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ABSTRACT

The JEM-EUSO (Japanese Experiment Module-Extreme Universe Space Observatory) telescope will measure
Ultra High Energy Cosmic Ray properties by detecting the UV fluorescence light generated in the interaction
between cosmic rays and the atmosphere. Cloud information is crucial for a proper interpretation of these data.
The problem of recovering the cloud-top height from satellite images in infrared has struck some attention over
the last few decades, as a valuable tool for the atmospheric monitoring. A number of radiative methods do
exist, like C02 slicing and Split Window algorithms, using one or more infrared bands. A di↵erent way to
tackle the problem is, when possible, to exploit the availability of multiple views, and recover the cloud top
height through stereo imaging and triangulation. A crucial step in the 3D reconstruction is the process that
attempts to match a characteristic point or features selected in one image, with one of those detected in the
second image. In this article the performance of a group matching algorithms that include both area-based and
global techniques, has been tested. They are applied to stereo pairs of satellite IR images with the final aim of
evaluating the cloud top height. Cloudy images from SEVIRI on the geostationary Meteosat Second Generation
9 and 10 (MSG-2, MSG-3) have been selected. After having applied to the cloudy scenes the algorithms for
stereo matching, the outcoming maps of disparity are transformed in depth maps according to the geometry of
the reference data system. As ground truth we have used the height maps provided by the database of MODIS
(Moderate Resolution Imaging Spectroradiometer) on-board Terra/Aqua polar satellites, that contains images
quasi-synchronous to the imaging provided by MSG.
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1. INTRODUCTION

Meteorologists and climatologists have studied clouds, for their key role in the Earth’s climate system and their
relevant impact on the radiative processes. Cloud Top Height (CTH) estimation in particular, provides informa-
tion on cloud vertical structure, and improves the knowledge of the cloud’s radiative e↵ects. Reliable estimation
of CTH is crucial, not only for meteorologists, but it is also matter of interest in very di↵erent frameworks such
as the JEM-EUSO (Japanese Experiment Module-Extreme Universe Space Observatory) mission,1–4 whose main
objective is to detect, from a telescope5 placed on the the International Space Station (ISS), Extreme Energy
Cosmic Rays (EECR)6 with energy above 5 · 1019eV. These rays can be detected through the showers they
produce in the atmosphere.7,8 Aim of the JEM-EUSO telescope observations, is to record the time evolution
and the intensity of the fluorescence light, produced in the spectral band 300 - 400 nm during its interaction
with the atmosphere.

When an EECR particle reaches the atmosphere, it produces a nuclear interaction which leads to the genera-
tion of a cascade of billions of particles, such as electrons, photons, muons and neutrinos, which form the so-called
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Extensive Air Shower (EAS). The electrons, continuously produced during the evolution of the cascade in the
atmosphere, excite the nitrogen molecules in air and produce fluorescence light. The maximum light intensity
is at 5-10 km above the Earth’s surface, therefore the presence of clouds above the phenomena can a↵ect the
detection, and the influence depends on the cloud top altitude. To monitor the cloud coverage, an on purpose
Atmospheric Monitoring System has been designed that will include an infrared (IR) camera,9 and a LIght
Detection And Ranging (LIDAR) device,10 together with the support of global atmospheric models generated
from the analysis of all available meteorological data provided by global weather services, such as the European
Centre for Medium-range Weather Forecasts.

The design of the infrared camera is taking into account the possibility of using several di↵erent ways to
retrieve the required atmospheric information, such as the most common methods based on radiative transfer
and also the stereoscopic method,11,12 where the latter can be applied exploiting the motion of the ISS (see
Figure 1): two consecutive observations can be acquired at di↵erent and relatively close instants in such a way
that the two images partially overlap, i.e., they are images of the same scene. In this way an stereo pair of images
of the same scene from di↵erent view points is available.

