As observed during the day, ‘horizontal 
layers’ are noted at higher probabilities (e.g. near ~60% MVFR probability). Also noted, particularly 
later in the night, are more diffuse areas of enhanced frequencies at very high probabilities (e.g. > 
80%, ~14-19 UTC). Examination of the seasonal variation (not shown) shows that most of this signal 
occurs during DJF. 

The distributions of probabilities for the other stations show more or less the same pattern of diurnal 
variability (cf. Appendix). In most of the others, the daytime peak tends to be less spread out and does 
not extend to as high a probability level as seen in Melbourne. At Darwin and Brisbane, the higher 
probability peak is less well developed, and the peak near 2% dominates. The distribution at Alice 
Springs is somewhat like this as well.  

The frequency distribution of IFR (Fig. 7b) is broadly similar to that of MVFR. There are distinct 
differences between the night and day versions of the algorithm, with a bimodal frequency 
distribution of probability during the day and a single mode at night. However, values of IFR are 
generally lower and fewer 'horizontal layers' are noted compared to MVFR. Overall frequencies of 
LIFR (Fig. 7c) show few differences between day and night. There is no strong diurnal signal, 
although the higher probabilities appear to occur preferentially at night.  
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Figure 7. Contoured frequency diagram showing the joint distribution of FLS A) MVFR  B) IFR and 
C) LIFR probability with time of day at Melbourne. Data for the whole year are shown. Bin sizes are 
half-hourly and 1% in the x and y directions, respectively. Contoured frequencies in days per year 
shown on the legend in C. Local Standard time is 10 hours ahead of UTC. 
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Considering the variation of the bimodal MVFR/IFR probabilities across the different stations, along 
with its seasonal variation (not shown) suggests that observed bimodal diurnal pattern during the day 
is due to the presence or absence of low and mid-level clouds. During seasons and locations where 
cloudiness is minimal (e.g. Darwin in JJA or Alice Springs in MAM), the higher probability 
maximum in the frequency distribution is reduced. An example illustrating this behaviour is presented 
in Fig. 8, a sequence of 'true colour' RGB satellite images captured at 0130 UTC on three consecutive 
days (18-20 October 2016) in the vicinity of Melbourne. During the first two days, broad-scale 
cloudiness is obvious in the imagery and the MVFR and IFR probability values are found in the upper 
peak are reported (Table 3). Note the slightly different cloud bases and cloud cover in the manual and 
automated observations, as per the discussion of section 3.3. However, the observations from either 
measurement source do not fulfil the criteria for MVFR flight rules (Table 1). During the third day, 
the satellite image shows that conditions are largely cloud-free over the region, both probabilities are 
reported at 2% (the minimum value) and no clouds are reported in the observations. As noted in 
section 2, a variable within the daytime algorithm is the NIR reflectance, which increases with the 
smaller droplet sizes expected in fog and low stratus. The low and mid-level cloudiness observed on 
the 18th and 19th have enhanced NIR reflectance values (Table 3). By the logic of the algorithm, the 
higher reflectance indicates that these clouds share some characteristics with FLS, and as a result 
some enhanced probability is assigned. For the algorithm, whenever warm (> 0°C), water clouds with 
small droplets are present in the day, some enhanced probability will be reported; this appears to be 
most important for MVFR and IFR.  

Table 3 Summary of relevant FLS algorithm output for the images noted in Figure 8. For *, cloud observations 
from 0100 UTC.  

variable 18Oct /0130 UTC 19 Oct/0130 UTC 20 Oct/0130 UTC 

MVFR (%) 28.4 24.5 2.0 

IFR (%) 18.5 16.3 2.0 

NIR 
reflectance 

12.0 12.1 5.2 

Standard 
deviation 

21.4 17.0 Not calculated 

Observer 
clouds 

CU 4800 SCT(4)* 
CU 4600 SCT(3) 

SC 6500 SCT(3) 
NONE 

Ceilometer 
clouds 

6400 SCT 

7300 BKN  
6300 BKN* NONE 
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Figure 8. Daily sequence of 'True colour' RGB satellite images in the vicinity of 
Melbourne, VIC from 18-20 October 2016 at 0130 UTC. Location of airport denoted by 
cross. Grid lines are spaced at 1 degree. 
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4.2.2 Frequency distributions of FLS probabilities 

Figure 9 presents cumulative frequency distributions for the MVFR (Fig. 9a), IFR (Fig. 9b) and 
LIFR (Fig. 9c) detection probabilities to provide an overview of how often the different levels 
of probability are observed within each algorithm. The figures include all observations of the 
corresponding FLS probabilities, regardless of whether there is a validating observation. As 
expected, generally higher probabilities are returned for MVFR. The median MVFR probability 
lies between 5 and 25%, with most stations near 10%. At the 90th percentile (i.e. 10% of all 
MVFR probabilities are higher than this value), the corresponding MVFR probability is 
between 30 and 70%, with most between 50 and 60%. Overall Melbourne, Canberra, Hobart 
and Wagga Wagga tend to have higher MVFR probabilities indicated from the FLS algorithm 
than the other stations.  

The MVFR frequency distributions are not smooth curves, particularly at the lower 
probabilities. The MVFR curve shows inflection points near 2%, again near 7% and a more 
subtle one between 20 and 25%. The points and the atypical shape of the curves are related to 
the peculiarities of the diurnal distribution (section 4.1.1). These values represent the prominent 
peak in the daytime curve at 2%, the night frequency maximum near 7% and the broader 
daytime second frequency maximum near between 20 and 30%. 

For IFR (Fig 9b), the different stations are more similar in their distributions, with a narrower 
spread. Returned IFR probabilities are lower than those for MVFR. Median values are range 
from around 3% to 15%; most stations are at 5% or below. Melbourne, Wagga Wagga, Hobart 
and Canberra are the exceptions. At the 90th percentile, values are between 18 and 30%. The 
non-smooth shape of the frequency curves are again apparent, with the inflection points 
generally near 4% and 16%. As before, this is a reflection of the diurnal cycle of IFR 
probabilities. 

In general, LIFR probabilities (Fig 9c) are lower than IFR. Generally less than 5% of LIFR 
probabilities have a value above 5-10%. Higher values of LIFR probability occur more often at 
Melbourne, Wagga Wagga and Canberra. Even at those stations, values of LIFR probability 
above 10% are very rare. The lowest values are at Darwin, with very few occurrences of values 
above 4%. As there is no significant diurnal cycle indicated in LIFR probabilities, there 
frequency curves are comparatively smooth. 
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Figure 9. Cumulative frequency of A) MVFR, B) IFR and C) LIFR probabilities at the 10 
stations. Colours denote the individual states as per the legend. Data for the whole year and all 
times are shown. Dotted lines highlight common reference points for readability.  
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4.3  Performance of FLS Algorithms 

4.3.1 ROC scores of the different algorithms 

The ROC score represents a straightforward metric for evaluating the performance of the FLS 
algorithm. A simple, albeit arbitrary, approach for interpreting the scores is to divide the 
possible range of the ROC score into thirds. The top third -- ROC scores of 0.33 to 1 -- are 
considered skilful, meaning that the algorithm successfully identifies periods when flight rules 
are in effect. Scores in the lowest third – below -0.33 – indicate the algorithms show negative 
skill. Scores in the middle of the range, -0.33 to 0.33, are indicative of little or no skill shown by 
the algorithm. A score of zero indicates the algorithm is essentially just as good as chance. 

