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Abstract— Clouds play a major role in controlling Earth’s
climate, and cloud detection is a crucial step in the Numerical
Weather Prediction and Global Climate Models. Multi-angle
Imaging SpectroRadiometer (MISR) and Moderate Resolution
Imaging Spectroradiometer (MODIS) were launched in 1999 by
NASA to provide multi-angle and hyper-spectral data to detect
clouds. However, cloud detection algorithms using either MISR
or MODIS data separately do not take full advantage of the data
collected by both sensors

In this paper, we propose and test two schemes to combine
MISR and MODIS data for cloud detection in polar regions.
Both schemes are followups of a two-step polar cloud detec-
tion algorithm using MISR data: Enhanced Linear Correla-
tion Matching Classi! cation followed by Quadratic Discriminate
Analysis (ELCMC-QDA)[9]. The ! rst scheme is mapping the
MODIS cloud detection results to the MISR grid based on a
nearest neighbor method, then only reporting the agreed pixels of
the ELCMC-QDA results (from MISR) and MODIS operational
results. This scheme improves the classi! cation accuracy, but
reduces the coverage of the results. Instead of combining the
MISR and MODIS results directly, the second scheme uses
the agreed pixels of ELCMC results and MODIS operational
results as the training data for the QDA on MISR features,
and output the results from the QDA. Both schemes are tested
over a region where expert labels show that both MISR and
MODIS operational algorithms do not work well (according
to expert labels, 53% and 12.72% misclassi! cation rates for
MISR and MODIS operational algorithms respectively). The
I'rst scheme only makes 0.72% of errors, but leaves 68.72%
of pixels unclassi! ed. The second scheme reaches a 2.93%
of misclassi! cation rate, which is smaller than a 4.09% rate
from ELCMC-QDA, and it provides a full coverage. Hence we
propose using QDA on ELCMC and MODIS agreed pixels as
an algorithm to fuse the MISR and MODIS information for the
polar cloud detection.

I. INTRODUCTION

Clouds play a major role in controlling the Earth’s climate
because of their ubiquitous presence. They may warm the
Earth by holding heat in like a blanket, or cool the Earth by
reflecting solar radiation back into space. Uncertainties about
these radiative mechanisms and their feedback are among the
greatest obstacles to improve understanding and predicting the
Earth’s climate. In polar regions, where surfaces are usually
covered by snow and ice, it is difficult to separate the net
radiative impact of clouds from that of bright, cold surfaces
[4]. Cloud detection is particularly challenging because snow-
and ice-covered surfaces in polar regions can be both brighter
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and colder than the clouds above them. Under these conditions,
the traditional assumptions about clouds and their underlying
surfaces are violated and detection of cloud contributions to
the satellite radiances becomes problematic [10].

With the launch of the Moderate Resolution Imaging Spec-
trometer (MODIS) and the Multi-angle Imaging Spectrora-
diometer (MISR) onboard the National Aeronautics and Space
Administration (NASA) Earth Observing System (EOS) Terra
satellite, the information content inherent in space-based radi-
ances for global studies of clouds was substantially improved.
In particular, for daylight cloud studies over polar regions,
the combination of MODIS visible, near-infrared and infrared
radiances, which provided more spectral coverage relative
to existing environmental research satellites, was, and is,
certainly going to improve cloud detection and cloud property
retrieval over the polar regions. The angular radiances from
MISR, though, were completely novel and their value for
cloud studies in polar regions was unknown. In preliminary,
qualitative studies of MISR and MODIS daylight radiances [3]
[6], we have discovered that one can use the angular radiances
from MISR to separate cloudy scenes from snow- and ice-
covered surfaces under clear skies. Moreover, the information
content in the MISR angular radiances and the MODIS spec-
tral radiances appears sufficient to build operational algorithms
for cloud characterization over snow- and ice-covered surfaces.
To the best of our knowledge, a quantitative assessment of
combined MISR and MODIS radiances for cloud detection
over polar regions has yet to appear in the literature.

MISR and MODIS both aboard the TERRA platform.
Therefore, they cover the same location at almost the same
time, which provide independent sources of information for
polar cloud detection. In this paper, we make an attempt
to build algorithms for cloud detection over snow- and ice-
covered surfaces at polar regions using both MISR and
MODIS information. We propose and test two schemes to
combine MISR and MODIS data for cloud detection in the
polar regions. Both schemes are followups of a two-step polar
cloud detection algorithm using MISR data: Enhanced Linear
Correlation Matching Classification followed by Quadratic
Discriminate Analysis (ELCMC-QDA)[9].

