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Abstract – This paper presents various fusion
techniques that we are using or investigating throughout
the process of environmental database construction.
Environmental database covers Digital Terrain Models,
urban Digital Surface Models, 3D CAD textured models.
This paper focuses on the possible joint exploitation of
multi-sensors images. We thus show the approach that
we have developed (and implemented in our operational
systems) for multi-sensor coherent registration. From
this point, it is possible to exploit image redundancy in
DTM production, or in DSM using multiple view images.
Finally, we tackle the problem of not geometrically well
known image/3D CAD model correspondence, in order
to make the texture mapping easier.
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1 Introduction

The availability of an increasing number of various
imaging sensors (spaceborne or airborne) emphasises the
possibilities for image-based realistic environmental
database production. Environmental database gathers
Digital Terrain Models, urban Digital Surface Models,
3D textured models. The applications which benefit from
these capabilities are typically surveillance, site
monitoring, change detection, mission planning, mission
rehearsal, production of maps of intervisibility for the
optimal positioning of telecom antennas, etc …

The typical workflow for 3D site modelling is the
following [1]:
- coherent geometric registration,
- DTM and ortho-image generation (coarse DTM out

of the region of interest, fine DTM otherwise),
- 3D model extraction,
- texture mapping using terrestrial photos or oblique

images,
- terrain integration,
- scenario preparaion
- exploitation.

In this paper, we focus on the joint exploitation of
images of different sensors in this workflow. First, we
present the approach we have adopted concerning the
coherent registration of multi-sensor images. The section
3 describes the work we have done in fusion of DTM in
order to have more accurate, more reliable DTM. In the
fourth section, we present a new approach for urban
DSM computation with multiple views of a same spot.
Finally, we describe our progress in semi-automatic
registration of terrestrial or oblique images in order to
help the texture mapping process.

2 Multi-sensor Geometric Fusion

The first step compulsory in order to exploit coherently
images from different sensors is their coherent
registration. We have developed an approach [2] relying
on a mathematical geometric modelling of the sensors.
The correspondence between each image pixel and the
corresponding ground point is described by a parametric
function. Usually the parameters of this function are
marred with mistakes and need to be refined. In the
multi-sensor frame, we based our approach on the
estimation theory. This approach has been successfully
implemented in all our operational systems using various
sensors images.

2.1 Theoretical foundation

The problem to be solved can be formulated in the
following way (in the frame of the estimation theory) :
Given the observations (features or points measured on
the different images), estimate all the sensor models in
order to know in a coherent manner the geometry of all
the points. Mathematically speaking, the unknown is the
set C of the models of the different sensors and I is the
set of observations (points or features viewed on the
images).

The problem is thus to find C given I. This is possible if
are known :



- the probabilistic models of C and I described by their
probability density p(),

- the relations between C and the observations I.

The estimation theory leads to the search of the most
likely value of the unknowns (the sensor models) given
the observation constituted by the set of points. We will
thus have to maximise a criterion :

))/(( ICpCrit (1)

The criterion we have chosen is the MAP (Maximum a
posteriori). As we have some knowledge on C, we can
transform this problem in a Bayesian frame, thus having
to maximise the following distribution :
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where :
- )(Ip  is constant,

- )/( CIp represents the information a posteriori,

- )(Cp represents the information a priori on the
model sensors.

We are going to clarify the two last terms in the
following paragraphs.

2.2 A priori sensor criterion

Mathematically speaking, a sensor is modelled by a
parametric localisation function, inversible if we know
the relief. The function is chosen with the smallest
number of parameters. Let θ  be this vector of
parameters. For spaceborne sensors, this vector is
composed of parameters describing the orbit, the attitude,
the instrument, …

From the knowledge we have on the sensor, it is possible
to describe such vector with its density of probability.
The mean of this vector is usually known, given the
nominal characteristics of the sensor. For the covariance,
we suppose that each component of this vector is
independent of the others and has a gaussian density. We
can then explicit )(Cp  as a product of gaussian
densities.

2.3 A posteriori observation criterion

For each measure of a feature on a particular image, we
have an error on the measure characterised by its
covariance. For the unique feature corresponding on the
ground, we also have a measure with an error
characterised by its covariance. Considering the errors as
gaussian, it is simple to explicit )/( CIp  as a product
of gaussian densities.

