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Summary

In this paper, we address the problem of registering two images obtained
using different sensors, fields of view and/or lighting conditions, where con-
ventional approaches relying on feature correspondence or area correlation
are likely to fail. The approach presented in this paper eliminates the need
for feature matching, and is robust to variations in sensor characteristics,
imaging conditions, and fields of view. It is similar in spirit to methods
based on the Generalized Hough Transform (GHT), but it eliminates many
of the problems (such as lack of robustness and high computational cost)
associated with GHT-style methods.

We make two basic assumptions: (1) the characteristics of the scene give
rise to detectable features such as points and lines in both images, and at
least a part of these features are common to both images and (2) the two
images can be at least approximately aligned by global 2-D transformation.
For a given problem, we select an appropriate transformation (Euclidean,
similarity or affine) based on sensor geometry and other criteria. We first
decompose this transformation into a sequence of elementary stages. At
each stage, we select an appropriate image feature class, and estimate the
value of one transformation parameter by a feature consensus mechanism in
which each feature pair is allowed to select the value of the parameter that is
consistent with it. The value of the parameter that is maximally consistent
with respect to all the feature pairs is considered to be its best estimate. We
introduce the concept of parameter observability to formalize this process.
A very useful notion, parameter separability, makes it possible in most cases
to completely eliminate the need for feature pairings, and instead work with
aggregate properties of features determined from each image separately.

The global registration achieved by feature consensus should be sufficient
for many applications such as those employing registration for performing
focus of attention. If a more accurate global registration is needed, as in
medical applications, the feature consensus result may be used as an initial
condition for more elaborate schemes that use feature correspondence (e.g
[10]) or multi-dimensional search (e.g. [14]), which require a good initial
guesses for the transformation parameters. Methods like deformable template
matching could also be invoked for local refinement of the registration.
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Abstract

This paper presents an approach for registering images obtained
using different sensors, viewpoints or lighting conditions. This ap-
proach does not require feature correspondence or area correlation.
The geometric transformation between the images is reparametrized
into a sequence of elementary stages. At each stage, a single transfor-
mation parameter is estimated using a feature consensus mechanism
wherein the value of the parameter that is maximally consistent with
all possible feature pairings is determined. The concepts of parame-
ter observability and separability are introduced to guide the choice
of features, attributes and transformation parameters. Experimental
results on real data are provided.
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1 Introduction

There are many image understanding applications where it is beneficial to
integrate data from different types of sensors. In general, different sensors
respond to scene characteristics in different, and often complementary ways.
Integration or fusion of this multisensor information is possible only if the
image data are registered, or “positioned” with respect to a common coordi-
nate system [1, 9]. Most traditional methods for image registration based on
area correlation or feature matching can handle only minor geometric and
photometric variations. In a multisensor context, however, the images to be

registered may be of widely different types, obtained by disparate sensors



with different resolutions, noise levels and 1maging geometries. The common

7 information, which is the basis of automatic image registra-

or “mutual
tion, may manifest itself in a very different way in each image [14]. This is
because different sensors record different physical phenomena in the scene.
For instance, an infra-red sensor responds to the temperature distribution of
the scene, whereas a radar responds to material properties such as dielectric
constant, electrical conductivity and surface roughness.

Since the underlying scene giving rise to the shared information is the
same in all images of the scene, certain qualitative statements can be made
about the manner in which information is preserved across multisensor data.
Although the pixels corresponding to the same scene region may have dif-
ferent values depending on the sensor, pizel similarity and pivel dissimilarity
are usually preserved. A region that appears homogeneous to one sensor
is likely to appear homogeneous to another, local textural variations apart.
Regions that can be clearly distinguished from one another in one image are
likely to be distinguishable from one another in other images, irrespective of
the sensor used. Although this is not true in all cases, it is generally valid
for most types of sensors and scenes. Man-made objects such as buildings
and roads in aerial imagery and implants, prostheses, metallic probes etc.
in medical imagery also give rise to features that are likely to be preserved
in multisensor images. Feature-based methods that exploit the information
contained in region boundaries and in man-made structures are therefore
useful for multisensor registration [4, 5, 10, 11].

