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Abstract

Challenge in the registration of battlefield images in visible and far-infrared bands is the feature inconsistency. We use a
contour-based approach and propose robust free-form curve-matching algorithms using the adaptive hill climbing and the
iterative closest point algorithm. Both algorithms do not requires explicit curve feature correspondence, are designed to be
robust against outliers. The originality of this work is the use of the mean partial distance as the objective function in the
iterative closest point algorithm, so that outliers can be easily handled by using rank order statistics. A fast algorithm using
the segment representation of Voronoi diagram for the nearest point transform and the distance transform is used.
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1. INTRODUCTION

Image fusion is to combine information from multiple
sensors in order to refine estimates and predictions on the
image information. Registration is the first and critical
step before image fusion. Registration of an image
sequence from the same sensor also is useful for the
sequence stabilization1 and superresolution image
reconstruction2. Multiple sensors can act in a synergistic
manner, providing complementary information: in the
case of battle field imagery, the IR camera provides data
to locate the objects of warmer temperatures within the
scene, while the optical camera provides background in
the scene. The fusion of two images allows locating the
warm objects with respect to the background.

Multiple sensors have different electromagnetic spectral
responses to capture distinguished features. One principle
in the design of a multiple sensor imaging system is to
select electromagnetic spectral bands of the sensors as
different as possible. The images from multiple sensors
should be uncorrelated and independent from each other.
That gives rise to radiometric data disparity and feature
inconsistency problems for multisensor image
registration.

In this paper we present a contour-based multisensor
image registration for military passive surveillance
ground imaging system. In this system two broadband
cameras, one in visible and another in far-infrared band,
are mounted on the top of a post of the ground vehicle
Coyote. The spectral bands of the visible and far-infrared

cameras are separated by a large gap. The technical
challenge in this application is the feature detection in the
cluttered environment of battle field image background
and the feature inconsistency in the two image
modalities, which is much more important than that
encountered in convention remote sensing applications.

We adopt the feature-based edge matching registration
scheme. When both types of images represent the same
real world scene, each object in the scene would appears
always as an individual object, no matter what is the
spectral response of the imaging sensors. As a result, the
boundaries of the objects would be preserved, which are
not sensitive to spectral responses of the sensors and can
be used as comment features for image registration.
Compared with the area-based approaches, the feature-
based image registration can account for any image
transformation, the processing speed is independent of
the image transformation and it can use the powerful and
versatile multi-resolution edge detection and edge
saliency techniques. Those techniques are particularly
important for outdoor IR images registration in order to
extract features in the static background which is
typically of low contrast and noisy. The limitation of the
feature-based approach is the need for the presence of
structure in the images, and that its reliability depends on
the feature extraction process.

After a brief review on the multiresolutional feature
extraction. We present two free-form curve matching



processes: the adaptive hill climbing and the iterative
closest point algorithm. Both approaches are designed for
the robustness against outlier feature inconsistency using
the partial Hausdorff distance. We introduce the partial
mean distance as the objective function in the iterative
closest point algorithm that permits to exclude a
percentage of outlier feature points. A fast algorithm
using the segment representation of Voronoi diagram for
the nearest point transform and the distance transform is
used in our algorithm.

2. MULTIRESOLUTION EDGE
EXTRACTION

The IR images are usually of high contrast for detecting
warm targets in the scene, such as persons, vehicles and
helicopters, which are of clearly higher temperatures
distinguishable from that of the background. However,
targets are not useful for image registration, because they
are usually moving in the scene. Image registration
requires extracting features from the immobile scene
background. In most cases, the background objects in the
IR images have the same thermal equilibrium
temperature, so that the gray-scale level contrast in the IR
image background is related only to the differences in the
emissivity and reflectivity of the object surfaces and is
therefore very low. In addition, the IR images are
typically noisy.

