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1 Introduction

The purpose of this document is to briefly describe the development of an objective
classification of sea ice pixels in AVHRR imagery within the Ocean and Sea Ice
Satellite Application Facility (SAF) framework. The AVHRR sea ice product is used
in amulti—sensor seaice algorithm producing ice edge, ice concentration and ice type
information. The main use of the AVHRR data will be for ice edge and potentially ice
concentration.

In this document a short description of the method used on AVHRR data is first
presented, followed by a brief description of the training data set used and the results
gained from the training. Finally some examples of use are given and a summary. The
work presented here is performed at the Norwegian Meteorological Institute (DNMI)
and isto be regarded as a preliminary report on the algorithm devel opment.

2 Method

2.1 Introduction

When the development of an objective detection of seaice covered pixelsin AVHRR
data started, the intention was to use a traditional threshold type agorithm (see e.g.
Derrien et a., 1993, Godgy and Sunde, 1996, Karlsson and Liljas, 1990, Saunders
and Kriebel 1988, Stowe et a, 1999). However this approach was not suited for the
multi—sensor product as a Bayesian approach was chosen to combine the sea ice
estimates from various sensors (scatterometer, SSM/I and AVHRR). Within the
resources of the project it was then decided to go for a (pseudo) maximum likelihood
type agorithm for the AVHRR data as well. The project did not have resources for a
full implementation of the Bayesian approach and chose to combine a threshold cloud
mask with a Bayesian approach on the cloud free pixels (pseudo maximum
likelihood). The cloud mask was developed by SMHI within the framework of the
SAF for support to nowcasting and very short range forecasting. As part of the Ocean
and Sea lce SAF, SMHI adapted this for use over seaice and snow covered surfaces.
The two steps needed for sea ice detection (cloud mask and Bayes approach) are
further described below.
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2.2 Cloud mask

The cloud mask used is developed by SMHI in the SAF for support to nowcasting
and very short range forecasting. Basically thisis a standard threshold type algorithm.
However, compared with other threshold based agorithms it features dynamically
adjusted threshold values according to viewing geometry and atmospheric conditions.
Using input from a Numerica Weather Prediction model along with the viewing
geometry and a surface type atlas, the expected threshold values for specific surfaces
and spectral features are computed using a simple radiative transfer model produced
lookup table. Further description of the algorithm is given in Dybbroe et al. (2000).
For further description of threshold and maximum likelihood classificators see
Karlsson (1997).

2.3 The Bayes approach

The threshold technique for classification of images is based upon application of
thresholds values forming boxes in a multi—-dimensional feature space spanned by
individual AVHRR channels and/or combinations of them. Generally these boxes are
seldom found in nature. Thus it may be convenient to use a classfication system
based upon statistical properties of atraining data set. This will aso reflect some of
the uncertainty when classifying the pixels. The most used method for this purpose is
the Maximum Likelihood classification that combine estimations of the probability
density function for al possible classes in the feature space. The class with the largest
probability is chosen when it islarger than a predefined minimum values.

Bayes' s theorem (see below) gives the probability of an event conditional on another
event.

p(B,) p(AB))

p(BIA) = —
Z p(B,) p(AIB,)

k=1

where p( BJ.IA) isthe conditional probability of event B; given event A.

Applying this on the cloud free pixels and using the albedo of AVHRR channel 2 (A,)
along with the brightness temperatures of channels 3 (Ts) and 4 (T,) the equation
above transfersinto:
p(icelA,, T, T,)=p(Aice) p(T —T,lice) p(ice)
1
[ p(AJice) p(T,—T lice) p(ice)|+[ p(A, |water ) p(T ,—T |water) p(water )]

where the conditional probabilities are given using the possible classes ice and water
(as this is only done for cloud free pixels) and the input data Az, Ts, and T,. The a
priori probabilities of seaice and water (p(ice) and p(water)) is a present both set to
0.5. Thus, the basic assumption isthat it is equal chance of finding seaice or water in
each cloud free pixel. This should be changed in future towards using climatological
ice fields for determination of a priori probabilities to better reflect areas where sea
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iceis present. It will also reduce noise in the end product.

The combination of the spectral features A, and T;—T, to separate between open water
and sea ice covered pixels are based upon literature (e.g. Godgy and Sunde, 1996,
Dybbroe, 1995, Gesell, 1989). Open water has a small signa in A; and a relatively
small signal in T;—T,, while for sea ice the latter has a smilar signature and the first
has a large signal. These features could in combination with T, and T,—Ts be used in a
full maximum likelihood classification, but that is not within the scope of this project.

The main disadvantage of the approach above, apart from the pseudo technique, is
that it relies on the presence of solar light. Thus, later in this document training data
for T,-Ts is studied aong with the features actually used in order to see whether an
approach for winter night could be achieved in the future.

Given the framework above the main task is to estimate the probability density
function for each requested class.

2.4 Training data

Training data is collected using a system originally developed for collecting training
data around synoptic weather stations. However, as there are very few weather
stations in ocean areas this system is adapted using dummy synoptic stations for this
project. A disadvantage of this is that the synoptic observations can not be used for
cloud masking the data. The AVHRR data collected in the training data set covers the
period January—March 1999, March—December 2000 and January—April 2001. The
gap in 2000 was caused by a processing failure at DNMI.