Feature-based methods traditionally rely on establishing feature corre-

spondence between the two images. Such correspondence-based methods



first employ feature matching techniques to determine corresponding feature
pairs from the two images, and then compute the geometric transformation
relating them, typically using a least-squares approach. Their primary ad-
vantage is that the transformation parameters can be computed in a single
step, and are accurate if the feature matching is reliable. Their drawback
is that they require feature matching, which is difficult to accomplish in a
multisensor context, and is computationally expensive due to the well-known
correspondence problem: Given N features in each image, the number of pos-
sible one-to-one feature mappings is N!, out of which only one is correct.
Some heuristics can be employed to reduce the number of potential corre-
spondences, but this problem still remains intractable, unless the two images
are already approximately registered, or the number of features is small.
Some correspondence-less registration methods based on moments of im-
age features have been proposed (e.g [17]), but these techniques, although
mathematically elegant, work only if the two images contain exactly the same
set of features. This requirement is rarely met in real images. Another class
of methods based on the generalized Hough transform (GHT) [3, 8] have been
proposed [6, 12]. These methods map the feature space into the parameter
space, by allowing each feature pair to vote for a subspace of the parameter
space. Clusters of votes in the parameter space are then used to estimate
parameter values. These methods, although far more robust and practical
than moment-based methods, have some limitations. Methods based on the
GHT tend to produce a large number of false positives [15]. They also tend
to be computationally expensive, since the dimensionality of the problem is

equal to the number of transformation parameters.



In this paper, we propose a practical approach to multisensor registra-
tion that eliminates the need for feature matching, and is capable of dealing
with large photometric and geometric variations, occlusions and differences in
fields of view. It is similar in spirit to the GHT-style methods, but employs a
different search strategy to eliminate the problems associated with them. We
first decompose the original transformation' into a sequence of elementary
stages. At each stage, we estimate the value of one transformation parameter
by a feature consensus mechanism in which each feature pair is allowed to
select the value of the parameter that is consistent with it. The value of the
parameter that is maximally consistent with respect to all the feature pairs
is considered to be its best estimate. We introduce the concept of parameter
observability to formalize this process. A very useful notion, parameter sep-
arability, makes it possible in most cases to completely eliminate the need
for feature pairings, and instead work with aggregate properties of features
determined from each image separately.

The global registration achieved by feature consensus should be sufficient
for many applications such as those employing registration for performing
focus of attention. If a more accurate global registration is needed, as in
medical applications, the feature consensus result may be used as an initial
condition for more elaborate schemes that use feature correspondence (e.g
[10]) or multi-dimensional search (e.g. [14]), which require a good initial

guesses for the transformation parameters. Methods like deformable template

'We assume that the images do not contain large 3-D effects, and can therefore be
registered by a global 2-D transformation. If 3-D effects are present, the registration
obtained using the proposed method can be used as an initial condition for more elaborate

3-D positioning schemes.



matching could also be invoked for local refinement of the registration.

The rest of this paper is organized as follows. Section 2 defines the prob-
lem and introduces the notation used in the paper. The feature consensus
scheme for multisensor registration is described in Section 3, and its appli-
cation to different transformation models in Section 4. Practical issues are

discussed in Section 5. Experimental results are presented in Section 6.