2.4 Resolution

Having expressed all the different terms of the criterion,
we come back to the maximisation of the whole density

of probability )/( ICp . It can be useful to transform
that problem into a minimisation problem by taking

())log( p− . We thus have transformed a probabilistic
problem into a simple optimisation problem.

The criterion ))/(log( ICp− is a quadratic criterion.
The resolution method uses the Newton method with
approximation of the Hessien of the criterion, given the
fact that the sensor models are usually almost linear
functions.

3 DTM production by fusion of mixed
sar and optical images
 
 There are different techniques to compute DTM from
couples of images (stereoscopy, radargrammetry,
interferometry). Each of those techniques has a frame of
application, and has advantages and disadvantages. We
have developed a fusion process whose aim is to obtain a
combined DTM which is more reliable than the
individual components (which can be stereoscopic DTM,
interferometric DTM, … ) in terms of both accuracy and
density of reliable data. We work with spaceborne
images, such as SPOT, ERS, RADARSAT [3].
 
 3.1 Description of the techniques
 
 The stereoscopy enables the computation of the height of
a scene by using the parallax between two images. For a
given sensor, the images must be acquired so that a point
on the ground is seen with two different angles of
incidence. The parallax gives the apparent displacement
of one point in an image compared to another one
because of its altitude. Let h be the height of a cell of a
given resolution and d the disparity (or parallax) in the
centre of this cell, we can write :

 )(dHh stereo= (3)

 where stereoH depends on the sensor parameters.
 The disparity is usually computed using correlation
methods. Associated with the disparity map is a map of
the correlation scores, enabling a measure of the quality
of correlation.
 
 The radargrammetry is similar to stereoscopy, but is for
SAR sensors. It has thus to take into account the
particular geometry of such sensors : the two images
must be taken on the same side (and not on opposite side
as for stereoscopy). We still have a notion of parallax (or
disparity) and it is thus possible to write as (3) :

 )(dHh radar= (4)
 Again, the disparity map can be accompanied by a map
of the correlation scores, enabling a measure of the
quality of correlation.
 
 The interferometry enables the computation of height of
a scene by the using the difference of phase between two
complex SAR images. For a given sensor, the images



must be acquired so that a point on the ground is seen
with two different angles of incidence. Let h be the
height of a cell of a given resolution and φ∆  the
different of phase in the centre of this cell, we can write :

 )(int φ∆= erHh (5)
 Associated with the phase image (computed by taking the
argument of the conjugated product of the two source
image) is the coherence image, which is the module of
this product. Each value of coherence gives a quantitative
criterion characterising the level of noise on the phase
difference.
 
 3.2 Fusion process
 
 The combination of the heterogeneous source data is
realised by a method of fusion which is derived by posing
the estimation problem of the relief as an inverse
problem. The aim is to estimate the altitude of the scene
given the observations brought by the different available
source data. An a priori model of the unknown (the
terrain) is to be known. The estimation problem leads us
to use some continuity constraints to model the terrain. It
can be shown that, in this case, a bayesian formulation of
the problem is the optimal frame for the relief estimation
[4]. It leads to a global estimation problem where one
search the altitude that minimises a criterion deduced
from the bayesian formulation. This criterion is called a
posteriori energy.
 
 The a posteriori energy is constituted of a sum of
different criterion associated to the different observations
(interferogram, disparity maps, … ). If the a priori energy
is noted E(h(X)), the bayesian formulation leads to
search h(X) which minimises the energy :
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 where n is the number of different inputs, and
))(( XhJ k is the energy term associated to the data k. It

is given by :

 ∑
−−=

X o

kk
k

k

XhHo
XhJ

2
1 ))((~

))((
σ

(7)

 where :
- ko~ is the measured value of the observation k for the

technique (interferometric phase, disparity value),
- kH is the function linking the altitude to the

observation : )()( oHXh = ,

-  
koσ is the variance of the error associated with the

observation (base on the coherence image for the
interferometric technique, based on score of
correlation for  stereoscopy or radargrammetry
technique).