Cloud masking is performed using spectral features only. Thisis a crude cloud mask
and it is expected that some noise is generated in the training data set. The error is
expected to be largest when discriminating clouds over sea ice. The tests that are
performed on the data are using spectral features only and interactively iteratively set
threshold values. Tests and initia threshold values are collected from literature (e.g.
Goday and Sunde, 1996, Saunders and Kriebel, 1988, Karlsson and Liljas, 1990).

To identify cloud free water data it is required that:

Ts—T,islessthan or equal to 11.0
T, isgreater than or equal to 271.0
A /A, islessthan 0.7
T,—Tsisgreater than —0.5
T,~Tsislessthan 1.8

To identify areas of sea ice/snow (to separate them from clouds) the following is
requested:

Ts—Tsislessthan or equal to 11.0

A,/A; isgreater than or equal to 0.7 and less than or equal to 1.0
A isgreater than 10.0

A, is greater than 10.0

T,—Tsislessthan 1.8 and greater than —2.5

The training area used for the study is presented in Illustration 1 . White (bright) areas
are used for collection of data for sea ice and blue (dark) areas are used for open

Pace30r 15



water. Dummy stations were placed within these areas. The area presented in
[llustration 1 is the maximum extension of the training area. The training areas used
for open water are used all year long, but the training areas used for sea ice are
smaller during summer season. Illustration 1 shows the maximum area used during
January—March. Outside this period a smaller areais used, excluding the Bothnic Bay
and the southernmost areas in the Greenland and Barents Sess.

Training areas W
Ice

&

[llustration 1 Training area extent. Blue/dark areas are used for collection of training data for open
water and white/bright areas are used for sea ice.

In the following some examples of histogram for the various classes studied are
shown. In order to illustrate the variation with season, histograms for March and June
are presented. The features presented are albedo of AVHRR channel 2, brightness
temperature difference between AVHRR channels 3 and 4 and 4 and 5.

................

[llustration 2 shows the channel 2 albedo for various classes (open water, seaice and
clouds over these surfaces). It is evident that the separability between the cloud free
classes are good. However, the separability between sea ice and clouds is poor and
clouds over ocean areas does not seem to form well identified clusters. Another
interesting feature is the two well defined clusters for seaice. These may be a result
of the viewing geometry as the Sun islow above the horizon in March, but it might as
well be a consequence of surface characteristics representing new snow, old snow etc.
[llustration 3 shows the same features but represents data from June 2000. Compared
to Illustration 2 it is seen that the two distinct clusters found for cloud free ice now
have disappeared and that clouds in general have very similar characteristics to sea
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ice. Open water does not have very different characteristics from the March data.

[llustration 4 shows the histogram of the difference in brightness temperatures
between channels 3 and 4 — T5—T,. It is easy to discriminate between seaice and open
water but it is hard to discriminate between clouds and sea ice as there is some
overlap between these classes. However, as the cloud mask used is very crude it is
believed that the data set contain some noise with regard to this discrimination. The
same features using data from June (lllustration 5) shows that the ability to
discriminate between open water and sea ice is reduced during summer. This
illustration also shows the existence of multiple clusters within each class which is
believed to aresult of the cloud mask.

[llustration 6 shows the T,—Ts feature for March 2000. This is usualy used for
discrimination of thin clouds (e.g. Saunders and Kriebel, 1988). There seem to be
some separability between open water and sea ice, but thisis not large. Most clouds
aso have smilar signature to the cloud free areas, though some clusters clearly
separable is identified for positive differences. During summer (lllustration 7) the
separability between cloud free classesisless than for the March data. Clouds seem to
behave like in March.

3 Results

Given the histograms shown in Illustration 2 — lllustration 7 and subsequent statistical
anaysis using quantile-quantile plot techniques, it was decided to fit a Gamma
distribution to the data sets. This distribution have the advantage of being able to
reproduce skewness in the data set and smulate a Gaussian distribution as well. The
Gamma distribution probability density functioniis:

p(x) = x= ) 1exp[(—§x— ) | : 0, 0:x

where x isthe actual featurevalue, , and are variables describing the distribution
and is the Gamma function. Further description of the distribution and the
estimation process is given in Johnson et a. (1994). In this project the R—software
was used for estimation using estimators collected from Chapter 17 of Johnson et a
(1994). The effect of tuning the Gamma parameters is illustrated in Illustration 8. In
thisfigure isOforal, is1, 1.5 and2forrow 1-3and is1, 2and 4 for column
1-3. Thelarger , the closer resemblance with a Gaussian distribution.

The results from the estimation process was a set of gamma coefficients for each
month and each feature used. In the version shown here only the features A, and T;—
T, is used. The estimated coefficients are available in Table 1-Table 4. Months
lacking sufficient data to estimate the Gamma coefficients are marked with [X].
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[llustration 2 Histogram of AVHRR channel 2 albedo for open water, seaice
and clouds over these surfaces. Data from March 2000.

