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Abstract—Automated detection of fog and low stratus in nighttime satellite data has been

implemented on the basis of numerous satellite systems in past decades. Commonly, differences in

small-droplet emissivities at 11lm and 3.9lm are utilized. With Meteosat SEVIRI, however, this method

cannot be applied with a fixed threshold due to instrument design: The 3.9lm band is exceptionally wide

and overlaps with the 4lm CO2 absorption band. Therefore, the emissivity difference varies with the length

of the slant atmospheric column between sensor and object. To account for this effect, the new technique

presented in this paper is based on the dynamical extraction of emissivity difference thresholds for different

satellite viewing zenith angles. In this way, varying concentrations of CO2 and column depths

are accounted for. The new scheme is exemplified in a plausibility study and shown to provide reliable

results.
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1. Introduction

1.1. Background

Fog and low stratus (FLS) are of great importance from several perspectives: As

a modifier in the climate system (e.g., HOUGHTON et al., 2001), as an obstruction to

traffic at land, sea and in the air (e.g., PAGOWSKI et al., 2004; LEIGH, 1995), and as a

factor with an impact on air quality (e.g., KRAUS and EBEL, 1989; BENDIX, 2002).

Climatically, low clouds are expected to have a slight cooling effect (cf., the review by

STEPHENS, 2005).

Reliable near-real time information on the spatio-temporal distribution of FLS

can only be obtained from satellite data; station measurements lack the spatial

component and the interpolation of point visibility data is impractical, due to the

complex nature of spatial visibility distribution. Some approaches combine model
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output and satellite observations (e.g., GULTEPE et al., 2007). However, model data

are not always reliable and available, consequently this paper focusses on satellite

data only.

Satellite-based detection of FLS has been performed on a wide range of platforms

for a long time. Some of these can be applied in operational processing, i.e., they

offer an objective decision on the presence of FLS, others require a pre-selection of

scenes. Operational algorithms for daytime FLS detection have recently been

proposed by BENDIX et al. (2006) (Terra MODIS) and ČERMAK and BENDIX (2006)

(Meteosat SEVIRI). At night, an operationally applicable technique for the

delineation of FLS has been in widespread use since it was first presented by EYRE

et al. (1984). These authors take the difference in radiances at 10.8 and 3.7 lm as an

indication of fog presence. In essence, the technique based on this principle identifies

low clouds with predominantly small droplets; a combination of properties found in

FLS (e.g., WMO, 1992, 1996; ROACH, 1994). The physical basis is the emissivity

difference between infrared and middle infrared wavelengths as a function of cloud

droplet size as presented by HUNT (1973). This relationship is shown in Figure 1 for

clouds of various optical depths. It can be seen that emissivity differences between

both wavelengths are considerably larger for small droplets (effective radius = 4 lm
in Fig. 1) than for larger droplets (effective radius = 10 lm). This principle is used to

identify small-droplet clouds in satellite imagery. Since its first application, the

method has been widely used by numerous authors with NOAA AVHRR, Terra/

Aqua MODIS and GOES Imager data (TURNER et al., 1986; ALLAM 1987;

D’ENTREMONT and THOMASON, 1987; BENDIX and BACHMANN, 1991; DERRIEN et al.,

1993; BENDIX, 1995; ELLROD, 1995; LEE et al., 1997; REUDENBACH and BENDIX,

1998; PUTSAY et al., 2001; BENDIX, 2002; UNDERWOOD et al., 2004). It has been

shown that this method provides accurate detection of small-droplet clouds in the

studies cited, with clear separations of FLS from cloud-free regions, snow and other

clouds by applying a static blackbody temperature difference threshold.
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Figure 1

Emissivities as a function of droplet size and wavelength vs. cloud optical depth, after HUNT (1973). � is the

emissivity at wavelength k, D� the difference in emissivities. The panel on the left-hand side shows the

emissive behaviour for an effective droplet radius of 4lm, the right-hand side for 10lm.

J. Cermak and J. Bendix Pure appl. geophys.,



1.2. SEVIRI Specifics

The Spinning-Enhanced Visible and Infrared Imager (SEVIRI, AMINOU, 2002)

aboard Meteosat 8 is the first European geostationary instrument to include a middle

infrared band at 3.9 lm. In principle, the blackbody temperature difference method

referred to above should also be applicable on this platform as well. In contrast to the

systems mentioned before, however, the SEVIRI middle infrared channel has a very

large spectral width and partly overlaps with the CO2 absorption band centred

around 4.2 lm. Figure 2 contrasts the spectral response function of the SEVIRI 3.9

lm channel with CO2 absorption.