Edges in the scene can be created by occlusions,
shadows, sharp changes of surface orientation, changes in
reflectance properties, or illumination. In this sense edges
can potentially represent structural information in the
image, and can be the common features for multiple
sensors, useful for multiple sensor image registration.
One possible structural feature in the outdoor ground
images is the horizon lines, which are widely used for
unmanned ground vehicle navigation. Indeed, when
cameras are mounted on a grounded vehicle, it is
reasonable to assume that the camera axis is pointing
approximately horizontally. Unless the terrain is very steep
(or the vehicle is driving alongside a wall) the horizon is
usually visible in the image and is usually the most distant
part of the scene (except for the sky). The horizon lines are
common in the IR and visible images, and are independent
of the grayscale level disparities and contrast polarity
reversals. The fact that the horizon is the most distant part
in the image helps accuracy of image registration.

In the visible image the horizon is the boundary of the
sky, which is usually the brightest region in the top of
image. In the IR image the horizon is the longest curve in
the image. However, noise occurs as local fluctuations of
the image brightness function, which have strong
derivative magnitudes, but represent unnecessary image
details, which are unrelated to image structure. In the IR
image background the low contrast varies over the image,
so that the structural edges may be disrupted and even
completely disappear in the edge maps, if an

inappropriate thresholding on the gradient magnitude is
applied. In addition, the Canny edge detector is
excessively reliant on the estimation of the gradient angle
and so often fails to mark edge pixels at junctions,
corners and even on some smooth curve portions where
the contrast changes are too poorly defined3. This is the
reason for broken edges. To extract horizon lines we use
Canny edge detector with a large Gaussian smoothing
filter to remove noise. A curve-length threshold is then
applied to extract horizon lines in the coarse edge map. In
the case of strong noise, which breaks horizon lines, we
calculate saliency4 measure in the edge map, and connect
the edge segments of largest saliency measure to recover
the horizon line. Finally, we apply multi-resolution
hierarchical edge detection and edge focusing5 to recover
localization of edge at the original resolution level, using
a coarse-to-fine edge tracking in continuous manner with
the filters of decreasing scales.

The horizon lines along are not sufficient for image
registration, which requires image features evenly
distributed over the images. As a result we need to use
additional features from other regions in the image, such
as the ground. The passive surveillance imaging system
should operate in an uncontrolled real-world
environment. A typical battlefield scene contains
mountains, hills, forest, a small number of buildings and
water ponds, snow and bush on the ground. Most those
ground clutter objects appear differently in the visible
and IR images because of the effect of combination of
temperature, IR emissivity and reflectivity. Their
boundaries are inconsistent in the two types of images,
resulting in a high percentage of outlier edges. To ease
the edge curve matching for registration, we need to
design a consistence checking process, that favorites
structural boundaries and avoids noisy and inconsistent
edges. This is a difficult task because in uncontrolled
imaging environment and without a priori knowledge on
the input scene we have no raison to reject any edge
feature in the image.

3. FREE-FORM CURVE MATCHING

The two edge maps of the battlefield images by two
sensors obtained from the multiresolution edge detection
contain a large percentage of outliers. Furthermore, the
boundaries of some significant and common structures in
the scene could be still different in detail because of the
radiometric data disparity in two image types, the
different spectral responses of the sensors and the
different parameter setting in the edge detector, such as
the threshold values, the size of edge detection filters etc.
In addition, the shadows in the visible images do not
appear in IR images.

Approaches for registration of two feature maps can be
divided into two categories. In the primitive-based
approaches a set of primitives, such as curvature extrema
of the curves, curve junctions and end points of straight



lines, are extracted and used for matching. The primitives
need to be described by the transformation-invariant
descriptor in order to determine the correspondences in
the two images. The primitive-based approaches are
widely used and are in general preferable. But in a real-
world environment it is difficult to detect and localize the
primitives robustly and precisely. The battlefield scenes
usually lack structural objects. Most extracted edges from
the scene images are smooth and horizontal curves. In
this case the location of the curvature extrema is highly
sensitive to noise. The end points of the curves also
depend highly on the noise. In addition, the description
and matching of primitives using the information from
the neighborhood of the primitives1, 6 can fail because of
the radiometric data disparity in the multiple sensor
images.