Stereo methods rely on information that can be derived from the images, and on the knowledge of the main
parameters of the stereo system,13,14 therefore it can be considered purely geometric. Conversely, the more
common standard radiative methods,15–18 exploit several ancillary atmospheric data: temperature or pressure
profiles, derived cloud temperatures, etc. The possibility of using stereo methods in remote sensing for CTH
retrieval has been successfully explored over the last 15 years.17,19–23 This method represents a completely
di↵erent approach in comparison with the frequently used radiative algorithms. It can be applied whenever
multiple views are available, and can be suitable for those cases in which a large amount of meteorological
information are not available. Nevertheless, these methods do not exclude each other, in fact they can be also
used in a synergistic way, as shown in.17 Comparisons between stereo and radiative methods,24,25 have shown
good confidence in the values that can be retrieved by means of stereoscopy.

A crucial step for the reconstruction of a tridimensional scene from a stereo pair is the matching.13 Most
of the literature on CTH retrieval from stereo, adopts ad hoc algorithms. For instance, in23,26 it is exploited
the fact that the input are infrared images of cloud scenes; the geometry of the camera system adopted in the
mission is exploited in the multi-camera method presented in.20 In this paper we follow a di↵erent approach,
and investigate how more classical area based stereo matching methods, ordinarily used in computer vision with
standard images in the visible domain, perform with infrared satellite image for CTH estimation.

These algorithms have been tested27 with a set of images for which it was possible to measure a ground truth
for the matching. When working with satellite images of cloudy scenes, it is very di�cult to obtain such a ground
truth, and in a previous work28 we run our experiment measuring the error only on ground pixels, for which
an elevation map is known. In this paper we move the work a step forward, and try to test the performance
of the same algorithms on the cloudy pixels; in particular we test how the retrieval of the CTH is a↵ected by
the di↵erent parameters on which these matching algorithms depend. To this end, the resulting disparity maps
were transformed into final maps of CTH, according to the geometry of the reference data system. Finally, they
were compared with a set of height maps obtained by other imaging sensors, that were chosen as ground truths.
Real IR data from the Spinning Enhanced Visible and InfraRed Imager (SEVIRI) on board Meteosat Second
Generation (MSG) geostationary satellites, were used as images to test the algorithms, while the heights of the
corresponding images from MODerate resolution Imaging Spectroradiometer (MODIS) sensor, installed on the
polar satellite Terra, were used as ground truths.

The paper is structured as follows. In Section 2 a brief introduction on the most di↵use approaches used to
deal with the problem of correspondence between images, is given, together with a brief description of how the
stereo reconstruction works. In Section 3 the nature of the data used in this paper is briefly described. The
experiments are reported and discussed in Section 4. Finally Section 5 is left to some final remarks.

2. STEREO MATCHING

The 3D structure of an object in a standard binocular vision system,13,14 is inferred from the analysis of two
images acquired by spatially separated cameras. Estimation of the resulting parallax e↵ect contributes to recon-
struct its depth, i.e., the distance of the object from the sensor. The parallax e↵ect on the image is an apparent



Figure 1. Stereo Reconstruction. The scheme shows the height reconstruction for the cloudy pixel P . Its projection
points (P

0
and P ”) are detected by the matching step and the depth is recovered by triangulation. Finally the height is

calculated by subtracting these values from the satellite altitude.

motion of the object from the first image of the pair to the second one. This motion is known as disparity, and
it is constrained by the geometry of the stereo system. This is a crucial step and in this paper a set of standard
known area-based techniques for disparity estimation are settled in order to find the best performance for images
from space.