This absorptive behaviour in the middle infrared channel has a direct impact on

3.9 lm radiances measured

I3:9 ¼ I03:9 þ aI ð1Þ

with I3:9 the radiances at 3.9 lm, I03:9 the same without atmospheric impact, and aI the

level of CO2 absorption. Accordingly, the blackbody temperature is given by

T3:9 ¼ T 0
3:9 þ aT ð2Þ

with T3:9 the blackbody temperature at 3.9 lm, T 0
3:9 the same without atmospheric

impact, and aT the level of CO2 absorption. The blackbody temperature difference

DT therefore is given by

DT ¼ T10:8 � T3:9 ¼ T10:8 � ðT 0
3:9 þ aT Þ ð3Þ

with T10:8 the blackbody temperature at 10.8 lm. The atmospheric influence aT

significantly impairs the applicability of the FLS detection approach outlined above

on Meteosat SEVIRI. The effect has also been documented and addressed by the

EUMETSATNowcastingSAF(SatelliteApplicationsFacility) (METEO-FRANCE,2005)
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Figure 2

Response function of the SEVIRI 3.9 lm channel versus CO2 absorbance. CO2 data from SMITH (1982).
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and in the EUMETSATMSG channel interpretation guide (KERKMANN et al., 2004).

These sources also report a significant effect of water vapour absorption on the

infrared channel signals.

The level of CO2 absorption (aT ) varies with the season and length of the

atmospheric path. Vegetation growth is the main seasonal factor reducing the CO2

column. This relationship is very clearly shown in products derived using the

SCIAMACHY sensor by BUCHWITZ et al., (2005a); in the Northern Hemisphere,

CO2 levels therefore are lowest in July (BUCHWITZ et al., 2005b).

At high latitudes, ‘‘limb cooling’’ or ‘‘limb darkening’’ is a phenomenon all

geostationary platforms suffer from. The blackbody temperatures measured at large

satellite zenith angles (near the ‘‘limb’’) are reduced due to geometric (obstruction by

sides of clouds) and radiometric (atmospheric extinction) effects (JOYCE et al., 2001;

MINNIS and KHAIYER, 2000). Therefore, the length of the slant atmospheric column

between the sensor and the earth is of crucial importance from the satellite

perspective. For the Meteosat SEVIRI 3.9 lm channel, the radiometric effect is

especially enhanced due to the overlap with the CO2 band. Therefore, aT increases

markedly with satellite zenith angle (h).

2. Proposed Methodology

As outlined above, the separation of FLS from other surfaces can be founded on

the blackbody temperature difference DT . In a sensor with two true window channels

at around 11 and 3.9 lm, i.e., without CO2 interference, a frequency distribution of

Figure 3

Blackbody temperature differences (DT ¼ T10:8 � T3:9) for aMODIS scene over Central Europe, 2050 UTC,

10 February, 2006 (left-hand panel) and a subset from the corresponding SEVIRI scene (2045 UTC) for the

same area.
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DT displays a distinct threshold between clear pixels and those covered by FLS as a

relative minimum in the histogram. An example of this is shown in Figure 3 (left

hand panel) for the MODIS sensor, for a scene centred on the European Alps.

Due to the effects referred to in the previous section, the distinction between clear

pixels and pixels covered by FLS is substantially more difficult in SEVIRI imagery. On

the right hand side of Figure 3, a histogram for a subset from a SEVIRI scene

corresponding to the time and area of the MODIS scene is shown. Here, the total

distribution aswell as the clear pixel peak have considerably wider distributions than in

MODIS. This can be attributed to latitudinal differences in CO2 absorbance. The

overall level of the distribution is higher, which is also an effect of CO2 presence (see

equation 3). In contrast to the corresponding MODIS histogram, no clear threshold

can be seen here.

Due to these limitations, it is not possible to find a fixed threshold for FLS

identification in SEVIRI scenes. As stated above, the levels of CO2 influence vary

with season and latitude. Therefore a method needs to be found that dynamically

separates FLS from clear areas for each individual scene and satellite zenith angle (h).
The new method developed to achieve a clean FLS identification consists of

several steps. The procedure is outlined in Figure 4. The key hypotheses underlying

the scheme are that

1. A dynamical determination of thresholds for each scene will allow for stable

algorithm performance regardless of CO2 level changes over time.

2. Local variations in CO2 absorbance with latitude within a scene can be

compensated by a satellite-zenith-angle-specific threshold determination.

The approach closely follows these hypotheses.

As a first step, the blackbody temperature difference DT is computed. Also,

maximum and minimum satellite zenith angles hmax and hmin are determined for the

particular scene. Next, the retrieval of a localised DT threshold value for the

separation of FLS and clear pixels is attempted. This is done on the basis of zenith

angles, in an iteration loop over the satellite zenith angles h from hmin to hmax.