We then adopt the free-form curve matching approaches.
The idea is to find the transformation parameters by
minimizing a distance-related criterion between two sets
of points or curves. The curve is considered as a set of
chained points, which is not described by any equations
or parameters. We do not regard to particular primitives
and do not search for one-to-one primitive
correspondence between two images. This is appropriate
for images in a non-structured environment. The free-
form curve matching is a search in the transformation
parameter space. The type of image transformation
should be known a priori, which is, in our case, the
global affine transform.

3.1 Distance merits

Discrepancy measures for the matching of two binary
point sets should be based on some distance merits. For
matching the sets of points or curves the widely useful
cross-correlation can be replaced by the chamfer
matching. In this technique, given two sets of points, A
and B, we first compute the distance transform of the set
A that is a new array of the same size as A, in which
every pixel holds the value of the distance from this
location x to a closest point in A:

( ) axAxd
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where the distance metrics could be city-block,
chessboard, chamfer and Euclidean distance depending
on particular applications. Among these metrics only the
Euclidean distance function is isotropic and rotation-
invariant. Then, the chamfer matching is a correlation
between the distance transform of A and the set of binary
points B:
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where xt is the translation of the position vector x .

3.2 Distance transform

In both the following hill climbing Hausdorff distance
matching and the iterative closest point algorithm we
shall use a fast segment-list based algorithm for
computing the Voronoi diagrams and distance transform.
The nearest-neighbor transform is closely related to the
distance transform. The nearest-neighbor transform of an
image A assigns each pixel in a matrix of the same size as
A the identity of a feature pixel in A which is closest to it.
In the continuous space the Voronoi transform generates
a Voronoi diagram, which is a partition of a space into
Voronoi cells. All the points in a Voronoi cell shear the
same nearest point. The nearest-neighbor transform is a
construction of discrete Voronoi diagram.

An exhaustive search for the closest points and the
Euclidean distances in an image of m by n is a procedure
of the computation complexity O(m2n2). Guan and Ma13

proposed a linear-time algorithm with complexity of
O(mn) for both Euclidean distance transform and
Voronoi transform. The algorithm computes the
Euclidean distance transform and gives in the same time
the Voronoi diagram without extra cost. The algorithm
consists of a segment creation, two vertical scans for the
Veronoi transform followed by a distance map
calculation. In an initialization phase, we compute the
one-dimensional Voronoi transform in each row
individually. A row is then divided into several segments.
An individual nearest feature point owns each segment,
which is itself in this row. Then, we build a list the
segments in a row in the left-to-right order in which each
segment is recorded by its start position (a real variable),
the owner (currently-found nearest neighbor), and the
pointer to its next segment. After forming the initial
segment list for each row, two bottom-up and top-down
scans are applied to those segment lists sequentially.
Rows are scanned one by one in a scanning-propagation
way, each row being scanned receives a propagated
segment list from its previous row, and merges it with its
own segment list. The segment list of that row is then
replaced by the merged list. In this way nearest neighbors
information is propagated upward and downward
throughout the whole image to ensure that the owners of
segments will be their nearest neighbors after these two
vertical scans. In the scan process the new bisector lines
of owners are computed with real parameter. In this sense
the transform divide space in a continuous manner, and is
therefore Voronoi transform instead of nearest neighbor
transform. The Voronoi transform here can be thought of
to be continuous horizontally and discrete vertically. The
segment-list representation is not only compact in
encoding a Voronoi diagram, but easily accessed as well.
The detailed rules of merging process are given in Ref.7.
From the obtained Voronoi diagram the distance map is
computed using the coordinates of the owners in the
segment lists.



The basic idea of this algorithm is representing nearest
neighbor information in segments rather than in pixels.
We notice that neighboring pixels tend to have the same
nearest point. The list-processing algorithm represents
and processes the nearest neighbor information in the
form of segments rather than of pixels. The algorithm
with complexity of O(mn) realizes both Voronoi
transform and distance transform without extra cost,
where both nearest feature and the distance to it can be
retrieved.