Figure 10 shows the ROC scores by station for MVFR, IFR, IFR_RH and LIFR, based on the 
annual series with all (i.e. day, night and terminator) observations included. At all stations aside 
from Alice Springs and Darwin, the LIFR algorithm produces the highest ROC scores. At most 
stations, these ROC scores are above 0.7 indicating skilful detections. Exceptions are Brisbane, 
Darwin and Adelaide. Similarly, the MVFR and IFR ROC scores also indicate skilful 
detections, albeit with slightly lower scores. Whether MVFR or IFR is more skilful is dependent 
on the station. The IFR_RH score is generally the lowest score. At Darwin and Perth the 
IFR_RH ROC scores lie in the 'no skill' range, and only just exceed that threshold at Adelaide. 
At these sites in particular, the NWP model relative humidity profiles by themselves appear (as 
used in the algorithm) to be poor identifiers of FLS. At Melbourne and Canberra, the IFR_RH 
ROC scores are quite similar to the IFR scores, suggesting that the NWP model RH fields 
provide much of the skill. At the other stations, both satellite and NWP components play a 
significant role.  

The diurnal sensitivity of the ROC scores varies to some degree with the algorithm (Fig 11a). 
For MVFR, the ROC scores are generally higher at night, although at most stations the 
differences are small. Alice Springs is the exception here, with higher ROC scores in the day for 
MVFR. The scores for all times, which includes day and night plus terminator area are often (6 
of 10) below the individual day and night scores. This is presumably due to the inclusion of the 
terminator times, when the output from the FLS algorithms is either frozen or set to the default 
value of 2%. The scores for IFR (Fig. 11b) show a different tendency, with the scores during the 
day higher at 6 of the 10 stations. The difference between day and night is particularly striking 
at Darwin. For LIFR (Fig. 11c), the ROC scores are again generally (7 of 10) higher during the 
night. At Adelaide, Alice Springs, and Darwin, the difference is particularly striking, with those 
stations showing relatively low amounts of skill during the day. These are also stations where 
there are only a few observations of LIFR in the verification dataset. The statistics here may not 
be robust due to this factor, although low numbers of verifying observations do not 
automatically translate into low ROC scores. For example, Hobart only has a similarly low 
number of daytime LIFR observations yet has a high ROC score. 



VALIDATION OF A SATELLITE-BASED FOG AND LOW STRATUS DETECTION ALGORITHM USING HIMAWARI-8 DATA OVER AUSTRALIA 

 

 

23 
 

 

Figure 10. ROC scores for FLS annual time series with all times included by algorithm type at 
all 10 stations.  
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Figure 11. Variation of FLS ROC scores with time of day at each of the 10 stations for the 
annual time series. Shown are MVFR (top), IFR (middle) and LIFR (bottom). 
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4.3.2 Reliability curves 

This section presents the reliability diagrams for the three individual FLS algorithms. For each 
case, the curves are presented at FLS probability increments of 10% probability. To clarify the 
interpretation of the diagrams, a point is not plotted if the number of samples is less than 10 for 
the 10% bin above the plotted threshold (e.g. 20-30% for the point plotted at 20%), resulting in 
truncated reliability curves at probabilities that are only infrequently observed (cf. Fig. 7). 
Diagrams are presented all times, including the terminator (a), day (b) and night (c) time series 
for the whole year. 

Figure 12 shows the reliability curves for the MVFR algorithm at each of the ten stations. For 
all times (Fig 12a), six of the stations – Melbourne, Canberra, Alice Springs, Hobart, Wagga 
Wagga and Sydney – closely follow the 1:1 line, indicating that they are generally reliable 
detections. There is underestimation of the probabilities at some of these stations, particularly at 
lower MVFR probabilities. The remaining four show poorer reliability, with over-estimation of 
the probabilities. This is particularly apparent at Brisbane and Darwin. 

Figures 12b and 12c show the curves for day and night, respectively. Overall, the day curves 
indicate a greater spread in the reliability across stations, with the degree of overestimation 
being larger in many cases, although others (e.g. Melbourne, Alice Springs, Canberra and 
Wagga Wagga) still follow the 1:1 line quite closely. Darwin and Brisbane remain poor. The 
strong diurnal variability in MVFR probabilities is apparent in the diagram; there are relatively 
few observations in the 10-20% bin. At night, the curves are more similar, with the exception of 
Darwin and Brisbane. Most stations show an underestimation of the probabilities during the 
night below about 30% MVFR probability in particular 

Figure 13 presents the curves for IFR. For all times (Fig 13a), some degree of overestimation of 
the probabilities in indicated at most stations; Wagga Wagga and Melbourne are closest to the 
1:1 line. Darwin is particularly bad. In most of the cases, overestimation of the IFR probabilities 
is associated with the IFR detections during the day (Fig13b), particularly at IFR values below 
20-30%. As with MVFR, the diurnal variability is impacting the reliability of the detections. At 
night (Fig. 13c), the reliability is improved and the over-estimation is reduced. Wagga Wagga, 
in particular is particularly reliable here. Darwin remains poor. 

Figure 14 shows the reliability curves for LIFR. For all times (Fig. 14a), the curves show a 
considerable amount of scatter between stations. All the curves are truncated here, as there are 
few instances of the higher probabilities observed. Canberra and Perth most closely follow the 
1:1 line. The probabilities are under-estimated at Wagga Wagga. Most of the other stations 
over-estimate the probabilities. During the day (Fig. 14b), the curves are highly truncated, as 
observations of LIFR probability greater than 10-20% during the day appear to be rare. The 
curves at night (Fig. 14c) are unsurprisingly similar to those at all times. 
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Figure 12. Reliability diagrams from all stations using the FLS MVFR ANNUAL time series. 
Shown are the A) ALL times, B) DAY and C) NIGHT. Individual stations denoted by colour, as 
indicated by legend on left. 
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Figure 13. As in Fig. 12, except for IFR. 
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Figure 14. As in Fig. 12, except for LIFR. 
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4.3.3 Choosing a threshold for binary decisions 

With products of this nature, there is often a desire to identify an optimal threshold to convert 
the probabilistic detections into binary (i.e. yes /no) decision. There are valid reasons to do so, 
many in support of making operational decisions. How to choose such a threshold, if needed, is 
unclear. In what follows, an approach towards choosing a binary threshold for the Australian 
version of the FLS algorithms is discussed. 

The ATBD discusses the provision of an 'FLS mask' which produces a binary decision based on 
the MVFR probability. Using their chosen verification skill score (the Hanssen-Kuiper skill 
score, defined as the difference between the POD and POFD) as a function of probability 
(similar to Fig. 3), the binary threshold was identified at the probability level where this metric 
was maximized. For MVFR, this was at 40% during the day and 26% at night. There was no 
regionalization; one value was chosen for the continental USA. Thresholds based on IFR or 
LIFR were not discussed in the ATBD. 

For this work, the ROC curves are used to identify potential thresholds. As noted in section 3, 
these are based on the same variables as those discussed in the ATBD. On the ROC curve, the 
ideal detection (i.e. POD=1 and POFD=0) is located in the upper left corner of the diagram. To 
choose a binary threshold in this work, the probability level which produces the POFD-POD 
pair that is closest to the ideal detection is selected, identified by minimizing the Euclidian 
distance from the discrete points on the ROC curve and the ideal. 