For each zenith angle h, the number of zenith angles hs present in the satellite

scene so that

ðh� DÞ � hs � ðhþ DÞ ð4Þ

is counted, where D is a distance initially set to 0.5�. D is increased in steps of 0.5�

until the number of pixels with hs meeting the above criterion reaches a

predetermined minimum (5000). For a scene subset centered on Europe, D takes

values between 0.5 and 1.5.

Next, all DT values of the pixels identified in this way are analysed for their

frequency distribution. Since the path between the satellite sensor and the locations

of these pixels is approximately constant, variation in the CO2 effect is minimised, so

that a distinction between different surfaces in the histogram becomes possible.

SEVIRI Nighttime Fog/Low Stratus Detection



Figure 5 shows two representative examples of zenith-angle-specific DT frequency

distributions. The histogram in the left-hand panel shows a situation with distinct

cloud-free and FLS peaks; the right-hand panel displays a distribution with a very

low number of FLS pixels and thus without a distinct peak.

Due to the different nature of distributions shown here, different techniques for

threshold identification need to be applied:

Figure 4

Overview of the new nighttime FLS detection scheme. For a detailed description see text.

J. Cermak and J. Bendix Pure appl. geophys.,



� In the case of a bimodal distribution (left panel in Fig. 5), the turning point

between both peaks is extracted and used as a threshold.

� For unimodal histograms, the threshold is set to the point where the slope of the

clear-sky peak drops significantly.

Both thresholds are indicated in Figure 5.

In this way, a threshold is identified for each h present in the scene under

consideration (see Fig. 4). In order to minimise the possible effect of any inaccurate

thresholds, a least-squares linear regression is performed over the initial thresholds

found for a scene, to derive a function relating h and corresponding DT thresholds.

The relationship between both parameters is shown for an exemplary scene in

Figure 5

Histograms of the blackbody temperature differences DT centred around a satellite zenith angles h ¼ 69�

(left) and h ¼ 44� (right), 2045 UTC, 10 February, 2006. The thresholds are indicated by arrows.
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Figure 6

Satellite zenith angle h versus FLS threshold for the SEVIRI scene 2045 UTC, 10 February, 2006.
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Figure 6. The increase of the blackbody temperature difference threshold with h is

clearly visible. Oscillations in the raw thresholds extracted are mostly due to slight

technical inaccuracies in the histogram interpretation technique, which can be

eliminated by threshold smoothing, as shown in the figure.

Once thresholds have been determined in this way, a classification of the DT
image is performed. The blackbody temperature difference of each pixel is compared

with the appropriate interpolated threshold for h at this location. On this basis, a

FLS confidence level is obtained by

Pf ðaÞ ¼
thðaÞ � DT ðaÞ � FCR

�2FCR
ð5Þ

with Pf ðaÞ the FLS confidence level at pixel a, 0 � Pf � 1, thðaÞ the threshold value at

the given h and FCR the FLS confidence range. The FLS confidence range is the

range between the threshold and a certain clear or a certain cloudy pixel. All values in

the centre of the clear peak are to be assigned a confidence level of 0, those in the

centre of the cloudy peak of 1. To accommodate the average gap between the two

peaks, FCR is set to 2 K. A value DT ðaÞ ¼ thðaÞ is thus assigned a Pf of 0.5.

An example of the FLS confidence levels Pf computed in this way is shown in

Figure 7. The corresponding infrared (10.8 lm) blackbody temperatures are

presented in Figure 8 for orientation.

Figure 7

FLS confidence levels Pf computed with the new method for the SEVIRI scene 0400 UTC, 7 October,

2005. The corresponding infrared temperature image is shown in Figure 8.

J. Cermak and J. Bendix Pure appl. geophys.,



3. Plausibility Assessment

For validation of the new technique, a series of Meteosat SEVIRI scenes were

selected and processed in the manner described above. The following criteria were

applied for scene selection: a) Presence of FLS in at least some part of the scene; b)

some representation of seasonal variability. The 0400 UTC scenes of the following

five days were used: 18 August, 2005, 18 October, 2005, 10 December, 2005, 14

February, 2005, 24 February, 2005.

As reference data, METAR (Meteorological Aerodrome Report) data were used.

METARs comprise hourly or more frequent meteorological measurements from

airports worldwide. The parameter used for comparison with the satellite data is

cloud height. In the METAR measurements, this represents cloud base height. A

cutoff level of 2000 m was used for a low cloud decision (WMO, 1996).