2 Statement of the problem

Registration of two images is defined to be the determination of the transfor-
mation that maps one image to the other. We assume that the scene being
imaged is approximately planar, and that there are two sensors, S and S,
which transform the visual information in their fields of view into 2-D images
I and 1. (We shall use the notation z or # to denote that the quantity =
belongs to I or T, respectively. )

Since we are interested in exploiting the information present in geomet-
ric image features, we shall assume that this visual information consists of
features on a 3-D plane, and hence that T and T are sets of features in the
image plane. These features can be of various types, such as points, lines,
edges, curves, regions, etc. Features of the kth type constitute a feature class
£f(*). The images are assumed to be composed of subsets F*) of geometric

features
F® = {fi(k)}

where f-(k) denotes the ith feature of the kth class. Every feature has a

k3

geometric attributes associated with it. Typical attributes are position, slope,



curvature, length, area, etc. Attributes of the /th type associated with the
feature class f%) constitute an attribute class, denoted by a®). We define

the set of attributes associated with an image
A= U Uty

where
D — (). {az(_k,o}

is the set of attributes of the lth type associated with the set of features of
class f(!). The superscripts k& and [ will henceforth be dropped for conve-
nience.

The geometric transformation mapping I to I can be written as

~>

=TI

where T is the image obtained by mapping the points in I to the coordinate

system of [ and T is a 2-D to 2-D transformation of the form
T:R* — R?

A number of choices are available for the 2-D transformation between two
images, as discussed in [16, 18]. In practice, the form of T' is chosen based on
experience and knowledge of sensor geometries. A general transformation of

a 2-D point set T into the coordinate system of another, I, can be written as

j = T(al,ag,...,an)]7
where aq,ay,...,a, are the n parameters of the transformation. The image
registration problem is the determination of the parameters ay,ay,...,a,



given the input images I and f, or alternatively, as the transformation of the
image [ to the image }N

In order to study the relationship between feature attributes and trans-
formation parameters, consider the feature pair (f, f) of class f, where f is
from I and f from I. Let a and & be corresponding attributes, of class a.

Let us denote the relationship between them as

a = g(al ,ag,...,an) (Oé)

where ¢(a; 05,....a,,)(+) is some (known) function which depends on the form
and the parameters of the transformation T'. If there exists such a function
go(.) parameterized by a single transformation parameter , we consider 6 to
be observable with respect to the feature class f and the attribute class a.

Mathematically, this can be written as

Jg4(.) > & = go() (1)

The class f is called the observing feature class, and a is called the observing

attribute class. Equation (1) is called the observability equation for 6.

3 Feature consensus

The feature consensus approach simplifies the parameter estimation problem
by decomposing the original problem into a set of simpler problems each
involving a single unknown parameter to be determined. The basic voting
unit is a feature pair (f, f), where f is from I and f from I, and each voting

unit casts a single vote for a single unknown parameter.



If § is the parameter being estimated, the features f that vote should

possess attributes a that are related by
a = gg(a)

where gg(.) is a bijective function that depends only on the parameter being
determined. In other words, # should be observable with respect to some
feature and attribute classes. We assume that the function is of a form that

permits the parameter to be written as
0 = ho(a, @)
The consensus function Cy is defined as
Co(0) = D 6(0 — ho(as,65)), 05 €T, € r
ij
where 6(.) is the discrete impulse function. The consensus function Cy is

defined over the range of the parameter . Feature consensus is simply the

process of determining the value of § that maximizes the consensus function:
0 mar = arg max Co(0) (2)

For convenience, we will henceforth drop the subscript in Cy. In order to
estimate the transformation parameters a; by feature consensus, we need to
reparametrize the transformation into a set of stages in such a way that at
each stage there is a single unknown parameter, and that this parameter is
observable. In mathematical terms, we decompose the original transforma-

tion T into a sequence of transformations

A1,024..0y0n



where by, by, ..., b, are functions of the original transformation parameters
ai, ds, ..., a,. In the simplest case, the b parameters are identical to the a
parameters. At each stage 7, there should be some feature attribute which is

transformed in a manner that is dependent only on b;:

3g5:(-) 3 & = gu.(a) (4)

The parameters by, by, ..., b, are determined sequentially by feature con-
sensus, and at each stage ¢ the transformation T;(b;) is applied to the first
image I, leaving us then with the task of estimating the remaining parameters
bis1,-..,b, between the transformed first image and the second. This process
is repeated until all the b parameters have been determined. It is straight-
forward to estimate the original a parameters of the transformation 7. In
most cases, this may not be necessary, since the first image can be aligned
with the second simply by applying the last stage of the reparametrized
transformation.