Tables 4 and 5 present the optimized binary thresholds and the associated verification scores for 
the day and night versions of the FLS algorithms, respectively. For MVFR, the optimal 
thresholds for day range from 27-44%, with most stations in the low-30s. At night, the 
thresholds range from 15-35%, with most in the upper teens. These thresholds are lower than 
those from the ATBD. For IFR, the day/night thresholds are 19-25% and 5-20% for day and 
night, respectively. The higher threshold in the day for MVFR and IFR is a result of the diurnal 
variability of those probabilities (section 4.2.1). For LIFR, the thresholds in the day are often 
lower than those at night. During the day, thresholds are 3-5% and are 2-8% at night. The 
thresholds are highest in the stations that have the highest ROC scores (section 4.3.1) and the 
highest frequencies of occurrence (section 4.1). Across all the algorithms, the POD is typically 
between 0.65 and 0.85, with low deviations from this range particularly noted for LIFR during 
the day. Scores for POFD are generally between 0.15 and 0.30, with Darwin in particular 
exceeding this range multiple times.  

Despite the objective definition of these thresholds and the identification of the nominal 'best' 
detections for each case, it is recommended here that they generally not be followed for fog 
detection. This recommendation arises from the consideration of the reliability diagrams 
(Section 4.2.2) and the FAR. The relatively low thresholds (especially for IFR and LIFR) 
indicate that, even if the probabilistic detections were perfectly reliable, the false alarm ratio 
(FAR) would be quite high; e.g., a reliable detection at a 5% threshold would be a false alarm 
95% of the time. The problem is exacerbated by the over-estimation of the probabilities on the 
reliability diagrams (Figs. 12-14), which push up the FAR even more. These effects are 
apparent in the FAR scores reported in Tables 4 and 5, the problem is particularly apparent for 
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the day IFR. Also note that where under-estimation of the probabilities was indicated, the FAR 
scores are correspondingly lower. 

So what is the ideal threshold for an optimal binary detection? The answer is not clear beyond 
saying that it should be higher to reduce the incidence of both false alarms and false detections. 
The optimal thresholds are far from the 50% value that one would naively expect to use for 
‘FLS more likely than not’. From Fig. 3, it is apparent that while raising the threshold lowers 
both POFD and FAR, it also reduces the POD, meaning that events are less likely to be 
detected. The threshold to be chosen (if one needs to be chosen) will need to be heuristically 
determined based on both the trade-offs in the inherent in the validation scores and through a 
detailed examination of how the algorithms perform in different situations. It may need to be 
chosen on an event-by-event basis, based on how the algorithms are performing at that time. 
The high ROC scores for some locations indicate that discrimination ability of the FLS 
algorithms is high and therefore recalibration of the probability outputs could be considered in 
future. In section 5, the provided case studies can offer some guidance in interpreting the output 
of the FLS product.  

Table 4 Optimal binary detection thresholds (Thr, %) and their associated verification scores for the day 
components of the FLS algorithms (MVFR, IFR, and LIFR) at the ten validation sites. The probability of 
detection (POD), probability of false detection (POFD) and false alarm ratio (FAR) at the optimal threshold 
are shown 

Site 
MVFR  IFR LIFR 

Thr  POD  POFD  FAR Thr POD POFD FAR Thr POD POFD  FAR 

ADELAIDE  33  .779  .205  .764 21 .773 .214 .961 3 .538 .138  .994 
ALICE SPRINGS  27  .898  .122  .751 19 .896 .150 .932 3 .500 .052  .967 
BRISBANE  35  .673  .194  .856 21 .803 .181 .967 3 .500 .119  .990 
CANBERRA  33  .776  .208  .630 23 .682 .165 .913 3 .644 .171  .966 
DARWIN  27  .722  .328  .877 21 .850 .237 .982 3 .333 .117  .998 
HOBART  39  .818  .181  .709 25 .887 .123 .930 4 .889 .109  .981 

MELBOURNE  44  .783  .159  .484 25 .851 .166 .840 3 .865 .235  .959 
PERTH  35  .792  .211  .783 21 .704 .212 .967 3 .773 .149  .986 
SYDNEY  33  .759  .201  .679 22 .848 .159 .920 5 .844 .050  .935 

WAGGA WAGGA  32  .844  .193  .659 22 .870 .178 .869 3 .866 .177  .951 

 

Table 5 As in Table 4, except for the night components of the FLS algorithm. 

Site 
MVFR  IFR LIFR 

Thr  POD  POFD  FAR Thr POD POFD FAR Thr POD POFD  FAR 

ADELAIDE  17  .774  .247  .753 8 .857 .239 .945 6 .826 .078  .973 
ALICE SPRINGS  19  .747  .112  .799 7 .818 .184 .934 4 .868 .147  .965 
BRISBANE  16  .751  .331  .870 9 .720 .197 .966 3 .731 .256  .992 
CANBERRA  35  .821  .225  .587 15 .857 .272 .890 6 .811 .264  .939 
DARWIN  15  .687  .326  .915 5 .779 .409 .985 2 .929 .401  .996 
HOBART  32  .847  .192  .628 12 .841 .253 .940 5 .927 .238  .976 

MELBOURNE  37  .808  .184  .491 20 .803 .167 .767 8 .845 .153  .906 
PERTH  18  .827  .262  .738 8 .793 .286 .935 4 .803 .228  .976 
SYDNEY  24  .826  .205  .690 8 .806 .257 .951 4 .778 .185  .991 

WAGGA WAGGA  35  .832  .161  .636 15 .876 .207 .839 7 .881 .165  .922 
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4.4 Analysis summary 

This section has presented some exploratory data analysis on both the FLS and validation 
datasets. The validation dataset is a determination of presence of aviation 'flight rules' based on 
surface observations from 10 stations across Australia using manual and automated surface 
observations of cloud base and cover along with automated surface visibility observations. The 
period from December 2015 through November 2016 is examined. Unsurprisingly, the less 
extreme 'flight rules' conditions (i.e. MVFR) occur more frequently than the more extreme LIFR 
conditions. Surface-based observations show that MVFR occurrence can be associated with 
fair-weather clouds, rain, showers and occasionally fog, while the more restrictive cases (IFR, 
LIFR) cases are only rarely associated with general cloudiness. In particular, the worst 
conditions (LIFR) have a clear association with fog. The locations in south-eastern Australia 
show a greater incidence of these phenomenon; Alice Springs, Darwin and Brisbane clearly 
show less. Fog and LIFR conditions are particularly prominent in Melbourne, Canberra, Wagga 
Wagga and to a lesser extent Perth, especially during the winter months. In the observational 
data, IFR and LIFR conditions have a slight tendency to occur more frequently at night; MVFR 
is more variable and occurs more often in the day at some sites. 

Three algorithms to detect MVFR, IFR or LIFR conditions have been validated. The algorithms 
use different approaches between day and night to assign a detection probability that the 
specified conditions (or worse) are present in the satellite pixel being examined. MVFR 
probabilities are greater than IFR probabilities, which are greater than LIFR probabilities. The 
first two of these, MVFR and IFR, show a strong diurnal variability due to the presence of low 
and mid-level cloudiness. The use of the NIR reflectance, which is enhanced when warm, 
small-droplet water clouds are present, in the day algorithm creates a significant bimodal 
distribution reflecting a cloudy/clear dichotomy in the day probabilities. Hence, when clouds are 
present in the day, MVFR and IFR probabilities are elevated. When clouds are not present (in 
the day), these probabilities are slightly higher at night. For LIFR, the diurnal differences are 
relatively small. 