The first part of ELCMC-QDA algorithm (ELCMC) is
based on thresholding three physical features developed from
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MISR red band radiances: an average of correlations between
MISR angles, smoothness of reflecting surfaces, and forward
scattering of clouds. ELCMC algorithm uses fixed thresholds
for the first two features and for the forward-scattering feature
a threshold is determined based on a mixture Gaussian model.
Since the boundary between cloudy and clear (no cloud) pixels
in the three-dimensional feature spaces is curvier and smoother
than rectangles used in the threshold algorithm ELCMC,
nonlinear classifiers are used to improved the classification
results in the second step. Quadratic Discriminate Analysis
(QDA) is chosen as the postprocess for ELCMC after being
compared with other nonlinear classifiers [7][9].

The first scheme to fuse the MISR and MODIS information
is mapping the MODIS cloud detection results to the MISR
grid based on a nearest neighbor method, then only reporting
the agreed pixels of the ELCMC-QDA (on MISR) and MODIS
operational results. This scheme improves the classification
accuracy, but reduces the coverage of the results dramatically.
Instead of combining the MISR and MODIS results directly,
the second scheme uses the agreed pixels of ELCMC and
MODIS operational results as the training data for QDA on
MISR features. Then the results from the QDA classifier is
reported. In this study, both schemes are tested over a polar
region where expert labels show that both MISR and MODIS
operational algorithms do not work well (according to expert
labels, 53.25% and 12.72% misclassification rates from MISR
and MODIS respectively). According to the expert labels, the
first scheme only makes 0.72% of mistakes, but leaves 68.72%
of pixels unclassified. The second scheme reaches a 2.93%
of misclassification rate, which is smaller than a 4.09% rate
from ELCMC-QDA, and it provides a full coverage. Hence we
propose using QDA on ELCMC and MODIS agreed pixels as
an algorithm to fuse the MISR and MODIS information for
the polar cloud detection.

The rest of the paper is organized as follows: In Section II,
we briefly review the MISR and MODIS instruments. We
describe ELCMC-QDA algorithm and the data used in this
paper in Section III. In section IV, we propose and compare
two schemes to combine MISR and MODIS cloud detection
results. We conclude with some discussions in SectionV.

II. MISR AND MODIS

MISR and MODIS are two of the five instruments aboard
NASA’s first EOS satellite, Terra, which was launched into
polar orbit on December 18, 1999. We briefly describe the
MISR and MODIS instruments and their cloud detection
rational in this section.

MISR is a set of nine cameras looking down at Earth and
its atmosphere from nine different view angles in four spectral
bands each. The nine view angles are 70.5°, 60°, 45.6°, 26.1°
forward, 0.0° (nadir), and 26.1°, 45.6°, 60°, 70.5° afterward
along the direction of flight [4]. These are called Df, Cf, Bf,
Af, An, Aa, Ba, Ca, Da cameras respectively. Each camera has
four spectral bands (wavelengths): red, green, blue, and near-
infrared (NIR). Pixels have 275 m by 275 m ground footprints,
but data from the non-nadir cameras in blue, green and NIR
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Fig. 1. MISR data registration. Only three (Df, Bf and Af) of nine cameras
are shown here.

are averaged in 16 x 16 spatial arrays for an effective spatial
resolution of 1.1 km before being transmitted to Earth.

Looking at the atmosphere from multiple angles endows
MISR with stereo capability for measuring the elevation of
objects above the surface. The rational of the MISR Level
2 Top of atmosphere Cloud algorithm [5] is based on the
registration of MISR measurements. The algorithm uses the
ellipsoid projected red band data, as shown in the right side
of Figure 1, and clouds are registered at different location in
different angles on the earth surface ellipsoid. L2TC algorithm
matches the same object in different angles, then the object’s
height and moving speed can be calculated from the differ-
ences of its registration locations in different angles, through
simple trigonometric relationships. The height is compared
with the known terrain height to obtain the cloud mask. This
algorithm works well over dark background such as oceans
and vegetation covered lands, but matching the same clouds
over snow and ice-covered area in polar regions is difficult.
The

MODIS instrument provides data with high radiometric
sensitivity in 36 spectral bands ranging in wavelength from 0.4
Mm to 14.4 pm. Two bands are imaged at a nominal resolution
of 250 m at nadir, with five bands at 500 m, and the remaining
29 bands at 1 km. A +55 degree scanning pattern at the EOS
orbit of 705 km achieves a 2,330 km swath, which is much
wider than the 360 km MISR swath. MODIS uses infrared and
visible wavelengths to determine both physical and radiative
cloud properties, and the different spectral signatures of clouds
and snow- and ice-covered surfaces are used to detect clouds
in polar regions. The MODIS cloud detection (screening)
approach includes new spectral techniques and incorporates
many of the existing techniques to detect obstructed fields of
view [10]. The cloud detection results is generated at 250m
and 1km resolutions and the 1km resolution MODIS results
are used in this research.