2.1 Approaches to stereo matching

Passive stereo remains one of the fundamental technologies for estimating 3-D information. It is desirable in
applications because it requires no modifications to the scene, and because dense information (that is, at each
image pixel) can nowadays be achieved at video rate on standard processors for medium-resolution images (e.g.,
CIF, CCIR). Large-baseline stereo systems, generating significantly di↵erent images and therefore making the
matching more di�cult, is particularly important as it is not always possible to position cameras close enough
to achieve small baselines. There are two classes of correspondence algorithms, seeking to achieve, respectively,
a sparse set of corresponding points (yielding a sparse disparity map) or a dense set (yielding a dense disparity
map). Determining a sparse set of point matches among the images, is a key problem for multi-view analysis. It
is usually performed as a first step to calibrate (fully or weakly) the system, when anything about the geometry
of the imaging system is known. At this stage then, no constraint can be used in order to help the matching.

The algorithms in the first category select feature points independently in the two images, then match them
using tree searching, relaxation, maximal clique detection or string matching.29–31 Particular robustness is
achieved in32 through a three-step algorithm. A di↵erent algorithm is given in,33,34 where the author present an
algebraic approach, based on position and correlation measure.

Algorithms in the second category select templates in one image (usually patches with some texture infor-
mation), then look for corresponding points in the other image using some similarity measures.13,14,35,36 The
algorithms in this class tend to be slower than the ones in the first class, as the search is less constrained. The
search for matches between two images, is sped up enormously if the two images are warped in such a way that
corresponding points lie on the same scanline in both images (in other words, the epipolar lines are the same in
the two images and parallel to the horizontal image axis). This process is called rectification.37,38 The rectified
images can nearly invariably be regarded as acquired by cameras rotated with respect to the original ones. Most
of the stereo algorithms reported assume rectified images.

For cloud images it is a challenge detecting cloud features suitable for the algorithms of the first category.
Features normally used, such as edges and corners, are generally smoothed in cloud images and change their



appearance from di↵erent viewing angles. Therefore we focus our attention on area-based approaches. Dense
stereo matching is a well-studied topic in image analysis.13,14 An excellent review including suggestions for
comparative evaluation is given in.27 We refer the reader to this paper for an exhaustive list of known algorithms.

The output of a dense matching algorithm is a correspondence or disparity map, which associates to each
pixel in one image, its displacement (disparity) vector with respect the one of the other images. As already
mentioned, the matching point must satisfy geometric constraints as the epipolar13 one, in the case of two views.
However, some other constraints (physical and photometric) are imposed, including:

Similarity the image patches of corresponding pixels must be similar.

Order if two points in two images match, then matches of nearby points should maintain the same order. Notice
that this constraint can fail, for instance for points on di↵erent surfaces.

Smoothness the disparities should change smoothly with the distances from the camera. This is not always
valid, of course, along region boundaries.

Uniqueness each pixel cannot match more than one pixel in any of the other images.

2.2 Steps of a matching algorithm

For the purpose of the experimental evaluation we adopted a few algorithms well known among the computer
vision community. According to,27 four steps for a general stereo matching algorithm can be considered:

1. matching cost computation

2. cost aggregation

3. disparity computation and optimisation

4. disparity refinement.

Needless to say that the step sequence can be di↵erent, depending on the particular algorithm considered.

The most traditional matching cost functions are the absolute intensity di↵erence39 (AD), and the squared
intensity di↵erence40 (SD). These cost functions have been used for decades in the computer vision community,
and although more complex matching functions have been proposed, they are still considered for their simplicity
which brings optimal performance in terms of speed. The cost functions, during the aggregation, can be sensitive
to pixels with a too large intensity, therefore truncation values are sometimes used to make them more robust.27

Various cost functions have been proposed in the more recent literature, and among them we mention the one
proposed by Birchfield and Tomasi in41 (BT), where each pixel in the first image is compared against a linearly
interpolated function of the second image, instead of using shifts by integral amounts; for the comparison any of
the SD or AD cost function can be used.