The results from the validation exercises show that all three algorithms skilfully detect the 
conditions they were designed to identify. Overall, LIFR appears to slightly outperform the 
other two in terms of the ROC score. ROC scores are distinctly higher at night compared to the 
day at most locations. There are also clear distinctions between the stations, which may or may 
not be related to the frequency of occurrence of the 'flight rules'. The performance of the 
algorithm in Darwin is clearly worse than the other stations. Scores in south-eastern Australia, 
included Melbourne, Canberra and Wagga Wagga are higher. The detection reliability is also 
examined. MVFR probabilities are generally reliable at both day and night; some stations 
notably underestimate the probabilities while most over-estimate it. With IFR, most stations 
clearly over-estimate the probabilities, particularly in the day.  With LIFR, the probabilities are 
more reliable, although still far from ideal. Very high LIFR probabilities are only rarely 
observed, so reliability statistics are more limited at these levels.  

An attempt was made to identify probability thresholds to support binary decision. In general, 
these probabilities are too low to be useful, resulting in high FAR scores. The over-estimation 
of probabilities identified in many of the individual algorithms exacerbates the problem. 
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5. CASE STUDIES OF FLS PERFORMANCE 

In this section of the report, brief case studies are presented to highlight the performance 
characteristics of the algorithm, both good and bad. The particular emphasis will be on the detection 
of fog with the LIFR algorithm, although the output from the MVFR and IFR algorithms are also 
shown. Initially, the case studies were chosen by identifying 'spikes' in the LIFR probabilities and/or 
the occurrence of fog in the present weather observations. The examples shown here represent a 
subset of those initial cases that summarize the main characteristics of the algorithms. Cases are 
selected from Melbourne, Canberra, Perth and Wagga Wagga. 

For each case, the main discussion will centre on a series of 5 time series plots from one of the 
validation sites (cf. Fig 15). Each time series is plotted over n days, where n is a whole number. The 
time axis on each plot begins at 0000 UTC of day 1 and ends at 0000 UTC of day n+1. These charts 
present a combination of surface meteorological information and satellite derived parameters for the 
pixel containing the validation site, including the FLS probabilities. This stacked view allows for a 
direct intercomparison of the different variables. In each chart, the top panel displays the full 10-
minute resolution of the MVFR (blue), IFR (yellow) and LIFR (red) probabilities. The second panel 
shows cloud base (axis on left) and cover are shown for the first two layers (red for layer 1, orange for 
layer 2) as reported by the ceilometer, with crosses, triangles and squares symbolizing scattered 
(SCT), broken (BKN) and overcast (OVC) cloud cover. Visibility (right axis) is given for both 
observer-reported (dark green) and automated (light green) determinations. The third panel shows 
standard surface meteorological variables, with temperature (red), dewpoint (blue), wind (barbs) and 
rainfall accumulated from 0900 LT (green). Any present weather reported is noted with the letters 
above, with 'F' for fog, 'R' for rain, 'D' for drizzle, 'S' for showers and 'T' for thunder. For fog (and 
other phenomenon), the 'present weather' is given by a numerical code. Codes 10 or 11, indicate 'light' 
fog and are indicated with a light yellow 'F'. The 41 (patchy fog) and 42 (fog) codes are shown with 
the darker orange/yellow 'F'. The fourth panel shows the 3.9-11 �m BTD (light blue, left axis) and the 
3.9 �m pseudo-emissivity (red, right axis). The 5th panel shows the radiometric surface temperature 
bias (RSTB), where values near zero indicate clear skies. This panel also presents output the 
automated satellite cloud type detector described in Section 3.1.  

In addition to the time series charts, spatial output of the LIFR algorithms is presented in the vicinity 
of the station being examined. Probabilities are presented as shaded contours with range varying from 
5 (dark purple) to 30% (yellow), with 256 colour levels appearing. Values above and below those 
ranges are 'saturated'; for instance, a LIFR probability value of 40% appears in the same yellow as the 
30% level.  These probability images are supplemented with other satellite imagery, either 'true 
colour' or 'night microphysics' RGBs, as required. 

5.1 Fog detection 

This subsection presents four cases where some type of fog was reported in the present weather and a 
moderate or stronger signal was identified in the LIFR probability time series. 

5.1.1 Perth: 21 August 2016  

This case provides an excellent example of the ability of the FLS algorithm to detect fog. After an 
earlier period of showers and broken cloud cover, skies cleared after 21/1500 UTC (Fig. 15). Fog, 
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with a code of '42' was first reported at 21/1941 UTC, with lower visibility reported from just before 
that time. Visibilities down to 100 m were indicated for a significant portion of this event, and the 
ceilometer identified a BKN or OVC cloud base at 100 ft. from 21/2030 to 22/0030 UTC. The heavy 
fog lasted until 22/0000, with a further report of 'light fog' (10) at 22/0030. Surface conditions were 
near saturation with light winds during the fog event. 

The LIFR probabilities (along with the other FLS probabilities) ramped up at the airport from 21/2000 
UTC, reaching 18%. The increase in probability coincides with a decrease in the BTD and NIR 
pseudo-emissivity to levels typically associated with FLS. The highest LIFR probabilities (38%) were 
observed at 2040 UTC. The spatial patterns of LIFR probability (Fig. 16) showed significant regions 
identified as early as 21/1900 UTC to the east and southeast of Perth airport. The fog event on this 
night probably did not form strictly in situ over the station; there appeared to be a component of 
advection of existing fog areas over the station as well. The formation and movement of this area of 
fog, as well as those to the north and south of the airport can be traced quite clearly in Fig. 16. The 
sun rises around 21/2250 UTC on this day. From sunrise through to the 21/2330 UTC image, the 
probability field remains 'frozen' over the area, as this period falls during the terminator zone, when 
reliable detections are not available (cf. Section 2). When the detections resume, the areas indicated as 
high LIFR probability have shrunk considerably and are rapidly decreasing. This is broadly consistent 
with the cessation of the fog as seen in the surface observations. 
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Figure 15. Time series of surface and satellite parameters at Perth, WA on 21 August 2016. Shown 
are: A) FLS probabilities: MVFR (blue), IFR (orange) and LIFR (red) with 10-min resolution; B) 
Cloud base and cover are on the left axis with red (1st layer) and orange (2nd layer) symbols. For 
cover, cross = SCT, triangle=BKN and Square=OVC. Visibility on right axis and green symbols, with 
manual (dark) and automated (light) observations plotted. No symbol implies visibility > 10 km (or no 
observation); C) Surface Meteorological Observations: Temperature (red), Dewpoint (blue), wind 
barbs, accumulated precipitation (since 0900 LT, green)and present weather (F= Fog, R=Rain, 
D=Drizzle, S=Showers, T=Thunder); D) 3.9 m-11m BTD (left axis, blue) and 3.9 m pseudo-
emissivity (right axis, red). Dashed line represents values of 0 for BTD and 1 for pseudo-emissivity; 
and E) Satellite-derived cloud type (left axis, green symbols) and RSTB (left axis, red). See text for 
more details of all plots.
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Figure 16. LIFR probability field near Perth at a) 1900; 
b) 2030; c) 2230 and d) 2340 UTC on 21 August 2016. 
Perth Airport denoted by pink cross. Gridlines spaced 
every 0.2 degrees. 
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5.1.2 Wagga Wagga: 22 September 2016  

This case presents an example of the detection and validation of fog when primarily automated 
observations are available during the event. Surface-based observations (Fig. 17) showed that 
conditions become nearly saturated from 22/1400 UTC. A cloud layer with a base of100 ft. was 
reported at 22/1630 UTC, and became OVC by 1700 UTC. Visibility rapidly decreased from 1730 to 
below 200 m at 1800 UTC. These observations are supportive of dense fog being present at the station 
from at least 1800 UTC. The first manual observation at 2200 UTC reports fog coded '42'. Visibility 
begins to rise at 2230 UTC, and a final manual report of patchy fog (41) is issued at 2316 UTC. 