3.3 Hausdorff distance matching

The curve matching using the Hausdorff distance does
not require explicit point correspondences and is robust
against outliers. The directed Hausdorff distance8, 9 merit
is defined as the maximum distance among all the
distances from all the points Aa ∈ to their respective
closest points in B
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The general Hausdorff distance is the maximum of the
two directed forward and reversed9 Hausdorff distances:
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Originally the Hausdorff distance is extremely sensitive
to outliers. If two sets of points A and B are similar, all
the points are perfectly superimposed except only one
single point in A which is far from any point in B, then
the Hausdorff distance is determined by that point and is
large. This sensitivity to outliers is not acceptable. The
Hausdorff distance merit is so unstable as to be unusable.

To take care of the outliers problem we use the partial
Hausdorff distance9. We compute all the distances of

each point Aa ∈ to its nearest point of B, ( )Bad , .
Then we rank those distances. If n is the number of
points in the set A then let K = qn and K is q-th quantile
of n. The partial Hausdorff distance is the K-th shortest
distance, and is q-th quantile of all those distance values

( )Bad , . There is a subset of K points in A that has
distances less than the partial Hausdorff distance to their
respective closest points in B. By ranking the distances
we automatically select the K best matching points in A.
The remaining (n-K) points are considered as outliers.

Exact computation of the minimum Hausdorff distance is
very expensive. This is an exhaustive search in the
transformation space. Given a value ε, we need to find a
transformation g∈G in some group of transformations G

for the model point set A, such that H(G(A),B)≤ ε. The
best running time for determining a rigid body
transformation which minimizes the Hausdorff distance
between the sets of size n is O(n5log2n) 10.The time
complexity would be mush higher when scaling is
included in the transformation. This complexity is not
acceptable for real time implementation.

Many techniques, such as the transformation space cell
decomposition, early rejection and skipping forward have
been introduced to accelerate the search 9, 11, 12, while still
guarantee that the best transformation can never be
missed. However, the computing complexity is still much
too high for real-time processing of our images, from
which the feature detection returns typically several
hundreds of points, when searching in the affine
transformation space.

The search for minimizing the Hausdorff distance for the
translation-only is reasonably fast. Using this property, a
multisensor image registration using the local Hausdorff
distance search has been demonstrated13. The basic idea
of this approach is that an affine transform of an image
can be approximated by translations of its block sub
images. We first partitioned the images into blocks and
then matched the sub images using the contour lines in
each block and the partial Hausdorff distances merit,
assuming that the sub images are only translated. Finally,
from the displacements vectors of ensemble of blocks we
estimated the affine transformation of the image.

3.4 Hausdorff dynamic hill climbing

The dynamic hill-climbing algorithm has been proposed
for image registration using the Hausdorff distance14. In
this approach the registration is formulated as an
optimization problem for minimizing the Hausdorff
distance. The objective function in the optimization
process is the Hausdorff distance, which measures the
similarity between the two sets of feature points. The
search for the minimum Hausdorff distance with the
optimization is mush faster than the exhaustive search in
the entire transformation space. However, the search can
fall to a local minimum.

The dynamic hill climbing 15, 16, is combination of hill
climbing and genetic algorithm. It consists of inner loops
and outer loops. The inner loop is a search for the local
optima in the vicinity of the starting point. The direction
of move is selected randomly with a pre-selected step
length. If the move decreases the Hausdorff distance then
the step length is doubled and the move is pursued in the
same direction. If the move increases the Hausdorff
distance then the step length of the move in this direction
is halved. Then, the next longest step is tried in its
direction. This reduction of step size increases the
accuracy of the minimum when the search is close to a
local minimum. The process iterates until no further
decrease of the Hausdorff distance is possible. The outer



loop is designed to force the inner loop to explore the
search space uniformly by choosing the starting points of
the inner loops independently and as far as possible to the
points, which are already evaluated. This outer loop
maintains the diversity of the search to avoid local
minimum.