 The a priori term is given by :

 ∑ −=
X h

XhXh
XhE

2
)()(

~
))((

σ
θ (8)

 where θh is a parametric function modelling locally the
terrain. It is chosen as a linear combination of
polynomial functions of degree n.
 
 The criterion to minimise J is a quadratic criterion. The
unknown are the height of the terrain sampled on a grid
at a given step. The method used to solve this criterion is
a relaxation on the height value, followed by a least-
square resolution of the relaxed criterion on each point.
 
 3.3 Results
 
 We have tested our approach on a region in the Pyrénées
(south-west of France). We had one stereoscopic couple
of SPOT images and one interferometric couple of ERS
data. We illustrate here the stereoscopy / interferometry
fusion.
 

 
 Figure 1 : one of the SPOT images

 

 
 Figure 2 : one of the ERS images

 



  
 Figure 3 : Disparity map and Correlation score map

  for SPOT image
 

  
 Figure 4 : Interferogram and Coherence image

 for ERS image
 

 
 Figure 5 : Stereoscopic DTM computed

 from SPOT images
 

 
 

 Figure 6 : Interferometric DTM computed
 from ERS images

 
 

 
 Figure 7 : Merge DTM

 
 In this mountainous area, the interferometry increases
the cover rate (69% for the stereoscopic DTM, 44% for
the interferometric DTM, and 83% for the merge DTM),
adding to the stereoscopic DTM some large areas, which
where interpolated before. Moreover, interferometry
brings a great improvement in the geomorphologic
quality of the DTM.
 
4 Urban Digital Surface Model

If you want a great accuracy for an urban DSM, you need
to work with very high resolution (less than 20cm). At
those levels of resolution and if the urban area is dense,
there are a considerable number of hidden parts and a
dense and complete description of the scene by
stereoscopic analyses is thus impossible. The acquisition
of multiple views (a particular spot is seen by more than
two images) can solve some of those problems. Actually,
if the overlapping is enough, there exists always one or
more couples among the whole set of images in which a
given point is visible. In order to exploit this type of data,
in the majority of techniques, the DSM is obtained by a
fusion of the elementary DSM computed on the different
possible stereo couples by techniques based on majority
voting or similar to that exposed in section 3.

In the frame of a study we are conducting on multi-sensor
DEM production with two research laboratories (ENST,
IGN), IGN [5] proposes a new approach that we present
here.

4.1 Description of the approach

A new prototype of a correlator adapted to those multi-
images has been developed. This new tool enables the
construction of DEM, and the ortho-image associated,
from images of the IGN numeric camera. The prototype
is based on direct multi-image matching guided by the
object space.

This prototype is based on the following algorithm : for
each node (x,y) of the DEM grid, a correlation profile is
constructed gathering all the correlation coefficients
computed for each of the possible z values in a plausible
interval conditioned by a priori knowledge of the area.



For each z, one determines in the set of images, the
hypothetical corresponding positions ),( kk ji  (0<=k<=n
where n is the number of images). The likelihood of this
hypothesis is based on a direct measurement of the
similarity of the set of windows centred on the ),( kk ji .
The estimated z that is retained for a (x,y) is generally the
one for which an optimal value of the coefficient of
correlation is reached. Moreover, for this (x,y) and the
estimated z, it is possible to compute the corresponding
radiometry in the ortho-images from the set of
radiometries observed at the points ),( kk ji .

4.2 Multi-image similarity coefficient

The direct extension of the two window cross-correlation
function is not possible because this gives a scalar
product and therefore an information on the angle formed
by the two textures vectors (whose components are the
spatially ordered set of radiometry inside the window). A
new coefficient has been defined, the Multi-Image
Correlation coefficient :
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where :

- ),( kkk jiV
r

is the texture vector associated to the

window centred on the pixel ),( kk ji ,

- )),(( kkk jiVVar
r

 is the variance of the texture

vector ),( kkk jiV
r

, i. e. the grey levels inside the

window centred on the pixel ),( kk ji  in image k.
Note that this coefficient is between 0 and n. If the image
texture windows are alike (i. e. the textures vectors are
collinear), the MIC coefficient is maximal.