LIFR probabilities rapidly increased from 1630 UTC, peaking at 71.5% by 1740 UTC. MVFR and 
IFR probabilities are also quite high. The NIR pseudo-emissivity and brightness temperature 
differences dropped from this time, reaching minima of 0.84 and -3.6 K, respectively (Fig. 17). All 
FLS probabilities remained quite elevated until 2010 UTC, approximate sunrise. Here the values are 
'frozen' until 2050 UTC, with MVFR declining to its default minimum of 2% and LIFR remaining 
near 50%. After this 'terminator period', probabilities of LIFR dropped while MVFR and IFR remain 
elevated as the fog thins. At 23/0000, the fog has cleared from the airport site, and all FLS 
probabilities are at two percent. 

The series of spatial LIFR (Fig. 18) charts shows the formation and dissipation of the fog in the area. 
The apparent fog is quite extensive, particularly to the north of Wagga Wagga. The LIFR grew 
spatially from the first strong indications of fog detection at Wagga Wagga (1630 UTC) until sunrise, 
after which it begins to dissipate. In the final image of the sequence, the 'banding' of the probability 
field is due to thin cirrus passing overhead, as can be verified through visible satellite imagery (Fig. 
19) and the RSTB time series, which shows some slight negative bias during this time (Fig. 17). As 
expected, overhead cloud degrades the ability of the algorithm to confidently detect fog and low 
cloud; the cirrus here is relatively thin and does not completely eliminate the detections as would be 
expected with thicker clouds (and lower RSTB). 
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Figure 17. As in Fig. 15, except for Wagga Wagga on 22 September 2016.  
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Figure 18. LIFR probability field in vicinity of Wagga 
Wagga, NSW at a) 1630 UTC, b) 1750 UTC, c) 2000 
UTC and d) 2250 UTC on 22 Sept 2016. 
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Figure 19. ‘True Colour’ RGB of Wagga Wagga area at 22 Sept 2016, 2250 UTC. Note that map 
projection and exact region covered is different compared to Fig 18. 
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5.1.3 Melbourne: 23 April 2016  

During this case, there is light (10) and patchy light (11) fog reported. There are also high FLS 
probabilities noted, including of LIFR. However, this apparent successful FLS detections and the fog 
do not overlap. The time series plots show that near –saturated conditions with light winds were 
present overnight at Melbourne (Fig. 20). SCT and BKN clouds with bases between 1500 and 4000 ft. 
were reported until 23/1500 UTC. The cessation of the clouds was associated with a shift in the light 
winds to a northerly direction. Light fog and/or lowered visibility were reported from 1600 to 1900 
UTC. OVC clouds with a base at 2100 ft. from 1900 to 2100 UTC were followed by an hour of 
reported light patchy fog as the sun rose at 2100 UTC. 

The trace of the FLS probabilities is equally complex. Several distinct spikes in the LIFR probabilities 
were noted around 1030, 1200, 1330 and 1430 UTC, with peaks between 20 and 25%. As the clouds 
cleared, LIFR dropped off to between 3 and 8% while fog was reported. As the 2000-ft base clouds 
moved over, LIFR probabilities rose to ~48% before reducing as the clouds retreated. From sunrise at 
23/2100 UTC, the FLS probabilities were frozen until 2200 UTC, with MVFR reduced to 2%. From 
2200 UTC, all FLS probabilities are at 2%.  

Figure 20 shows that there were few if any overhead clouds blocking the view. The spikes in the LIFR 
probabilities were clearly coincident with stronger negative departures in BTD and lowered values of 
NIR pseudo-emissivity, with values below -3.5 K and lower than 0.84 during the spikes. 

The spatial pattern of LIFR probability at sunrise and the corresponding visible satellite imagery show 
the extent of the cloud field (Fig. 21). Significant amounts of low cloud were present to the west of 
Melbourne, as well as along the coast. Interestingly, the LIFR field did not extend over the adjacent 
waters of Bass Strait or Port Phillip Bay, although cloud that was visually similar in appearance 
extended over the water. Further, in the regions over the Otway Peninsula and north of 37°S, the 
source of the high LIFR detections were not immediately obvious, as there appeared to be few clouds 
at these locations. 
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Figure 20. As in Fig. 15, except for Melbourne, VIC on 23 April 2016. 
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Figure 21. LIFR probability (left) and ’True Colour’ RGB image (right) in the vicinity of Melbourne, VIC at 2100 UTC at 23 Apr 2016. This approximately 
coincides with sunrise. Note: Images are not in the same projection, and true colour image covers slightly larger area. 
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5.1.4 Canberra: 16-17 July 2016 

This case study compares the performance of the algorithm over two consecutive nights at Canberra. 
Canberra only had automated observations between 0800 and 2000 UTC on these nights. On both 
nights, automated observations infer the presence of thick fog (Fig. 22). Conditions were near 
saturated on both nights. Visibility is below 1 km for extended periods on both, and when manual 
observations were reported, both mornings showed fog (42). Skies were generally clear on both 
nights, although some thin cirrus was apparent between 17/0900 and 17/1400 UTC. 

Despite these similarities, the FLS algorithms time series were very different. The 16th showed a 
strong spike in all three parameters, with LIFR probabilities exceeding of 65% from 1410 to 1850 
UTC. However, the LIFR remained low, between 2 and 4%, after the 'terminator period', although the 
true colour satellite imagery (not shown) clearly indicated that fog was present over the airport. On 
the 17th, LIFR probabilities only exceeded 10% for a few brief periods (~30 minutes to an hour each). 
Figure 23 shows the difference in the spatial extent and strength of the probabilities. There were 
reported differences in the low clouds on these two days, with OVC clouds below 300 ft. reported for 
about 10 hours on the 16th, compared to generally SCT to BKN clouds on the 17th. On the 16th, BTDs 
and NIR pseudo-emissivity was considerably lower than that observed on the 17th; minima of these 
fields are -3.5 K and 0.84 on the first night compared to -1.5 K and 0.93 on the second. Another 
potentially key difference is that temperatures remained above freezing on the first and were below 
freezing on the second night. This is discussed further in the next subsection. 
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Figure 22. As in Fig. 15, except for Canberra, ACT on 16-17 July 2016. 
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Figure 23. LIFR probability fields in the vicinity of Canberra, ACT on 16 and 17 July 2016. Image 
times are 16/1930 UTC (top) and 17/1700 UTC (bottom). Location of Canberra Airport denoted by 
pink cross.  
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5.2 Fog misses 

This section examines reports of apparently significant fogs in the surface observations that were not 
detected by the satellite. These cases provide insight into how the algorithm operates and what its 
limitations are. 