It may be possible to estimate the new transformation parameters b; in
parallel, rather than in sequence as the decomposition in (3) implies. How-
ever, the sequential approach is more intuitive, and it enables us to pro-
gressively reduce the number of candidate feature pairings, as explained in

Sec. 5.2.

3.1 Separability

If the observability equation for a parameter is of the form

a=aoa+8

10



where a and & are feature attributes from class a for a potential match, then
f, the parameter under scrutiny, is said to be separable with respect to a. In

such a case, using § = & — «, the consensus function is

= 26(9 — (&J — ozz-)),ozz- = F,dj = f
and the value of § that receives the maximum number of votes is given by
(2).

Theorem 1 The consensus function C(0) is equal to the cross-correlation
of the distributions of the atlributes of the class o obtained separately from

the two images.

Proof:
Let C(t) = ¥; 6(t— ;) and é(t) = 3_; 6(t—a; ) be the attribute distributions
from the two images. Their cross-correlation D = C' ® C' is given by
D(9) = Z C(k)C(k +0)
= ZZ(S — ;)Y 6(k+0—a;)
J
= 2225 = ai)b(k = (& - 0))
= ZZ‘S (@i = (a; =)
t g
= 2.2 80— (& — i)
i
= (C(9)

using the fact that Y, 6(k — a)é(k — b) = 6(a — b). The value of this result
is that by suitably choosing the bin size for the distributions of @ and &, the

computational complexity of determining 6,,,,. can be drastically reduced.

11



Further, it is simple to extend the separability principle to accommodate

observability equations of the form

where h(.) is an invertible function.

Although the approach proposed in this paper is oriented towards at-
tributes of discrete features, the concept of separability enables us to extend
it to differential feature attributes (point slope, curvature, etc). This is use-
ful for registering images of scenes that contain few discrete features (natural
scenery, for instance). Due to lack of space details of this generalization of
the feature consensus method are not presented here. The interested reader

is referred to [T7].

4 Examples

In this section, we illustrate the application of the feature consensus method
for some common transformations. In a real application, the choice of trans-
formation would be determined by factors such as accuracy required, prior
knowledge of the scene, sensor geometries, etc. Given a transformation T,
we need to find a decomposition of the form (3), and select features and
attributes satisfying the observability constraint (4). We assume that lines

and points have been extracted from the two images.

4.1 Similarity transformation

This transformation is characterized by four parameters (rotation 3, trans-

lation ¢, t, and scale s). Under this transformation, the point p = (z,y)

12



maps to the point p = (Z,7) according to

f) = SRgp + t. (5)
Where
Cos —sin
poe [ 5B 3
sinf3  cosf3
and
ty
t =
Ly

This transformation can be expressed as a sequence of four stages:
Tp = TtythTsTﬁp

where

Tsp = HRgp (6)

Tsp = Sp (7)
iy

T.p = p+ (8)
0
0

Ti,p = p+ (9)
ty

In this case, the parameters of the new transformation (£, s,1,,t,) are iden-
tical to the parameters of the original transformation. The first parameter
to be determined is 3, the angle of rotation. This parameter is observable
from the slopes of line features in the images. If I and [ are corresponding

line features with slope angles ¢ and ¢ respectively, we have

$=¢+p

13



Thus  can be determined by consensus of line features, and I can be trans-
formed according to (6). The scale s can be determined by consensus of
pairs of point features, with the distance d between the two points being the

observing attribute:

d=sd

The translational shifts t = (¢,,1,) are observed using point feature location

as the observing attribute class:
pP=p+t
All four parameters are separable if the features and attributes are chosen as
indicated.
4.2 Semi-affine transformation

Let us now consider a more complex model with five parameters (rotation 3,

translation ¢,, ¢, and scales s,, s,). The transformation can be written as

Sz

Rgp +t (10)