The hill climbing optimization has four input parameters,
which are the objective function, the starting points,
range and the step of the search. We use the adaptive hill
climbing optimization for our application for the
multisensor image registration, where the input
parameters of the hill climbing are determined using the
data computed from the images to be matched. The
raison for using this process is that in the multi-sensor
image registration the cameras are mounted in the same
platform. The cameras are not aligned on the same
optical axis, the resolutions and magnifications of the
cameras could be different. However, the two images
should not be much different. A direct superimposition of
the two images can be already a rough march as a good
starting point, because from that point the global affine
transformation parameters for translation, rotation and
scale changes should be small. In the case where the
translation between two images is large, a Hausdorff
distance matching for translation-only can bring quickly
the images to the initial alignment. The hill climbing
results in a local minimum in the vicinity of the starting
point. If the final correct solution is close to the starting
point, then it would be easily achieved by the hill
climbing. As a consequence, we do not need the outer
loop in the dynamic hill climbing to generate new
starting points.

We use the partial Hausdorff distance as the objective
function, because the two feature maps contain a large
amount of outliers. The fractional quartile q with 0<q≤1
for computing the partial Hausdorff distance should be
input as an additional parameter for the hill climbing
process. The search ranges and steps for the
transformation parameters are also determined adaptively
from the images to be matched.

The search space for the hill climbing is spanned by the
transformation parameter basis. The basis of the search
space is in general an orthogonal set or is, at least,
nondegenerated15, 16. The rigid body rotation is
orthogonal. The rotation and translation are correlated, in
the sense that a rotation around an arbitrary point can be
decomposed into a rotation around the origin plus a
translation. The affine transformation is not orthogonal,
but is nondegenerated. Hence, we can perform the hill
climbing optimization directly in the affine
transformation parameter space by moving the point, i.e.
transform the model, independently and sequentially in
each transformation parameter axes for translation in x
and y, rotation and scale changes in x and y.

3.5 Iterative closest point algorithm

The iterative closest point algorithm is another approach
for matching sets of points or free-form curves and
surfaces. The approach requires no feature extraction, no
point correspondence and computes no curve or surface
derivatives. The algorithm is a general-purpose algorithm
and is independent of data representation. Like the
adaptive hill climbing, the algorithm does not ensure
convergence to the global minimum. However, in the
application of image registration and motion estimation
the transformation between two images is in general
small, so that the algorithm can converge to the global
minimum, which is near by the initial solution. If a large
translation occurs, we can first establish a rough
alignment of images by using the fast Hausdorff distance
matching for only translation, or by the adaptive hill
climbing Hausdorff distance matching, described in
subsection 3.3 and 3.4.

The iterative closest point algorithm8 utilizes a large
redundancy that allows a precise computation of the
transformation between the two images. However, the
iterative closest point algorithm is susceptible to gross
outliers. The registration is definitely not useful, if there
are significant numbers of data points that do not
correspond to any point in the model shape.

We apply the iterative closest point algorithm to
registration of visible and far-infrared images with two
original modifications. First, we introduce fractional
quantiles to exclude a percentage of outlier points in the
computation of the mean-square distances. This provides
the robustness to outliers. Second, we uses the list-
processing approach describe in subsection 3.2 to
compute the Voronoi diagrams and the Euclidean
distance transform. After extraction of salient edges, the
registration proceeds as follows:

1. Establish a rough alignment of images. In our
case the superimposition of images of two
cameras can give this initial registration;

2. Compute the Voronoi diagram and the distance
transform of one image. Another image is then
the model. The total number of feature pixels in
the model is usually smaller than that in the
image;

3. Input a quantile value 0<q≤1, according to an
estimation of the percentage of outliers between
two feature maps;

4. For every point in the model we read from the

distance transform ( )Bad , their closest points

kb in the image B . Notice that several points

ka in the model can share the same closest

point in the image. Those points kb can be at

the same location. Then, we rank all the
distances and choose the q-th quantile shortest



distances, Aak ∈ with nqk ,,2,1 L= ,

where n is the total number of feature pixels in

A, to compute the affine transform ( )tR, by
minimizing the mean-square distance objective
function:

( )
2

1

1
, ∑

=
−+=

n

kn
E kk btRatR

(1)

Here we consider the closest points as the
corresponding point pairs. Because the number
of pairs nq is much larger than 3, the solution of
the well-over-determined Eq.(1) is obtained by
an least-square optimization approach.