Density plot for CH2 for jun00
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[llustration 3 Same as previous, but data from June 2000.
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[llustration 4 Same as previous, but describing the brightness temperature
difference using data from March 2000.
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[llustration 5 Same as previous, but data from June 2000.
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[llustration 6 Same as previous, but describing the brightness temperature
difference of channels 4 and 5 using data from March 2000.
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[llustration 7 Same as previous but data from June 2000.
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Table 1 Gamma distribution coefficients for Channle 2 albedo over sea ice estimated
from monthly training data.
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Table 2 Same as previous but for T3—T4 over seaice.

X X X January

X X X October

X X X November
X X X December

For sea ice it was not enough data available to estimate gamma coefficients for
months October—January.
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Table 3 Same as before but A2 for open water.
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59.83 67.88 4056 33.18 34.04 2912 3424 36.66
024 020 036 046 044 049 0.43 040
-10.00 -10.00 -10.00 -10.00 -10.00 -10.00 -10.00 -10.00
Table 4 Same as above, but T3-T4 coefficients over open water.

September

X X January
X X X November
X X X December

x

For open water it was not enough data available to estimate Gamma coefficients for
months November—January.

There is a large uncertainty in the estimates above as no statistical significance tests
have been performed on the estimated values. However, the largest uncertainty is
supposed to be restrictions on the data set used. In order to achieve a somewhat robust
estimate some examples of the fitted Gamma distribution is plotted on top of the
histogram below.

As can be seen from Illustration 9 and Illustration 10 the fitted distributions goes
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quite well with the observed data. Similar tests are performed for all spectral features
used and each month. However, in some cases the observed data show some
irregularities that are not understood and the fit is adapted to mask this out.
Furthermore, some of the data sets covering winter or late autumn situations have
very few data points making them somewhat uncertain.

A obvious continuation of thiswork would be to extend the collection of training data
aswell asto go deeper in the analysis and preferably to study any dependence of the
distributions on viewing geometry. However, the present data set does not allow this.
This topic will be pursued when an interactive training tool is available at DNMI.

The coefficients described in Table 1-Table 4 has not been tested yet, but will be
validated during the spring 2002.

4 Discussion and summary

As noted in the previous chapter the Gamma distribution coefficients described herein
has not been validated yet as they were available during a period when too little solar
light was available for testing. However, they will be implemented in the processing
during November 2001 and validated during spring 2002. In order to describe some
of the experience gained so far some examples using an old coefficient set is
presented below.

The Gamma coefficients used to produce the following results were developed using
data from February—March 1998. the cloud mask used in conjunction with the datais
the DNMI cloud mask ONA for the example from 27 April 1999 and the SAF cloud
mask for the 18 June 2001 example.

[llustration 11 and Illustration 12 shows respectively RGB composite of a NOAA-14
AVHRR passage covering the Bothnic Bay and the corresponding sea ice
classification using the Ocean and Sea | ce SAF algorithm and a DNMI cloud mask.

As can be seen from Illustration 12 the classified image reflects the seaice very good
though the cloud mask has generated some noise south (below) of the seaice area
The increase in probability towards the interior of the seaice areais well reflected in
the RGB composite image.

The example above shows that the Gamma coefficients can be used on data from
another time period than they were developed on, but as noted in the previous chapter
signatures change towards Summer. That, together with the possibility of reflecting
viewing geometry, isthe main reason for a monthly coefficient set.

[llustration 13 and Illustration 14 shows a sSimilar situation but now using a NOAA-
14 passage from 18 June 2001 covering the Barents and Norwegian Seas. The noise
found in the classificated image can be traced to failure of the cloud mask. Since the
signature of seaice and clouds are very similar, a good cloud mask is a necessity for
the performance of the seaice classification of the AVHRR data.
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[llustration 11 NOAA- 14 RGB composite imagery of channels 1, 2 and 4 for
27 April 1999. The area is the Bothnic Bay.

[llustration 12 Ice classification 27 April 1999, Bothnic Bay.
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[llustration 13 NOAA-14 AVHRR RGB (ch 1, 2, 4) 18 June 2001.

[llustration 14 Classificated AVHRR image of 18 June 2001.
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The problems observed with the cloud mask encourages testing a full maximum
likelihood classification. Not necessarily that such a method will perform any better
than the present cloud mask, a degrading is in fact expected, but such a full maximum
likelihood classificator will better reflect the uncertainty in the estimate and be better
suited for integration in the multi—-sensor product. Implementation of a priori
probabilities of water and classes in different regions based upon seaice climatologies
in the Bayes approach will reduce much of the noise found in the current products.

Since the production of the results presented here a new version of the SAF cloud
mask has been implemented which is supposed to give better results over seaice. It is
yet to be validated.

In the future it is intended to extend the training data set to examine effects of
viewing geometry on the estimated Gamma coefficients. It is aso intended to
experiment with a full maximum likelihood classificator including a cloud mask in
2002. However, larger priority is given to establishing PDF estimates for 1.6 m
(AVHRR channel 3A) and to implement these as NOAA-16 is now fully operational
with this band and to produce a climatologica background field for a prior
probabilities of ice and water using National Ice Center (US) climatological ice cover

maps.
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