
Multimodality Image Registration And Fusion Using
Neural Network

Mostafa G. Mostafa,   Aly A. Farag,  and   Edward Essock*

Computer Vision and Image Processing Laboratory, Department of Electrical and Computer Engineering,

University of Louisville, Louisville, KY 40292, USA.

*Department of Psychology, University of Louisville, Louisville, KY 40292, USA

E-mails: {mostafa,farag}@cairo.uofl.edu,  eaesso01@gwise.louisville.edu

Abstract - Multimodality image registration and
fusion are essential steps  in building 3-D models from
remote sensing data. In this paper, we present a neural
network technique for the registration and fusion of
multimodality remote sensing data for the
reconstruction of 3-D models of terrain regions. A
FeedForward neural network is used to fuse the
intensity data sets  with the spatial data set after
learning its geometry. Results on real data are
presented. Human performance evaluation is assessed
on several perceptual tests in order to evaluate the
fusion results.
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1 INTRODUCTION

Three-dimensional (3-D) digital models of objects are
essential for various imaging applications. Object
recognition, visualization of Earth observation data,
medical imaging, regional/urban planning and
monitoring land-cover changes, are just few examples.
Although information extraction in remote sensing
over the past three decades has largely made use of the
information contained within multispectral
measurements from a single sensor, it has been
recognized that supplementing multispectral data with
spatial data from other resources may provide
substantial improvement in the output [1]. The current
trend of multisensor data includes not only spectral
data, but also ground-cover maps, hyperspectral data,
radar data, and topographic information such as
elevation, slope, and range data. The synergistic use of
multiple sensor data is a major factor of enabling some
measure of intelligence to be incorporated into the
overall operation of the system.

A 3-D model of a terrain area can be built by the
fusion of at least two types of data sets. First, thematic
maps, e.g., images from color, Landsat multispectral,
and/or AVIRIS hyperspectral sensors. Second,
topographic maps, e.g., digital elevation data (DEM)
from air-borne laser terrain mapper (ALTM) and/or
interferometric synthetic radar (IFSAR) sensors. The
accuracy of the reconstructed model depends on the
reliability of both the data registration and data fusion
methodology.

The registration of two images allow for the
combination of complementary information from both
images. The goal of image registration is to establish
the correspondence between two images and determine
the geometric transformation that align one image with
the other. Most of the fusion errors originate from poor
data registration processes, which is essential for
fusing multisource data. For example, a shift of only
one pixel in the registration can change the results of
many pixels, especially with low resolution data, e.g.
Landsat and AVIRIS. There are two main approaches
for image registration [2]. One approach makes direct
use of the original data, e.g., region, contour, and/or
edge matching, and the other is based on feature
matching. Features may be ground control points
(GCP), corners, line segments, etc. They are assumed
to be available as a result of applying standard feature
extraction algorithms.

The First approach, which is based on a correlation
measure between the two images, is computationally
expensive, and is also sensitive to noise unless
substantial preprocessing is employed. Feature-based
methods, on the other hand, tend to yield more
accurate results, as features are usually more reliable
than intensity or radiometric values. However,
accuracy of the feature-based registration methods,
depend largely on the accuracy of the selected  GCP



points. In this paper we present a neural network
approach for the registration and fusion of spatial and
intensity data.  This approach uses a feedforward
neural network for data registration and data fusion.
The network learns the geometry of the spatial data
and assigns elevation values for the thematic maps.

2 Multimodality Image Registration

Image registration is the processes of finding a
mapping function that maps one image space into the
other such that each pixel at the same position in the
two images correspond to the same point in the imaged
scene. The image registration processes is crucial for
the accuracy of the produced 3-D model. We propose
to use a neural network technique that can enhance the
registration process by modeling the uncertainty in the
selected GCP points and in the computation process.
In the following, we describe both image registration
techniques, the affine transformation and the proposed
neural-network-based registration.

2.1 Image Registration Affine Transformation

Point-based  image registration is achieved by finding
the (affine) transformation that maps a point set from
one image into the same corresponding points in the
other image, as shown in Fig. 1. The transformation
parameter can be obtained by selecting a set GCP
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in the other images, where n ≥ 3. These points can be
either manually or automatically extracted, as shown
in Fig. 1. Then co-registration is done by warping one
image to the other using the transformation
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which can be written in vector form as

 x =bA (3)

The vector of coefficients
T
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transformation can be estimated using the least square
method, i.e.,
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where TA is the transpose of the matrix A .