5. Apply the transformation to whole set of points
in the model A;

6. Go to step 3 with an increased quantile value q;
7. Continue the iterations until the gain for

reducing object function in Eq.(1) in the
iteration is small than a threshold value.

The convergence of the iterations has been proved17, 18.
The basic idea to understand the convergence is that first,
the least-square evaluation of transformation R and t and
step 5 reduce the mean square distance between nq
closest point pairs in the two images. Then, in the next
iteration, step 4 looks for the new closest points in image
B for every point in the transformed model A. In this step
the mean square distance among the nq closest point
pairs are further decreased. At each step E decreases.
Because E is positive, the convergence is guaranteed.

The iterative closest point algorithm has been used until
now for image matching with rigid transformation
(rotation and translation) only.17, 18, 19. Besl and McKay
proposed that shears and separate axis scaling could be
also easily accommodated by allowing a general affine
transformation in the least-square process17. Our
experiments demonstrated the feasibility of the iterative
closest point algorithm for affine transformation.

4. EXPERIMENTAL RESULTS

The images to be registered in our research project are
two broad band visible and far-infrared video sequences,
as shown Fig.2. When soldiers are hidden behind the
smoke in the visible image but they appear as high
contrast hot objects in the IR images. Fig.3 shows the
contour curves we extract for registration. We select the
features of visible image as matching model because
there are fewer feature points in it. It will be efficient for
performing the affine transformation on the model in
each iterative step. We superimpose the model to the
Euclidean distance map (EDM) of image shown as Fig.4,
where we highlight the model as white pixels and the

image shown as black pixels, because the values of
feature points in image is zero in EDM. We also show
the matching of the IR image contours and that of the
model which is affine transformed with the
transformation parameters computed with the adaptive
hill climbing and the iterative closest point algorithm in
Fig.5 and Fig.6 respectively. In the matching procedure
of the iterative closest point algorithm, we input the
initial quantile value as 0.75 and increase it for 0.1 until it
reaches 0.95. The result of original image is shown as
Fig.7.

We use more then 500 points to estimate the six
parameters of affine transformation. This large
redundancy allows for a precise computation of the
transformation between the two maps, but this approach
requires some a priori knowledge of the transformation,
such as the global affine transform in our cases.

5. CONCLUSION

We have analyzed the problems in the visible and far-
infrared battlefield image registration. We adopted the
contour-based approach, which permits to incorporate the
powerful computer vision approaches for edge detection,
edge saliency and curve matching. We have implemented
multi-scale hierarchical edges detection and edge
focusing and salience measure for extracting horizon
lines.

To deal with the feature inconsistency problems we used
the transformation space searching methods with the
partial Hausdorff distance merit, and demonstrated free-
form curve matching using 1) Image quadtree partition
technique to the local Hausdorff distance matching, that
dramatically reduces the size of the search space into that
of the search for translations which minimize the
Hausdorff distance between corresponding sub images,
2) Adaptive partial Hausdorff distance hill climbing,
which is much faster than the search in the entire affine
transformation space. 3) The iterative closest point
algorithm using an efficient segment-list Voronoi
transform and distance transform and again the mean
square partial distance merit. All the three algorithms
match the maps of curve features without looking for
correspondence and show a large tolerance to outlier
features. The condition for application of those three
approaches is that the transformation should be known a
priori and the initial match should be established as a
start point for the optimization. Those conditions are
fulfilled in our application.

The key issue for the successful image registration is still
the extraction of salient features from the real world
images using local, regional and global information and
appropriate salience measures, and an efficient curve
matching against outliers.



AKNOWLEDGEMENT

Supported to this project from the Natural Sciences and
Engineering research Council of Canada (NSERC), the
Department of National Defense of Canada (DND) and
Lockheed-Martin Canada is acknowledged.

REFERENCES

1. D. McReynolds, P. Marchand, Y. Sheng, L.
Gagnon, L. Sévigny, "Stabilization of infrared image
sequence with differential invariants and M-
estimators", In Proceedings of SPIE Acquisition,
Tracking, and Pointing XIII, Vol. 3692 , (1999).