The aggregation of the cost function for a pixel (x, y) is traditionally performed summing or averaging
over a squared neighbourhood of the pixel itself. For the two cost functions mentioned above, the standard
aggregations are the sum of squared intensity di↵erences (SSD), and the sum of absolute intensity di↵erences
(SAD). For instance, the SSD for a pixel is defined as

SSD(x, y, d) =
wX

j=�w

wX

i=�w

(Il(x+ j, y + i)� Ir(x+ d+ j, y + i))2

where Il and Ir are the two images, d is the disparity for which the cost function is being estimated, and 2⇤w+1
is the size of the neighbourhood. If a truncation value � is used the formula above is written as

SSD(x, y, d) =
wX

j=�w

wX

i=�w

min((Il(x+ j, y + i)� Ir(x+ d+ j, y + i))2,�2)



Other methods for the aggregation do exist (see14,27 for further references), for the work presented in this paper,
it is worth mentioning the shiftable windows,42 the iterated binomial filter,43 regular and membrane di↵usion.44

For the third step, we can distinguish between local and global methods. Local methods compute the disparity
following a winner-take-all optimisation,27 as the core of these algorithms is in the first two steps. Therefore,
they simply choose as best match the one with the highest matching score. For instance, using again the SD
cost function, we have that the disparity is computed as

d(x, y) = min
d

SSD(x, y, d)

Conversely, global methods may sometimes skip the aggregation step at all. Most of the algorithms in this class
are formalised as an energy minimisation problem, i.e., they aim to find a disparity function minimising some
energy function. Among the various methods proposed in literature for locating the minimum for the energy
function, we mention dynamic programming (DP), scan-line optimisation and graph cuts.27

Finally, the last step is introduced as the disparities are usually computed in a discrete space, and for some
application (e.g., image based rendering, augmented reality) higher accuracy can be necessary. For this reason
some algorithms do apply a further step of sub-pixel refinement, after the discrete matching has been performed.
Sub-pixel disparity can be achieved in many di↵erent ways, and we refer the reader to27 for further details.

3. DATA

The experiments discussed in this paper were run on a set of data, selected from the Meteosat/SEVIRI database.
Cloudy image pairs were used to the aim of recovering the combination, that outputs the best disparity map.
The quality of the recovered CTH maps has been tested against the height maps produced by MODIS.45

3.1 Stereo data

In this paper we have considered a geostationary stereo system given by the combination of the Meteosat/SEVIRI
satellites MSG-2 and MSG-3, located on the Equatorial plane respectively at 9.5�N and 0�E at about 36,000
km of altitude. MSG-3 provides full disc imagery every 15 minutes of Europe and Africa, whereas the Rapid
Scan System of MSG-2 delivers images every 5 minutes over the Northern Hemisphere. Parts of Europe, Africa
and adjacent oceans are then observed from two di↵erent sights of view, and with a pixel resolution of 3 km at
the Sub Satellite Point (SSP). The distance between MSG-2 and MSG-3 positions, i.e., the baseline, is ⇡ 7000
km, that is insu�cient to provide an accurate reconstruction for all cloud heights. This occurs because Meteosat
satellites were not planned to be a stereo system. Following,22 the accuracy of the CTH (�CTH) estimated from
a stereo system can be expressed as:

�CTH =
�d

b/Hs
(1)

where �d is the disparity estimation error at the ground, b is the baseline of the stereo system and Hs is the
satellite altitude. Using Equation 1 and considering an average disparity error of no more than half a pixel, i.e.,
�d = ±1.5 km, the accuracy results within 7.6 km. Hence, if the disparity is estimated with an accuracy of half
a pixel, in the Meteosat configuration clouds with heights h 2[7.5,15] km might not be distinguished between
each other, as well as lower clouds might be merged to the background. The two imaging devices are quasi-
synchronous, and ancillary data include also the actual satellite positions for each row of the images utilised for
the CTH estimation.

We run our experiments on selected parts of several MSG-2/MSG-3 pairs. The parts of the images were
selected among the cloudy ones for which corresponding data from MODIS, were available within a reasonable
time delay. In this paper we report only the results relative to a stereo pair obtained from data acquired on
February the 6th, 2015. The stereo pair is shown in Figure 2.