III. ELCMC-QDA oN MISR DATA

In the previous work in [9], ELCMC-QDA was developed
by analyzing different statistical properties of radiances re-
flected or scattered from different scenes (clouds or surfaces),
rather than using MISR angles geometry after matching the
clouds. We briefly describe the ELCMC-QDA algorithm here
and the algorithm details can be found in [9].



ELCMC algorithm is based on thresholding three physical
features developed from MISR data: an average of correlations
between MISR angles, smoothness of reflecting surfaces, and
forward scattering of clouds. The first feature, an average of
correlations between MISR angles, separates high clouds from
grounds and low clouds. The second feature, smoothness of
reflecting surfaces, is introduced to identify the homogenous
ground surfaces such as frozen rivers where the correlations
between angles are not informative because they are dominated
by instrument noises. The last feature, forward scattering of
clouds, is used to separate low clouds from earth surfaces [8].
ELCMC uses fixed thresholds for the first two features and for
the forward-scattering feature a threshold is determined based
on a mixture Gaussian model. Since the boundary between
cloudy and clear (no cloud) pixels in the three-dimensional
feature spaces is curvier and smoother than rectangles used
in the threshold algorithm ELCMC, nonlinear classifiers are
used to improved the classification results in the second step.
Quadratic Discriminate Analysis (QDA) is chosen as the
postprocess for ELCMC. QDA uses the ELCMC classification
results as training data to learn a nonlinear classifier in the
feature space and applies the classifier to the whole image for
final results.

The ELMCM-QDA algorithm is tested on a MISR data
set that was collected over the Arctic Ocean northeast of
Greenland, the northermost part of Greenland, Baffin Bay and
Baffin Island on June 20, 2001 (referred as “DATA06-20-01"
in this paper). The data set is from MISR orbit 7898 blocks
19, 20, and 21, which can be ordered from the NASA Langley
Research Center Atmospheric Sciences Data Center. This data
set is good to investigate because it not only contains typical
polar surface scenes such as sea ices, snow-covered mountains,
and cliffs, but also contains clouds at different heights. The
data set is selected also because the operational algorithms do
not work well on it.

One of the authors, Eugene Clothiaux (an meteorologist who
has been studying clouds in the polar regions in Pennsylvania
State University), hand labelled a part of these data (60111
pixel points) by jointly investigating the data from MISR and
MODIS. The upper panel of Fig. 2 shows An and Df views
of MISR red band images. The clouds are much brighter than
snow- and ice-covered surfaces in MISR Df angle due to
the forward scattering property of clouds. The expert labels
are also shown in the middle left panel of Fig. 2, with
white indicating “cloudy”, gray indicating “clear”, and black
indicating “no data” or “not sure”. In this paper, this data set
and expert labels are also used to test the proposed algorithms
on both MISR and MODIS data.

According to the expert labels and prior knowledge about
the underlying earth surfaces, DATA06-20-01 are two different
types of surfaces (snow-covered mountains and sea ices) that
are partly covered by two types of clouds (high clouds and
very low clouds). As shown in upper panels of Figure 2, the
earth surfaces are snow covered mountains at the bottom and
sea ices at the top and middle of the images. The elevation of
the mountains decreases to the sea level from the bottom of
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images to the middle, and two branches of frozen rivers, which
are bright than mountains, flow together into the sea from the
bottom of the image. Clouds are brighter than the snow- and
ice-covered surfaces in the Df image. There are two types of
clouds in the images. The high clouds are at the right bottom
and right top of the images, and a patch of very low and thin
clouds, almost transparent at An angle, extend from the left
top to the middle of the images.

The misclassification rates of different algorithms are listed
in Table 1. According to the expert labels, the MISR op-
erational algorithm has a 53.25% misclassification rate and
MODIS gets a 12.72% misclassification rate. The ELCMC
algorithm gives a misclassification rate of 6.05%, and the rate
are reduced to 4.09% by QDA using the ELCMC results as
training data. ELCMC-QDA results are shown in the lower
left panels of Fig. 2, with white indicating “cloudy” and black
indicating “clear” (two wide strips of black areas on both sides
of image indicating the “no data” area).