2.2 Image Registration Using Neural Networks

A neural network is known to be an efficient surface
approximators [4]. We propose a neural network
technique for fusing spatial data (e.g. elevation) with
other image modality (e.g. intensity images or
classification results). In this fusion methodology, as
outlined in Fig. 2, we have two cases. In the first case,
if the georeference information of the two data sets are
available, the data are first transformed into a common
reference coordinate system (e.g. the Universal
Transverse Mercator (UTM) coordinates). Then the
network is trained with the elevation data, such that the
training pairs are formed by employing the (x,y)
coordinate of the elevation data as the input, and the
elevation value z at the same coordinate as the required
output. After learning, the network is used, in the
approximation phase, to provide the corresponding
elevation values at the (x,y) coordinates of the intensity
image. Therefore, the  network structure uses two
neurons in the input layer (for the x and y coordinates),
and three neurons in the output layer (for the elevation
and the x and y coordinates). In [11] we have shown
that a network with two hidden layers gives the best
surface approximation results. In this work, we also
use a two hidden layers networks with 7 neurons and 5
neurons in the fist and second layers, respectively.

Figure 2: Functional diagram outlining the data
integration process using neural network
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Figure 1: Multiple image registration procedure.



On the other hand, if the georeference information is
not available, a network with two input units and two
output units is allowed to learn the transformation
between the two data sets by using a selected set of
GCP points for training. Then, it is used to register the
two data sets.

For high resolution elevation data, the training set can
be formed by resampling  the data set into a smaller
one by dividing the image into w×w squares, where
w= 3, 5,... , as shown in Fig. 3,  and using the average
elevation  in each square at its center.

Figure 3: Training data are resampled to
reduce training time.

2.3 Surface Approximation Using Neural
Networks

Surface interpolation has been one of the most
intensely studied problems in low-level computer
vision.  It plays a central role in the construction of a
continuous 3-D surface from sparse visual data. The
computational theories used in conjunction with
surface interpolation include variational principles[5]
and regularization theory [6,7]. The common element
of these computational theories is the minimization of
a global energy function composed of many local
energy components. This minimization usually has
been implemented using iterative algorithms. Weak
points in these methods are the sensitivity to adjustable
parameters, and poor performance in case of too sparse
data. Another common problem is that they can find
only locally optimal solutions, instead of finding the
global minimum of the energy function[8].

Surface interpolation is considered a function
approximation problem.  Consider a nonlinear input-
output mapping defined by the functional relationship

)(xfZ = , where the vector x  is the input and the
vector Z  is the output. The mapping valued function
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where ε is a small threshold. This function
approximation problem is a perfect candidate for
supervise learning with xi  playing the rule of input

vector and iZ  serving the role of desired response.

In supervised learning of a multilayer neural network,
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is the average squared error which represents the cost
function and serves as a measure of learning
performance.  The objective of the learning process is
to adjust network’s weights to minimize this cost

function avE  [4].

The backpropagation (BP) learning algorithm[9] is
used for the supervised training of multilayer
networks. It applies a correction

)1()()( −∆−∇−=∆ nnEn ωαηω  to adjust

network’s weights )(nω , where η  and α  are
learning and momentum constants, respectively.
Although the BP algorithm is now considered to be the
most popular algorithm for training multilayer
networks, it has two main problems. First, appropriate
learning parameters η , α , and the slope of the

activation function need to be carefully chosen for
each training set. Also, the fine tuning of these free
parameters is often problem-dependent. These
limitations may be overcome, however, by viewing the



supervised training of the network as an optimum
filtering problem where the Kalman filter theory can
be utilized. The Extended Kalman Filter based training
method has been shown to be an effective and
powerful improvement [10]. See [11] for the
performance analysis of both training methods.
Our image fusion and registration technique can be
summarized in the following outlines:

A -  For georeferenced data sets:
1- Transform the two data sets into the UTM

coordinate system.
2- Let the network learn the geometry of the

spatial data set.
3- Use the network to assign elevations to the

other data sets.
B -  If there is no georeference information
available:

1- Select a set of GCP points.
2- Let the network learn the transformation

required for data registration using the GCP
data.

3- Register the data sets using the network.

3 The Fusion Methodology

In general, image fusion is a process whereby images
from various modalities (at possibly different
orientations) are merged to provide a more complete
picture of a scene or object under identification.
Multimodality image fusion means that combining
complementary or redundant information from various
sensors which use different imaging principles to
measure different physical properties of a scene. For
example, Landsat or AVIRIS sensors provide
hyperspectral or color information of an imaged
terrain area, while a laser radar (LADAR) provides the
height information of that area. The fusion of the data
from those sensors can produce a full 3-D model of the
imaged scene.

Image fusion involves two processes. Image
registration and image resampling. Image registration,
as discussed above, aligns images to the same
orientation, and the image resampling process is used
to resample one image to the same resolution of the
other image. Most of the errors found in the fused
model arise from these processes. The neural network
fusion methodology that we propose in this paper
provides a robust mean to deal with the uncertainty in
the data and hence a good fusion results, as neural
networks are known to be one of the best function
approximators.

The neural network can be used to register images and
in the same time can be used to fuse the different

image modalities by letting the network to learn the
complementary information in the images. This is
done as follows. We use a network topology 3-7-5-3.
That is, the network  consists of  two hidden layers
with 7 neurons in the first hidden layer and 5 neurons
in the second. The input layer contains of  3 neurons,
two for the pixel coordinate and the third for the
elevation. Also, the output consists of 3 neurons, two
for the pixel coordinates and the third for the pixel
value (height or color).