Figure 2. Stereo pair used for the experiments. On the left the MSG2 image and on the right the MSG3 image, are shown.
Darker colours represent pixels with lower temperature, that is points with larger height.

3.2 Cloud top height data

The MODIS46 images on the Terra and Aqua Earth Observing System platforms, provide the capability for
globally retrieving these properties using passive solar reflectance and infrared techniques. In addition to pro-
viding measurements similar to those o↵ered on a suite of historical operational weather platforms, such as the
Advanced Very High Resolution Radiometer (AVHRR), the High-resolution Infrared Radiation Sounder (HIRS),
and the Geostationary Operational Environmental Satellite (GOES), MODIS provides additional spectral and/or
spatial resolution in key atmospheric bands, along with on-board calibration, to expand the capability for global
cloud property retrievals.

The core MODIS operational cloud products include cloud top pressure, thermodynamic phase, optical thick-
ness, particle size, and water path, and are derived globally at spatial resolutions of either 1 or 5 km (referred
to as Level-2 or pixel-level products). In addition, the MODIS atmosphere team (collectively providing cloud,
aerosol, and clear sky products) produces a combined gridded product (referred to as Level-3) aggregated to a
1� equal-angle grid, available for daily, eight-day, and monthly time periods. The wealth of information available
from these products provides critical information for climate studies as well as the continuation and improved
understanding of existing satellite-based cloud climatologies derived from heritage instruments. Recently,45 the
data products have been enriched with cloud macrophysical properties including cloud-top pressure, temperature
and height and, cloud thermodynamic phase.

In Figure 3 it is shown the CTH map produced by MODIS relative to the stereo pair in Figure 2. It appears
clear for a simple visual inspection that the area covered by the MODIS data is smaller than the one covered by
the stereo pair. This is not a particular problem, and it will be taken into account when computing the quality
metrics for the experimental evaluation.

It is worth pointing out that, although we are using the CTH maps as ground truth in our experiment, they
are actually measures that are prone to errors. Moreover the resolution of the MODIS data is di↵erent from the
one of the MSG data, therefore a re-sampling is needed for the comparison, and this, as it is well known, does
have a negative e↵ect on the quality of the maps.

4. EXPERIMENTS

In this Section, we describe the evaluation strategy and quality metrics we used for evaluating the performance
of stereo correspondence algorithms. Furthermore, we describe and discuss the experiments used to evaluate the
e↵ect of the di↵erent blocks of a stereo algorithm, on the estimation of the CTH map.

4.1 Evaluation strategy and quality metrics

A quantitative evaluation of the performance of the algorithms is obtained measuring the e↵ects of the variation
of a set of parameters on the quality of the CTH map. Since we are interested in understanding the behaviour



of the stereo matching on the the cloudy pixels, we neglect pixels at the ground level. This can be easily done
from an analysis of the MODIS altitude maps.

For a quantitative analysis of the results we compute two quality measures based on ground truth data:

1. Root mean squared error (RMS) between the CTH map hC(x, y) retrieved from the computed disparity
map and the ground truth map hT (x, y), that is

RMS =

0

@ 1

N

X

(x,y)

(hC(x, y)� hT (x, y))
2

1

A

1
2

(2)

where (x, y) are cloudy pixels (i.e., hT (x, y) > 0), and N is the total number of cloudy pixels. This condition
also remove from the error measure all those pixels which are not included in the MODIS map. The height
values are measured in km.

2. Percentage of good matching pixels, computed as the number of pixels for which the recovered height
hC(x, y) is below a given threshold �h, that is

G =
1

N

X

(x,y)

(|hC(x, y)� hT (x, y)| > �h) (3)

where, again, the sum is restricted to the cloudy pixels and N is the amount of cloudy pixels. For the
experiments reported in this paper we used the threshold values of �h = 7.5, 3.75, 2 km. This values come
from the analysis on the accuracy that can be expected on the MSG stereo pairs reported in Section 3 and
based on Equation 1.