5.2.1 Canberra: 12-15 June 2016 

This case study examines a 4-day period in Canberra when fog, either code 41 or 42, was reported 
every night. During this period, the observations were automated until 1830 UTC, and sunrise 
occurred just after 2110 UTC. Surface conditions (Fig. 24) were favourable for fog on each of the 
nights, with near-saturated conditions, light winds and generally clear skies after local midnight. On 
the 12th, the fog was limited, with minimal reductions in visibility and only patchy fog (code 41). The 
night of the 13th showed the most significant fog event in this sequence. Visibility was reported less 
than 1 km over two periods of observation, with low-based clouds also reported. Manual observations 
indicated a code 42 fog and lowered visibility during part of the foggy period. On the 14th, another 
extended period of visibility less than 1 km was again present. Low-based clouds were also indicated, 
although not as extensive as the previous night. Manual observations also noted a code 42 fog. On the 
15th, the reduced visibility periods were brief in the automated observations; reduced visibility was 
more notable in the manual observations. The reported fog is mostly code 41, with only 3 
observations (including one special) of code 42 fog. A brief period of cirrus was noted from 1700-
1920 UTC, before the fog/reduced visibility was observed (Fig. 24). 

The response of the FLS probabilities to these fog events was muted (Fig. 24). On the 12th and 13th, 
the LIFR probability did not exceed 5% at any time. They were slightly higher on the 14th at 4-7%. On 
the 15th, LIFR probabilities reached 14% when the cirrus was overhead and was less than 10% outside 
of those times. MVFR and IFR probabilities were higher on the 14th and 15th. Looking at the satellite 
parameters (Fig. 24), the BTD was only slightly negative during the times of interest, typically 
remaining above -0.5 K. Similarly with the NIR pseudo-emissivity, this was only slightly below 1 
during the relevant times. The lowest values of both parameters over these four days occurred on the 
13th, when they reach -1.4 K and 0.93 (at 13/1910 UTC). 

The visible 'true colour' RGB satellite images at 2200 UTC on these days is revealing (Fig. 25) and 
shows that with the exception of the 13th, it was difficult to authoritatively identify any fog or low 
cloud in the vicinity of the airport. On all 4 days, surface observations at this time report patchy fog 
(code 41). On the 13th and 14th, code 42 fog was reported at 2130 UTC, and the satellite presentation 
is similar (not shown). A sequence of LIFR spatial plots for the 13th (Fig. 26) shows that the region of 
fog apparent in the western ACT on the true colour image was detectable, but that the reported fog at 
the airport was not identified. Also note in the figure that the daytime version of the LIFR algorithm 
does not identify any fog in the immediate region.  
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Figure 24. As in Fig 15, except for Canberra, ACT from 12-15 June 2016. 
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Figure 25. ‘True Colour’ RGB images in the vicinity of Canberra (pink cross) at 2200 UTC on a) 12 June, b) 13 June, c) 14 June and d) 15 June 2016. 
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Figure 26. LIFR probability fields in the vicinity of 
Canberra, ACT at A) 1900, B) 2000, C) 2200 and D) 2300 
UTC on 13 June 2016 
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The fog observed on these four nights apparently has different characteristics from what the algorithm 
was designed to detect. The patchy nature of the fog suggests that it was not widespread in the vicinity 
of the airport. It may be a small-scale phenomenon that does not even encompass the entirety of the 
relevant satellite pixel, which would account for the higher values of BTD and pseudo-emissivity 
observed. Alternatively, the fog could be widespread, but only occurring in a very shallow layer near 
the surface and hence does not have the same radiative signature. The idea of shallow fog is supported 
by lack of low clouds as indicated by the ceilometer; even on the 13th, when low clouds were reported, 
these measurements are most often SCT or BKN. This same tendency was also noted in the 
previously discussed Canberra fog events on 16-17 July. On the second night when the detection was 
poorer, the low clouds were generally only SCT or BKN.  

An additional consideration is the surface temperature. On these nights, the reported temperatures 
were below freezing. Considering this case and others observed during the year examined here, there 
appears to be a correlation between sub-freezing surface temperatures and poor performance in the 
FLS algorithm. The temperatures likely aren't cold enough for this to be 'ice fog' [Gultepe et al., 
2015], which the algorithm is not designed to detect [Calvert and Pavolonis, 2010]. It may not be the 
sub-zero surface temperatures per se that create the poor detections. One possibility is that the low 
temperatures are indicative of a strong surface cooling that results in a significant near-surface 
inversion, subsequently limiting the vertical extent of the fog. The resulting shallow fog does not have 
a large enough optical depth to strongly produce the BTD (pseudo-emissivity) effects detected by the 
algorithm. 

5.3 False alarms 

This is an example where the FLS probabilities are quite high, strongly suggesting a positive 
detection, while the relevant conditions are not observed. 

5.3.1 Melbourne: 14 June 2016 

The FLS probabilities overnight on 14 June 2016 at Melbourne registered three sharp peaks over the 
course of 10 hours (Fig. 27). The first was centred at 1330 UTC, when LIFR probabilities reached 
20% for 2 hours. A second, longer peak extended from 1610 to 1820 UTC, with LIFR probabilities at 
or above 50% for most of the period. The third peak began at 2050 UTC, but was subsequently 
interrupted by the sunrise and the arrival of the terminator zone from approximately 2140 UTC. 
Sunrise coincides with the reduction of MVFR probabilities to 2% and the 'frozen' values of IFR and 
LIFR until 2240 UTC. The surface data clearly indicated that conditions were not suitable for fog; 
conditions were not near saturation and winds were consistently 10-15 kts. 

The surface time series do show significant low cloud cover over the region, with periods of BKN to 
OVC cloud coinciding with the peaks in probability. The clouds had bases between 3400 and 3800 ft. 
and so failed to meet even the criteria for MVFR. There was no reported effect on visibility. The 
satellite time series (Fig. 27) indicated that these clouds had properties similar to fog. During the first 
peak BTDs as low as -6.0 K are reported, along with NIR pseudo-emissivity as low as 0.74. The 
satellite parameters are not as low during the second peak, reaching -4.2 and 0.81. The third peak has 
values of -5.1 K and 0.78 just before sunrise.  
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Figure 27. As in Fig. 15, except for Melbourne, VIC on 14 June 2016. 
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Figure 28. Night Microphysics RGB 
imagery (a, c) and LIFR probability fields 
(b, d) in vicinity of Melbourne, VIC at 
1330 (a, b) and 1600 UTC (c, d) on 14 
June 2016 
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Figure 28 shows a comparison of the 'Night Microphysics' RGB image and the LIFR fields during the 
first (1330 UTC) and second peaks. The RGB image highlights the areas of low cloud quite clearly 
(the greenish-grey regions), primarily in response to the NIR BTD. The LIFR field covered more or 
less the same areas and features, but indicated more variability in the probabilities, both temporally 
and spatially, that can be readily identified from the qualitative RGB image. Subtle differences in the 
algorithm variables lie behind this variability; the LIFR algorithm is not simply a proxy for the NIR 
pseudo-emissivity or BTD. At 1330 UTC, LIFR is lower despite having a very strong BTD signature. 
This is likely a result of a slightly negative RSTB (Fig. 27) during the first peak, suggesting that the 
cloud is slightly colder (and hence at a higher altitude). The apparently thinner cloud in the second 
peak, which has a nearly identical base in both manual and automated surface observations, has a 
higher probability, presumably due to a slightly positive RSTB and higher expected RH in the lowest 
500 feet. The later cloud looks more like fog (LIFR conditions) to the algorithm. The 14/1200 UTC 
radiosonde trace from Melbourne (not shown) indicated a strong inversion at 900 hPa, with a strong 
near-surface inversion beneath. This vertical structure resulted in similar temperatures at the boundary 
layer top inversion and the surface being observed, result in a lower than expected RSTB and 
elevating the LIFR probabilities. 