A likely source of error is high-reaching clouds with low cloud bases, and low

clouds ‘hidden’ underneath higher cloud layers. While these cases would appear as

low clouds in the METAR classification, the satellite scheme would flag the

corresponding pixels as non-low-cloud pixels. In order to avoid the significant bias

expected from this perspective-dependent factor, these situations are explicitly

excluded from the validation. In order to achieve this, all pixels on the left-hand side

of the DT histogram (see above) are set to missing in the satellite classification.

Figure 8

Blackbody temperatures in the 10.8lm channel for the SEVIRI scene 0400 UTC, 7 October, 2005, as an

orientation for Figure 7.
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Data intercomparison is based on contingency tests. The METAR classification

and the satellite classification are compared in the way shown in Table 1, where ‘Yes’

indicates a positive observation (i.e., FLS presence) and ‘No’ a negative one. From

the figures A, B, C and D obtained for the entire data set in this way, the probability

of detection (POD), probability of false detection (PFD) and critical success index

(CSI) are computed as follows:

POD ¼ A
Aþ C

; ð6Þ

PFD ¼ B
Bþ D

; ð7Þ

CSI ¼ A
Aþ Bþ C

: ð8Þ

All indicators are scaled from 0 to 1, with POD=1 indicating best detection and

PFD=1 showing a situation with only misclassifications. CSI is a measure of overall

classification accuracy; higher values indicate better skill. A common way of

presenting POD and PFD at the same time are receiver operating characteristic

(ROC) curves (WILSON and BURROWS, 2004; MARZBAN, 2004). These allow for the

assessment of a method’s skill with the application of varying thresholds. In the case

of the present study, the FLS confidence level Pf was used as this threshold.

The ROC curve in Figure 9 shows the variation of the classification skill with

changing thresholds (numbers next to the curve). The curve remains well above the

random forecast skill (diagonal line) for all thresholds. The best classification (i.e.,

longest distance from the diagonal) is obtained for the confidence levels around 0.5.

This indicates that the threshold identified in the new FLS detection approach is at

the appropriate level.

At the FLS confidence level Pf ¼ 0:5, POD reaches 0.47, while PFD is at 0.17.

This means that while false alarms are at a low level, a good portion of the low cloud

situations are missed at this Pf . This is very easily explained by the data comparison

approach: The classification applied to the METAR data identifies low cloud bases

only. There are very likely non-fog or non-stratiform clouds with cloud bases below

2000 m present in the scenes. A detailed treatment of this type of uncertainty is given

Table 1

Contingency table. A: Correctly identified situations (hits), B: False alarms, C:

Misses, D: Correct negatives

METAR Yes METAR No

Satellite Yes A B

Satellite No C D

J. Cermak and J. Bendix Pure appl. geophys.,



in CERMAK et al. (2006) and CERMAK and BENDIX (2006). In order to assess whether

classification skill is really free of a regional bias, satellite zenith angle h is plotted

versus critical success index (CSI) in Figure 10. The figure clearly shows that CSI

varies irregularly throughout the data set, independently of h.
A number of uncertainties are inherent in the validation of satellite classifications

with point data. Most importantly they include collocation, timing and station data

accuracy. A point measurement such as a station observation is not necessarily

representative for the entire area covered by the corresponding satellite pixel. Thus,

not all features observed in one measurement are necessarily matched in the other. In
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height. The confidence levels Pf used for cutoff at each step are indicated next to the curve. The diagonal

line represents a hypothetical classification with no skill.
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the dissipation stages of fog, small differences in the timing of observation and satellite

classification may lead to diverging results without either assessment being faulty.

These factors must be considered in the interpretation of the plausibility study results.

4. Conclusions and Outlook

A new technique for the detection of fog and low stratus with MSG SEVIRI data

has been proposed in this paper. The plausibility tests presented in the previous

section yield encouraging results despite the uncertainties involved in the validation

procedure. According to the statistical evaluation, FLS is detected adequately; a

regional bias was not found.

It thus appears that the newly proposed scheme is a feasible way forward to

overcome the limitations of the SEVIRI sensor and exclude the seasonal and regional

effects of atmospheric CO2 absorption. In this way, with MSG SEVIRI, it should be

possible to automatically identify FLS at nighttime at a high temporal resolution

over Europe for the first time. The authors therefore recommend the application of a

dynamic threshold as described in this paper for FLS detection with MSG SEVIRI.

The method presented here will be implemented in operational processing of

SEVIRI data at the Laboratory for Climatology and Remote Sensing (LCRS) in the

near future. In addition to the automated delineation of FLS areas, it would be

desirable to reach a distinction between areas with ground fog (i.e., visibility

impairment at the ground) and low stratiform clouds without ground contact.

BENDIX et al. (2005) have recently presented such a scheme for daytime MODIS data.

The development of a similar technique is intended for nighttime application on

Meteosat SEVIRI data.
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