4.2 Experimental results

The experiments used for our evaluation, are described in the remainder of this Section. Following the experi-
ments presented in,27 we will test how the performance depend on the parameters governing some of the steps
of a matching procedure discussed in Section 2. In particular, in this paper we will report results on the first
two steps: matching cost computation, and cost aggregation.

It is worth reminding that the quality is measured against the CTH maps provided by MODIS, and not
against a real ground truth. Therefore, we are computing the amount of agreement with the MODIS measures
instead of the real error. Moreover, stereo pairs in the case of CTH estimation are rarely images taken at the
same instant, but there is always a time delay that can cause some changes in the scene. These observations
explain why the quality of the results obtained in this study is lower than what has been shown in similar studies
in the computer vision community, where standard images were used.

Figure 3. Cloud top height map produced by MODIS relative to the stereo pair in Figure 2. The unit measure is km.



4.2.1 Matching cost

The fist three experiments compare di↵erent matching costs discussed in Section 2, and how their performances
are influenced by other components of the matching procedure.

Experiment 1 In this first experiment the matching costs compared are AD, SD, AD and BT, SD and BT,
using 9 ⇥ 9 aggregation windows. The optimisation is the one always used is the standard winner-take-all. In
the experiment di↵erent truncation values are used: 1, 2 , 5, 10, 20, 50 and 1000. The last value, being so large,
means that no truncation is applied.

In Figure 4 we show the plots of the two evaluation measures RMS and G, defined in equations (2) and (3),
plotted against the di↵erent truncation values used in the experiment. Both AD and SD show similar behaviours,
and even using BT does not change too much the quality of the results. The plots of the RMS show a better
performance with a heavy truncation, however the range of the RMS values obtained is very small (about 0.3
Km). The plot of the G quality measure, instead, makes clear that a heavy truncation (less than 10) decreases
the amount of pixels with an agreement within 2 km with the MODIS data. This is in line with what obtained
with other studies on natural images.27

Experiment 2 This second experiment is like the previous one, where the aggregation is done using a 9 ⇥ 9
shiftable window.42 The results are very similar to what returned by the previous experiment, with a very small
overall increase in the RMS measure. In27 it was reported that the use of a shiftable window on standard images,
can avoid the selection of the best truncation value. Experiments on these data, however, do not show evidence
of this fact. This is probably due to the lower resolution of these satellite images with respect to the standard
natural image in image analysis, that results in a not particularly accurate CTH map, as discussed in Section 3.

Experiment 3 This third experiment tries to determine what is the influence of the matching cost when a
global optimisation approach is used. In the experiment the global optimisation paradigms used are dynamic
programming (DP), scan-line optimisation (SO), and graph cuts (GC). AD was used as matching cost, with
di↵erent truncation values.

The results of this experiment are reported in Figures 6 and 7. Overall, it seems that global optimisation is
not a↵ected by the truncation value. This outcome, again, is di↵erent from what reported in,27 and it might
be due to the nature of the images used in the experiments. This calls for further studies using satellite images
with a better resolution.

4.2.2 Aggregation

The last step we consider in this paper is the aggregation, which will be performed considering square neigh-
bourhood, shiftable windows, binomial filters, regular di↵usion, and membrane di↵usion.

Experiment 4 The cost function considered for this experiment is, as for the last one, AD. No truncation is
used this time. Following27 we considered the following aggregation methods:

• square neighbourhood with sizes running from 3 to 29;

• shiftable square windows with sizes ranging from 3 to 29;

• iterated binomial filters with iterations ranging from 2 to 28;

• regular di↵usion with iterations ranging from 10 to 150;

• membrane di↵usion for 150 iterations and � ranging from 0.9 to 0.0.