In the learning phase, the output, in case of no
georeference information, is the coordinates of  the
corresponding GCP points in the other images and the
elevation in the first image. This is done for few GCP
points. In case of available GPS data for the two
images When we have georeference information and
the two data sets are transformed into a common
reference frame (the UTM system), the network works
as interpolator by learning the elevation data, that is,
the network topology becomes 2-5-1. Two input
neurons for the coordinates and one for the elevation
value at that coordinates. After the network is trained
with the elevation data, it is given the coordinates of
the intensity data to assign elevation for each pixel.

4 Evaluation of Methods with
Human Perceptual Performance

In order to evaluate the usefulness of fused imagery
produced by the our fusion methodology, human
performance is assessed on several perceptual tests.
By assessing functional utility of the imagery, we are
able to evaluate the accuracy of the proposed method
with alternative fusion techniques.

In a prior research [12], evaluating the utility of
alternative methods of fusing and color-rendering
nighttime imagery (e.g., infrared and image-intensifier
imagery), we have shown that different  fusion
methods may be effective for providing the necessary
low-level image structure for humans to perform one
perceptual ability well, while failing to support good
performance for a different perceptual ability [13]. In
this prior research, we have used tests of region
recognition (i.e., perceptual organization), texture-
based region segmentation, and scene/target
identification.  We have also related perceptual ability
to spatial frequency content and have performed
assessments of “preference” for alternative image
formats and multidimensional scaling determining
relevant perceptual dimensions of the imagery.  In the
present research we will adapt these methods for 3-D
imagery.  To do this we will present the images for
stereoscopic viewing on the SGI ImmersaDesk to



capitalize on the large field of view and rich,
immersive nature of the perceptual experience.

Specifically, two types of assessment of the
perceptual/cognitive performance abilities will be
pursued.  One type will assess perceptual abilities such
as target identification, region recognition and feature
discrimination.  3-D characteristics of the image
content will be emphasized in these tests.  In addition,
the ability to discriminate height (psychophysical
discrimination thresholds) in different image contexts
will be assessed. Conventional [14] multidimensional
scaling and preference mapping techniques are used to
assess the perceptual space corresponding to the
images.  Stereo pairs of the fused imagery are created
from final fused model by calculating disparities
appropriate to conform to the human interpupillary
distance.  These stereo-pairs are then presented to the
humans dichoptically using shutter-glasses synched to
the ImmersaDesk display and the psychophysical
testing is performed, as shown in Fig. 8.

5 Results and Discussions

Two different data sets were used in this study to test
the proposed fusion technique. The first data set is a
Landsat multispectral images  and a IFSARE elevation
data. The second data set is a Positive Systems spectral
images and a ALTM  range images. Figure 4 shows
common regions of the classified Landsat data cropped
into the golden gate area of San Francisco. Six classes
(water, vegetation, buildings, houses, streets, bare
ground) are defined to classify the Landsat and the
Positive Systems data. We used a supervised fuzzy c-
mean (SFCM) algorithm [15] in the classification
processes. Figure 5 shows the result of our neural
fusion approach. Figure 6 shows the SFCM
classification result of the Landsat image and the
IFSARE elevation data. The 3-D model of the Golden
Gate area obtained by fusing these two data set is
shown in Fig. 7.

The neural fusion approach is found to work better
when we use the georeference information and
transform the data into a common coordinate, the
UTM coordinate. This is due to the fact that the
network, in this case, is just used for function
approximation and data resampling. On the other hand,
when no georeference information is available, and the
network is also used first to register the data using a
set of GCP points. The network performs well only
when we use a large set of GCP points distributed over
the whole image. With small number, the result is
good within the area covered by these points and off
registration by 1-3 pixels as we go away from the
region within which we have GCP points.

The advantage of this neural fusion approach is that
the network also allows for data extrapolation and
hence can fill areas where no or bad data exists.

6 Conclusion
We have presented a neural network approach for
multimodality image registration and fusion. The
technique employs a FeedForward neural network to
perform the transformation, scaling, and resampling
processes required for the fusion. Good results are
obtained when georeference information are available
for the data, and GCP points distributed over the whole
images are required in case of no georeference
information. Human performance factors is used in the
evaluation and comparison of the proposed fusion
method with other methods.
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Figure 4 : Common region of multimodality
images. Classification results of the Positive
Systems data (top) and range data from the
ALTM sensor (bottom).



Figure 5: A 3-D model of the golden gate area, San Francisco, reconstructed by integrating range and
classified multispectral data shown in  Fig. 4.

  

Figure 6: Common region of multimodality images. Landsat classified image (left) and IFSARE
digital elevation image (right).



Figure 7: A 3-D model of the San Francisco
area reconstructed by  integrating elevation
and classified Landsat data shown in Fig 6.

Figure 8: Human perceptual performance
evaluation of fused models though
immersive 3-D visualization.
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