Despite this being a 'false alarm', the algorithm did successfully identify low clouds that bear a strong 
resemblance to fog. While the detection does not verify, there was low cloud present that certainly 
had the possibility to become operationally significant. Other events similar to this were identified 
(not shown), including: 15 July 2016 in Melbourne when OVC clouds with a 3500-ft base were noted 
with an LIFR probability greater than 50%; 9 December 2015 in Canberra, where a brief period of 
1500-ft base clouds was detected with a 33% LIFR probability, and; 13 May 2016 in Wagga Wagga, 
where OVC clouds with a 3600-ft base triggered LIFR probabilities in excess of 40% 

5.4 Non-fog example 

This case study is included to document the performance of the algorithms during a non-fog example 
of adverse aviation weather conditions 

5.4.1 Melbourne: 25 December 2015  

The final case study examines the performance of the algorithm in the case of a heavy rain event 
associated with a cool change over SE Australia. Before the frontal passage, temperatures were above 
30°C most of the day, with low relative humidity (~15%) and northerly winds of 15-25 kts (Fig. 29). 
No clouds and/or reduced visibility is reported. The FLS probabilities remained at minimal values 
throughout the day, with the exception of the period from 0130 to 0300 UTC, when MVFR and IFR 
are elevated to 15-25%. 'True colour' RGB visible satellite imagery showed some very thin clouds at 
this time (not shown). The satellited indicates that these clouds are composed of water. 

The frontal passage occurred around 1630 UTC, with a shift to SW winds, an immediate 5°C 
temperature drop and increasing humidity. Rain was reported from 1700 UTC, and totals eventually 
reached 33.8 mm by 2200 UTC. Prior to the rain and the frontal passage, cloud cover increased, as 
evidenced by the decreasing RSTB. The decrease became stronger beginning from 1200 UTC, 
reaching below -200 K (an unrealistic value) for an extended period. This was associated with thick 
cloud cover, initially classified as cirrus before transforming into 'thick ice' clouds. The BTD became 
positive with the ice clouds, even more so as the sun rose at 1900 UTC. From the surface, clouds are 
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multi-layered, with the lowest bases identified between 500 and 1000-ft while visibility degraded to as 
low as 2.5 km. After the front, MVFR and IFR probabilities were relatively high up to 60% and 20%, 
respectively before the sun rose. The values became considerably higher during the day; for MVFR, 
the numbers were in excess 95%. Throughout the period, LIFR remained at less than 8%. 

 

Figure 29. As in Fig. 15, except for Melbourne, VIC on 25 December 2015. 
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5.5 Synthesis of case studies 

The coincidence of high LIFR probability and the presence of fog as reported or deduced from the 
surface observations has been specifically examined in this section. Multiple cases have been 
identified at the four stations with the highest incidence of FLS reported over the period of study. 
These locations are Canberra, Melbourne, Wagga Wagga and Perth. Seven of these cases, including 
successful detections, false alarms and misses were presented here. 

Not unexpectedly, the LIFR responds strongly to the presence of low-altitude water clouds at night. 
Strong negative NIR-IR BTDs or equivalently 3.9 m pseudo-emissivities less than 1 correspond 
strongly to higher LIFR probabilities, although this is not strictly a 1-to-1 relationship; the other 
variables in the algorithm (i.e. the RSTB, low level RH) are important, too. Unfortunately, the 
characteristics detected are not unique to fog, and as such the FLS algorithms can have difficulty 
distinguishing between thin stratocumulus cloud with a 4000 ft. base and thick fog on the ground. 
Both situations are operationally relevant to aviation forecasters, but require different responses. 
Detecting FLS in the terminator zone is difficult because the probabilities are frozen during this 
period. Detection in the early morning after sunrise and the terminator zone are also problematic, 
largely due to the different algorithm during the day. The frequent dissipation of fog during this time 
may also be a factor here. 

A surface-based report of fog at a station is not a guarantee of enhanced LIFR probability. This result 
is likely related to the horizontal and vertical scale of the fog. In circumstances where the fog is 
reported as light (code 10), patchy (code 41) or both (code 11), LIFR probabilities often remain low. 
This is more correct than not, as these fogs often do not have strongly reduced visibility reported at 
the surface. In some cases, the fog may be quite thick but still not detected. It is likely that in these 
cases, the fog is quite shallow, perhaps largely confined to depths less than 30 m. A distinguishing 
feature between these cases and others where LIFR probabilities are higher is the presence of BKN or 
OVC ceilometer clouds at 100-300 feet. A shallow, undetected fog will not extend that high and 
hence not be sampled by the ceilometer. Instances of these missed detections appear to be associated 
with sub-freezing temperatures; this is probably somewhat coincidental and a signature a strong 
radiative cooling creating a near-surface inversion that limits the fog depth. 

A known limitation of the algorithms is that they are only designed to detect fog when it is the highest 
layer of cloud (i.e. it is clear above the fog). In some sense, this is not problematic as the ideal 
conditions for a radiative-type fog are clear skies; overhead clouds limit cooling to space and can 
prevent fog from forming. The case studies appear to suggest that the algorithm can still provide some 
usable detection when relatively thin cirrus, as determined by a relatively small reduction in the 
RSTB, is overhead. The probabilities will be reduced, but may still provide a sufficient detection in 
some cases. If a strongly negative RSTB is present, 'thick ice' or other types of clouds are usually 
reported in the cloud type, even low-level water clouds will not be effectively detected. When these 
clouds clear off, signals come through. These thicker clouds are often associated with other weather 
types (e.g. rain). In these cases, the MVFR and IFR probabilities may be elevated, but not LIFR as 
strongly. 

The accompanying spatial plots of LIFR show how fog can be identified and traced at locations away 
from the station. This has potential to help predict onset times of fog over short time frames. The 
spatial plots also provide some information into heuristically identifying a binary fog/no-fog 
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threshold. In many instances, LIFR probabilities were elevated to 20-30% or more when fog was 
present. Interpreting the spatial pattern (e.g. a 'blob' of high probabilities) can also help identify 
regions of fog. The time variation of the spatial fields can be used to track the motion of the fog; this 
is enhanced by looping the imagery. 

6. DISCUSSION AND SUMMARY  

The performance of the NOAA NESDIS Fog and Low Stratus (FLS) Algorithm over Australia using 
data from the Himawari-8 geostationary satellite for the period from December 2015 through 
November 2016 has been examined in this report. The FLS algorithm combines satellite and NWP 
data to provide probabilities that various aviation 'flight rules' (i.e. MVFR, IFR, LIFR; Table 1) are 
occurring at a given satellite pixel. Day (SZA < 85°) and night (SZA > 90°) detections use different 
criteria to determine the probabilities. The data used to validate the algorithms are the identification of 
the flight rules in effect at the validation site from surface-based METAR observations from 
automated ceilometer and visibility meter measurements at half hourly intervals. Ten sites around 
Australia are used in the validation. The performance is evaluated with the Receiver Operator 
Characteristic (ROC) curves and an evaluation of reliability diagrams comparing the predicted 
probability of occurrence with the actual rate of occurrence. 