QDA using randomly selected expert labels is also tested on
this data set. We use two third of the randomly selected expert
labelled data as training data and test the classifier on the rest
of expert labels. The procedure is repeated 20 times to get the
average and standard deviation of the misclassification rates.
The average of misclassification rates is 2.94% with an SD of
0.12%. The error rate differences between using expert labels
and ELCMC labels are caused by mistakes in the ELCMC
labels — when training labels are accurate, the resulting QDA
is very good; otherwise not. This also motivates us to fuse the
results of MODIS operational algorithm with ELCMC results
to get better training data for QDA on MISR features.

IV. FUSING THE MISR AND MODIS RESULTS

We propose two schemes to combine MISR and MODIS
data for cloud detection in the polar regions. Both schemes are
followups of the ELCMC-QDA algorithm discussed in Section
III. The first scheme is mapping the MODIS cloud detection
results to the MISR grid based on a nearest neighbor method,
then only reporting the agreed pixels of the ELCMC-QDA (on
MISR) and MODIS operational results. Instead of combining
the MISR and MODIS results directly, the second scheme uses
the agreed pixels of ELCMC and MODIS operational results
as the training data for QDA on MISR features and output
the results from the QDA. Both MISR and MODIS fusion
schemes and the results on DATA06-20-01 are discussed in
this section.

A. Combining MISR and MODIS Results Directly

Since There are common areas covered by both MISR and
MODIS at the same time, it is nature to directly combine
the cloud detection results from two sensors. We describe
one scheme to fuse the MISR ELMCM-QDA results and
the MODIS operational algorithm results in this subsection.
The MISR results are reported at a 1.1km resolution, but
the MODIS cloud detection results are reported at a lkm
resolution. Therefore, the results for two sensors need to be
aligned to the same grid.



To align the MISR and MODIS cloud products we must
map the MODIS pixel geodetic latitude and longitude to the
MISR SOM grid-point locations or vice versa. In this study
we chose the former approach, mapping the MODIS products
to MISR SOM coordinates using a nearest-neighbor approach.
Using MISR SOM transformation information contained in the
MISR level 1b2 and level 2 data products, we initialized the
forward and inverse SOM transforms contained in the General
Cartographic Transformation Package (GCTP) of the United
States Geological Survey (USGS). With these transforms we
then mapped each MODIS pixel latitude and longitude to the
MISR SOM projection and assigned the MODIS pixel value
to the nearest grid-point location. If two or more MODIS
pixels are mapped to the same MISR SOM grid-point location,
we kept the MODIS pixel which was mapped most closely
to the grid-point location, i.e., the nearest MODIS pixel to
the MISR grid-point location. Because the resolution of the
MODIS pixels are at slightly higher spatial resolution than the
MISR SOM grid points, then some of the MODIS pixels are
discarded in the mapping to the MISR SOM grid. The middle
right panel of Fig. 2 shows MODIS cloud mask mapped to
the MISR grid.

With the MODIS cloud detection results mapped to the
MISR grid, a straightforward way to fuse the results is
reporting the pixels on which the MODIS and MISR results
agree. The disagreed pixels are reported as “non-retrieval”.
Applying this scheme to DATA06-20-01, we get a 0.72% of
misclassification rate on the expert labelled data. The fused
results correctly classified 31.26% of pixels, but leaves 68.02%
of pixels as “non-retrieval”’. The high “non-retrieval” rate is a
major drawback of this MISR and MODIS fusion scheme.
However, the pixels agreed in the ELCMC-QDA and MODIS
operational results are mostly classified correctly according to
expert labels. Recall that the QDA on MISR features works
very well when a small amount of accurate label are available.
Therefore, the agreed pixels of ELCMC-QDA and MODIS
operational algorithms can serves as training data for QDA on
MISR features. This leads to the second fusion scheme.

B. ODA on fused MISR ELCMC and MODIS results

As the second fusion scheme, the MODIS operational cloud
detection results are fused to the ELCMC results to provide
training data for the training QDA classifier. The classifier is
applied to the MISR features to get full coverage of the data.
When fusing the MODIS results to MISR, instead of using
the more accurate MISR ELCMC-QDA results, we use the
ELCMC results to avoid using QDA twice.

In the fusion procedure, the MODIS detection results are
fused to MISR grid in the same way as described in the
subsection above. The pixels agreed by MODIS and ELCMC
results are taken out as training data. Use the labels of these
training data, QDA classier on MISR features is trained and
then applied to the whole data set to get full coverage.
According the expert labels of DATA06-20-01, the results
of this fusion scheme have a 2.83% of misclassification rate
and a full coverage. This misclassification rate is almost the

TABLE I
ERROR RATES AND NON-RETRIEVAL RATES OF ALL ALGORITHMS.