(a) SAD (b) SAD

(c) SSD (d) SSD

(e) SAD+BT (f) SAD+BT

(g) SSD+BT (h) SSD+BT

Figure 4. Experiment 1. Performance of di↵erent cost functions with a 9⇥9 aggregation window. The two error measures
are plotted against di↵erent truncation values. The left column shows the graphs relative to the RMS, while the G error
is displayed on the right column.



(a) SAD (b) SAD

(c) SSD (d) SSD

(e) SAD+BT (f) SAD+BT

(g) SSD+BT (h) SSD+BT

Figure 5. Experiment 2. Quality measures using a 9 ⇥ 9 shiftable window. The two error measures are plotted against
di↵erent truncation values. The left column shows the graphs relative to the RMS, while the G error is displayed on the
right column.



(a) DP (b) DP

(c) DP+BT (d) DP+BT

(e) SO (f) SO

Figure 6. Experiment 3. Quality measures of di↵erent cost functions when global optimisations are used. The two error
measures are plotted against di↵erent truncation values. The left column shows the graphs relative to the RMS, while
the G error is displayed on the right column.



(a) SO+BT (b) SO+BT

(c) GC (d) GC

(e) GC+BT (f) GC+BT

Figure 7. Experiment 3. Quality measures of di↵erent cost functions when global optimisations are used. The two error
measures are plotted against di↵erent truncation values. The left column shows the graphs relative to the RMS, while
the G error is displayed on the right column.



The results of this experiment are shown in Figures 8 and 9. Overall, the graphs show that an heavier
aggregation brings better performance, as the value of the G measure increases with the aggregation; this
behaviour is particularly visible for the G curve relative to the lowest threshold. The RMS shows more clearly
that there is a saturation point after which the larger aggregation does not change the performance too much.

The outcome of these experiments can be justified by the fact that satellites infrared images of cloudy scene
are almost textureless, that is have large areas where the information is almost constant, therefore a small
aggregation do not use enough information to discriminate between the di↵erent parts. On the other hand, it is
well known that large aggregation windows reduce the matching performance near the borders of the di↵erent
regions in the image, as shown in.27 This is particularly important for natural images, which are usually rich of
details, but it is probably not a particular problem for the case we are studying.

5. CONCLUSIONS

In this paper we presented an experimental study on the performance of standard stereo matching algorithms
on satellite infrared images of cloudy scenes. This work, although motivated by the JEM-EUSO mission, it is of
general interest, as it addresses the popular problem of the Cloud Top Height estimation. Here, the problem is
tackled using a stereo approach, and the main contribution of the paper is to study how some of the parameters
that drive a stereo matching algorithm, influence the performance of the matching.

This work builds up on previous work27 by other authors who made a complete study on the performance of
stereo matching for standard natural images. Here we show that, due to the peculiarity of the satellite infrared
images, the conclusion of the previous study cannot be applied blindly.

The experiments have been run on stereo pairs obtained from data of the MSG-2 and MSG3 satellites. Since,
di↵erently from the case of natural images, it is impossible to have a real ground truth for the cloud top height,
we decided to compare the results obtained with a map provided by other sources, MODIS in this case.

The work needs to move forward in di↵erent directions. As a first thing, we need to complete the experimental
study considering also the last two steps of a matching algorithm (optimisation and refinement), as this work
mainly focused on the cost function and the aggregation. Since we have no real ground truth we might use, for
the experimental comparison, more than just one CTH map: this would make the results more robust. As a last
thing we must use in this study images from other satellites, such as AATSR, which have a ground resolution
di↵erent from the MSG data.
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Figure 8. Experiment 4. Quality measures for di↵erent aggregation measures. The left column shows the graphs relative
to the RMS, while the G error is displayed on the right column. In all the graphs the aggregation increases for left to
right.
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Figure 9. Experiment 4. Quality measures for di↵erent aggregation measures. The left column shows the graphs relative
to the RMS, while the G error is displayed on the right column. In all the graphs the aggregation increases for left to
right.
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