At most locations, all three algorithms produce skilful detections. Overall, ROC scores for the LIFR 
are slightly higher than those of MVFR and IFR. Any many locations, the inclusion of satellite data 
increases the detectability over use of the model RH field only. The FLS algorithms perform better in 
the south-eastern part of Australia, which also coincides with the highest incidences of fog and low 
stratus based flight rules over the year examined. For MVFR and LIFR, the skill scores tend to be 
higher at night; with IFR, skill scores are often higher in the day. The 'reliability' of the different 
algorithms varies considerably with algorithm and from site to site. The algorithms tend to over-
estimate the probabilities at many stations, meaning that the calculated probability is higher than the 
actual observed probability. This over-detection is particularly prevalent in the daytime MVFR and 
IFR scores, and is related to a significant diurnal variability in the probabilities calculated by the 
algorithms caused by the presence of low and mid-level clouds during the day. With LIFR, the 
reliability curves are more mixed between stations due to the low frequency of occurrence of 
probabilities above 10-15%. Comparison of the Australian results with the validation statistics for the 
US-based product (M. Pavolonis, personal communication), which uses different satellites and 
modelling systems, suggests that the Australia product does not perform as well. The US based 
validation statistics, compiled over the whole country together, tend to show higher skill scores in 
terms of the 'accuracy' (the number of correct detections divided by the total number of detections). 
The US detections appear to be more reliable, with the reliability curves better matching the 1:1 line 
than what is seen at many of the stations here; the strong over-estimation of the probabilities in 
particular is not present. Better performance over the US is not wholly unexpected; the algorithms 
have been explicitly tuned for that region and that particular combination of NWP and satellite data.   

Several case studies of potential fog events have been examined using the LIFR probability field and 
surface data. These include positive detections, false alarms and misses and an event not related to fog 
at all. From these cases, it is noted that the algorithm strongly detects low water clouds near the 
surface, but can have difficulty distinguishing whether the cloud is ground-based fog or elevated 
stratocumulus. For FLS to be detected, the clouds need to be sufficiently thick and spatially extensive. 
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Patchy and/or light fog is poorly detected. Detection, at reduced probabilities, can occur under thin 
cirrus. However, thicker clouds or multiple layers act to obscure the signal, even if FLS is present. 

Despite the generally positive findings in regards to the detection of FLS described herein, there are 
obvious deficiencies in the algorithm's performance over Australia; it is clearly not as good as the as 
that in the USA, especially in terms of the reliability of the probabilities. There are several likely 
explanations for this that suggest potential improvements to the algorithm for Australia.  

The first possible improvement would be to upgrade the LUTs used to make the probability 
calculations within the algorithms. As noted earlier, these in use in the current system are derived 
from a different satellite sensor, as well for a different region of the world. Based on statistics in the 
ATBD, FLS over the USA clearly happens more frequently than what is seen at the ten Australian 
stations examined here. Ideally, an LUT based on Australian surface observations and using 
Himawari-8/9 data along with ACCESS NWP would be available. This would ensure that the 
probability calculations were tuned for our region and would likely result in improvements in the 
performance, particularly in the calibration of the probabilities. However, this task involves matching 
copious amounts of satellite and NWP data to surface observations. Surface observations in particular 
may be a limitation in Australia, as the observation network (133 stations with the required cloud and 
visibility measurements in Australia) is much more sparse compared to the USA; it may be difficult to 
acquire the necessary number of observations, especially given the relatively low frequency of 
occurrence of FLS in many regions of the country. One alternative is to use a new LUT derived for 
the GOES-16 ABI when it is developed although this will only account for the spectral responses of 
the newer satellite sensors.  

A second avenue for improvement and exploration lies in understanding the effects of different input 
NWP data on the FLS algorithm, in particular the relative humidity. It is possible that some of the 
spatial differences in performance noted here are related to the input model data. For instance, the 
widely varied performance of the IFR_RH algorithm briefly noted earlier (cf. Fig 10) may result from 
a poor representation of the RH field in certain areas. A complementary report to this examines the 
ability of the ACCESS model humidity fields to estimate their performance in predicting fog. 
Intriguingly, these results show that the performance in this regard is best at the same stations where 
the FLS algorithm shows the most skill (R. Dare, personal communication).The performance may 
change  (hopefully for the better) as the NWP models evolve or different models are used. 

Based on the results of this study, it is recommended that the FLS LIFR algorithm be primarily used 
to clearly delineate the location of fog and low stratus clouds. MVFR and IFR should provide 
supplementary roles. The spatial extent of MVFR and IFR probability fields are generally larger; the 
more spatially limited returns and less-frequent high probabilities from LIFR allow for a more 
focused determination of the location of the FLS events being observed. The slightly higher ROC 
scores and the lack of a strong diurnal cycle are factors for LIFR in this recommendation. The IFR 
probabilities, particularly in the day, are strongly overestimated. However, the use of explicitly 
defined binary detection probability thresholds should be avoided. For LIFR, these are too low and 
result in detections with excessively high FARs. The case studies provided suggest that a higher LIFR 
threshold (say 20-30%) works well, reducing the number of false alarms and providing a reasonably 
clear discrimination of fog/no-fog areas. A drawback is that this will reduce the POD, meaning that 
actual fogs may be missed. Overall, an important finding of this work is that complete misses of FLS 
events are relatively few. If the algorithm is suggesting a higher probability of detection, then 
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something of meteorological significance is occurring, even if it does not strictly verify.  There are 
many subtleties that can confound the FLS algorithms. Given these factors, the FLS should be used in 
conjunction with the other tools available to identify and predict FLS.  
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APPENDIX. DIURNAL CYCLE OF FLS PROBABILITIES AT 
AUSTRALIAN LOCATIONS 

 

 

Figure A1. Contoured frequency diagram showing the joint distribution of FLS A) MVFR  B) IFR or 
C) LIFR probability with time of day at Canberra. Data for the whole year are shown. Bin sizes are 
half-hourly and 1% in the x and y directions, respectively. Contoured frequencies in days per year 
shown in the legend in C. Local Standard time is 10 hours ahead of UTC. 
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Figure A2. As in Figure A1, except at Wagga Wagga. Local Standard time is 10 hours ahead of UTC.
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Figure A3. As in Figure A1, except at Darwin. Local Standard time is 9.5 hours ahead of UTC.
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Figure A4. As in Figure A1, except at Alice Springs. Local Standard time is 9.5 hours ahead of UTC.



VALIDATION OF A SATELLITE-BASED FOG AND LOW STRATUS DETECTION ALGORITHM USING HIMAWARI-8 DATA OVER AUSTRALIA 

 

 

65 
 

 

 

 

Figure A5. As in Figure A1, except at Adelaide. Local Standard time is 9.5 hours ahead of UTC.
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Figure A6. As in Figure A1, except at Sydney. Local Standard time is 10 hours ahead of UTC.
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Figure A7. As in Figure A1, except at Perth. Local Standard time is 8 hours ahead of UTC.
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Figure A8. As in Figure A1, except at Brisbane. Local Standard time is 10 hours ahead of UTC.
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Figure A9. As in Figure A1, except at Hobart. Local Standard time is 10 hours ahead of UTC. 