2. J. Li and Y. Sheng. "Superresolution reconstruction
of IR image sequences in wavelet space" submitted
to International Society of information fusion,
Conference Fusion2000, Paris, July (1999)

3. 3rd INternational Conference on Information Fusion,
Paris, July (2000).

4. C. Rothwell, J. Mundy, B. Hoffman and V. Nguyen .
Driving vision by topology, Report No. 2444, INRIA,
France (1994)

5. S. Ullman and A. Sha'ashua, "Structural saliency: the
detection of Globally salient structures using a
locally connected network", A.I. Memo No. 1061
MIT (1988).

6. F. Bergholm, "Edge focusing", IEEE Trans. PAMI-9,
No.6, 726-741, 1987.

7. Z. Zhang, R. Deriche, O. Faugeras, L. Quang-Tuan,
"A robust technique for matching two uncalibrated
images through the recovery of the unknown
epipolar geometry", Artificial Intelligence, Vol.78,
No.1-2, 87-119, (1995).

8. W. Guan and S. Ma. "A list processing approach to
compute Voronoi diagrams and the Euclidean
distance transform", IEEE Trans. Pattern Analysis
and Machine Intelligence, Vol. 21, No. 7, (1998).

9. D.P. Huttenlocher, G. A. Klanderman and W.J.
Rucklidge. "Comparing images using the Hausdorff
distance", In IEEE Trans. PAMI, Vol. 15, No. 9,
1993

10. W. J. Rucklidge. "Efficient Visual Recognition
Using the Hausdorff Distance". Springer-Verlag,
(1996).

11. L. P. Chew, M.T. Goodrich, D.P. Huttenlocher, K.
Kedem, J.M. Kleinberg and D. Kravets. Geometric
"Pattern matching under Euclidean motion". In
Proceeding of Fifth Canadian Conference on
Computational Geometry, pages 151-156, (1993).

12. D. P. Huttenlocher and W.J. Rucklidge. "A
multiresolution technique for comparing images
using the Hausdorff distance". In Proceeding of the
IEEE Conference in Computer Vision and Pattern
Recogntion, 705-706, (1993).

13. C.F. Olson and D.P. Huttenlocher. "Automatic target
recognition by matching oriented edge pixels". IEEE
Trans. on Image Processing, 6(1):103-113, (1997).

14. Y. Sheng, X. Yang, D. McReynolds, L. Gagnon, L.
Sévigny, "Visible/IR Battlefield Image Registration
using Local Hausdorff Distances", International
Society of information fusion, Conference Fusion99,
San Jose, July (1999)

15. A. Escobar and D. Laurendeau. "3D Tracking using
the Hausdorff Distance". In Proceeding Tenth
IMDSP Workshop, Alpbach, Austria, 12-16 July,
77-84, (1998).

16. D. Yuret and M. de la Maza. "Dynamic Hill
Climbing Overcoming the Limitation of
Optimization Techniques". In Proceeding Second
Turkish Symposium on Artificial Intelligence and
Artificial Neural Networks, 254-260, (1993).

17. M. de la Maza and D. Yuret. "Dynamic hill
climbing". AI Expert, vol. 9, no. 3 26-31, 1994

18. P.J. Besl and N.D. McKay. A method for registration
of 3D shapes, IEEE Trans. PAMI 14(2) 239-256,
(1992)

19. Z. Zhang, “ Iterative point Matching for registration
of free-form curves and surfaces.” International
Journal of Computer Vision, Vol. 13, no. 2, 119-152,
(1994)

20. J. Feldmar. "Extension of the ICP algorithm to
nonrigid intensity-based registration of 3D
volumes". Computer Vision and Image
Understanding. Vol. 66, no. 2, 193-206, 1997



Figure 2 IR and visible battle field images

Figure 3 Edge features of IR and visible images extracted for registration



Figure 4 Superimposition of model to distance
map of image, before matching.

Figure 5 Superimposition of model and
image, after affine transform matching with
adaptive hill climbing

Figure 6 Superimposition of model to distance
map of image, after matching with ICP.

Figure 7. Aligned and fused IR and visible
images