Classifiers Error rate | Nontrieval
MISR operational
algorithm 53.25% 29.92%
MODIS operational
algorithm 12.72% 0%
ELCMC algorithm
on MISR 6.05% 0%
ELCMC-QDA
on MISR 4.09% 0%
MODIS and ELCMC-QDA
agreed pixels 0.72% 68.72%
QDA on MODIS and
ELCMC agreements 2.83% 0%
QDA on expert
lables 2.94%* 0%

* the average error rate of 20 trails of QDAs using two thirds of
randomly selected expert labels as training data and testing on the
rest data.

same as the rates (average of 2.94% with SD 0.12%) from
QDA using randomly selected expert labels as training data,
while the expert labels are generally unavailable for online
data processing.

The misclassification rates of all classifiers are summarized
in Table 1. The best rate 2.83% is achieved by QDA using
ELCMC and MODIS agreed pixels and the method have full
coverage. The MISR and MODIS information fusion scheme
improves the results of both MISR and MODIS and works as
well as using expert labels as training data in this example.
In addition, this fusion scheme does not require expert input,
so it is suitable for online process of the massive MODIS and
MISR data.

V. CONCLUSION

In this paper, we propose an algorithm for cloud detection
over snow- and ice-covered surfaces using both MISR an
MODIS information. The algorithm maps the MODIS cloud
mask to the MISR grid and use it to improve the ELCMC-
QDA algorithm on MISR data. On the data set we have
tested, the algorithm provide better results than using MISR or
MODIS data separately. The algorithm is simple and does not
need human interventions, so it is suitable for processing the
massive data from MODIS and MISR. In the future, we plan
to investigate the possibility of combining the features used
in MODIS operational algorithm and those in MISR ELCMC
algorithm to improve the polar cloud detection algorithms.
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Fig. 2.
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Images and results of DATA06-20-01. Upper Left: MISR An angle

Diner, R. Davies, R. Kahn, L. Di Girolamo, and D. Mazzoni
for helpful discussions and suggestions.

REFERENCES

[1] Charlock, T.P., and Ramanathan, V. (1985). The albedo file and cloud
radiative forcing produced by a general circulation model with internally
generated cloud optics. J. Atmos. Sci., 42, 1408-1429.

[2] Croux, C., and Haesboeck, G.(1999) Influence Function and Efficiency of
the Minimum Covariance Determinant Scatter Matrix Estimator, Journal
of Multivariate Analysis, 71, 161C190.

[3] Di Girolamo, L., Clothiaux, E.E., Davies, R., Diner, D.J., Moroney,
C., Mullers, J.-P., et al. (2000). MISR: a new way to look at clouds.
IGARSS 2000. IEEE 2000 International Geoscience and Remote Sensing
Symposium. Taking the Pulse of the Planet: The Role of Remote Sensing
in Managing the Environment. Proceedings (Cat. No.0OCH37120). 3,
947-8.

[4] Diner, D.J., Asner, G.P, Davies, R., Knyazikhin, Y., Muller, J. Nolin,
A.W.,, et al. New directions in earth observing scientific applications of
mulitangle remote sensing. Bulletin of American Meteorological Society.
80, 2209-2228.

[5] Diner, D.J., Davies, R., Di Girolamo, L., Horvath, A. Moroney, C., Muller,
J.-P., et al. (1999b). MISR level 2 cloud detection and classification
algorithm theoretical basis. Jet Propulsion Lab., Pasadena, CA, JPL Tech.
Doc. D-11399, Rev. D, 1999.

I"#2

[6] Clothiaux, E.E., and MISR Science Team Members, (2002): Using MISR
data to identify clouds in the Arctic, IEEE 2002 International Geoscience
and Remote Sensing Symposium, Westin Harbour Castle Hotel, Toronto,
Ontario, Canada, 23-28 June 2002. Talk.

[7] Mardia, K. V., Kent, J.T., and Bibby, S. M. (1979) Multivariate Analysis.
Academic Press.

[8] Nolin, W. A., Fetterer, M.F.,, and Scambos, A.T. (2002) Surface Rough-
ness Characterization of Sea Ice and Ice Sheets: Case Studies With MISR
Data. IEEE Trans. Geosci. Remote 1Sensing. 40. July ,1605-1615.

[9] Shi, T., Yu, B., Clothiaux, E.E., Braverman, A. (2004)Cloud Detection
over Snow and Ice based on MISR Data. Technical Report, Department
of Statistics, University of California.

[10] Ackerman, S., Strabala, K., Menzel, P., Frey, R., Moeller, C., Gumley,
L., et al. (2002) Discriminating Clear-Sky From Cloud With MODIS,
Algorithm Theoritical Basis Document (MOD35), NASA Goddard Space
Flight Center.