4.3 Radiometric weighting

Actually, the MIC criterion is “centred average’; it thus
measures the similarity between the textures of the
neighbourhood but not their radiometric similarity. which
can lead to mismatches (cf. figure 8). The new similarity
function called MICRA (Multi Image Correlation with
Radiometric Attenuation) can be expressed in the
following way :
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where :
- Var is the variance,
- ),( jiI is the grey level of pixel (i,j),

- k is a normalising coefficient.
The application of this weighting function permits to
obtain a similarity criterion which characterises not only

the texture similarity of the neighbourhoods, but also
their radiometric similarity.

Without Weighting

With weighting

Figure 8 : Comparison of homologous windows (3x3)
found for a given (x,y) point without and with the

radiometric weighting function.

4.4 Results

The increase in the number of observations enables, on
one hand, to reduce considerably the wrong matching
traditionally met in stereoscopic process, and on the other
hand, to increase the reliability of the process. It is also
possible to use smaller windows of correlation (3x3) (cf.
Figure 9).

The results show clearly a dense DEM, a good rendering
of the relief microstructure, a good localisation of the
discontinuities. However, the small size of the window
leads to mismatches in very homogeneous areas, which is
not the case with a 5x5 window (cf. Figure 10). On the
contrary, a 5x5 window has a less accurate rendering of
microstructures and discontinuities.



Figure 9 : DSM generated with
4 images and 3x3 windows

Figure 10 : DSM generated with
4 images and 5x5 windows

Figure 11 : orthoimage corresponding to the
DSM of Figure 10

5. Image registration for texture
mapping

5.1 Problem settings

The problem we consider in this section is the following :
given a 3D CAD model, given coloured terrestrial or
oblique images that we want to use to texture the 3D
model with, how can we improve the texture mapping
process.
One of the difficulties you usually have to deal with is the
fact that you are working with images which have poor
“photogrammetric” properties, i. e. there were not taken
with “metric” sensors, the exact position of the camera is
not known, … .

We present here some work we have in progress [6] to
help the registration of such images, given a CAD model.
It is a semi-automatic approach. The basic idea is to
initiate a first weak registration, then, by a densification
process to find more local correspondence features
between the CAD model and the image, in order to find
the a stronger local transformation enabling the
automatic texture mapping in this local area.

5.2 Description of our method

Our method rely on :
- the matching of points, especially corner points,
- strong-from-weak transformation.
We suppose that we work with pinhole sensors.

The first task is to establish a weak transform between
the CAD model and our image. This transform is taken
as a general affine transform. It has 8 degrees of
freedom, therefore four points entered by manual support
suffice to directly estimate those coefficients.

We then seek for two more observations in order to
establish a stronger transform, e. g. a projective
transform which can be reduced to 11 parameters in
homogeneous coordinates. The two points are found by
partitioning with a Voronoi diagram the set of 3D CAD
model corners projected on the image using the weak
transform (cf. Figure 12).

Having also extracted corner points on the image, we try
to match those two sets of points. The site (centre) of a
Voronoi cell is a 3D CAD model corner back-projected.
We choose two back-projected corners near the region
where we had chosen the first four points. The
corresponding corners on the image are the nearest
points (in the sense of Euclidean distance). We thus can
estimate the projective transform. If that new transform
leads to gross errors on the points, we reject the matched
points, and search others. This process can be iterative on
a local area.



Figure 12 : Voronoi diagram of roof corners
extracted from the 3D CAD model and

projected using the weak transformation

Current work are focusing on the following items :
- use of lines instead of points,
- aggregation of lines for the making of

parallelograms,
- exploitation of the fact that façades are rectangular.

6 Conclusions

We described in this paper several fusion techniques we
used in order to exploit the redundancy of information in
a typical 3D site modelling workflow.

We first focused on the coherent registration of images
from various sensors, thus enabling their simultaneous
exploitation. We then presented the work we have been
doing on the improvement of DTM, trying to take the
best from each of the DTM components. We also
presented the work we are doing on fine resolution DSM.
Several tracks are under investigation : the first results
presented here concerned optical multi-image DSM
production. Future work will focus on multi-sensor DSM
production, as well as radargrammetric DSM production.

Finally, we exposed the work we are currently doing
towards automatic texture mapping using terrestrial
images. The problem is the automatic matching between
3D CAD model and images whose parameters (position,
focal, ) are not very well known.
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