Lokl
Il

0 sy

In this case, the rotation 3 and scales s, s, cannot be observed independently
of each other from the slopes and lengths of the segments, as in the previous
case. The solution to this problem is to reparametrize the transformation
with respect to a new set of parameters that are observable with respect to
other feature/attribute classes. One such set of parameters is (53, t,, t,, A,

p), where A is the scale factor, given by

A= /5,5,

14



and p is the square root of the scale ratio, given by

Sy

Sr

p =
The decomposition can be written as:
Tp =TT, TAT, Tsp

where

1/p 0
Tp = P
0 p
Tap = Ap
and Tg, Ty, and Ty, are the same as before. The rotation 3 is observable (but
not separable) using pairs of lines as the observing feature class, and the

ratio of line slopes as the observing attribute class. Consider a unit vector v

at an angle ¢, given by

cos ¢
sin ¢

Under the transformations 73 and T, it becomes

v = T,Tgv
1 0 cos
_ /p R, ¢
0 »p sin ¢

(1/p) cos(¢ + B)
psin(¢ + )

Let 2 = tan ¢ be the slope of v. By dividing the y-component of v by its
r-component, we get

tan @ = p? tan(é + ) (11)

15



In order to observe 3, we need to eliminate the p term from the above equa-
tion. This can be achieved by taking the ratio of two line slopes. Let lines
with slope angles ¢ and @ be transformed into lines with slope angles <Z> and

¢ as a result of transformations Tz and T,. Then,

tan & _ tan(¢ + 3)
tan@/; tan(d) + ﬂ)

Given any pair of line pairs, one from each image, the only unknown in (12)

(12)

is the rotation angle 3. After some simple manipulations, we obtain the

following expression for 3
B =(1/2)sin™" (ksin(¢ — 1)) — ¢/2 — /2

where . .
L— tan ¢ + tan vy
B tano} — tan L/N)
After observing 3, image I can be rotated accordingly, and then (11) reduces

to
tan ¢ = p? tan ¢ (13)
Using (13), we can thus observe p, which turns out to be a separable param-
eter.
The remaining transformation between the two images consists of a scal-
ing and a translation, which can be determined as in the case of the similarity

transformation.

4.3 Affine transformation

We are now ready to look at the affine transformation model, given by

~ a b
p= p+t
c d

16



Using the QR transformation from linear algebra, this can be written in
terms of six parameters (rotation [, translation ., t,, scale ratio p, scale A

and skew a).

. 1/p 0
p=A Rgp +t (14)

o p
Proceeding as in the previous case, it can be shown that the rotation angle
is observable using triplets of lines as features. If a feature pair consists of

lines at slope angles (¢,,\) and ((/Z,'g/;,:\), we can show that the rotation

angle that is consistent with the feature pair is given by

—cos A + kcos
sin A — ksin

B =tan™" (

where

_ (tan ¢ — tan ;/;) sin(¢ — A)

~ (tan ¢ — tan \) sin(¢ — ¢)

Once rotation is compensated for, the scale ratio is separably observable

using line pairs as features, according to

tan (Z — tan 1& = p*(tan ¢ — tan 1))

After compensating for the scale ratio, the skew is separably observable from
line slopes, according to

tan ¢ = tan ¢ + «

The scale and translation are determined as in the previous cases.

5 Practical issues

In this section, we discuss issues relating to the practicality of the proposed

approach.
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5.1 Computational complexity and SNR

In the non-separable case with NV features in each image, the complexity is
O(N?). In the separable case, if b bins are used for each attribute distribution,
the complexity is O(b*) or O(N), whichever is higher. (Usually, b << N).
In the general case, for each parameter there are a total of N? entries in the
consensus function, of which only N can possibly be correct. Although this
is an improvement over the N! complexity associated with correspondence-
based methods, the “signal” component of the consensus function is small
compared to the “noise” component. However, the signal does not get lost
in the noise, because the N2 — N incorrect votes will typically be dispersed
over a wide range of values, whereas the N correct votes will be clustered
around the true parameter value at the mode of the distribution of votes.
A more formal discussion of voting schemes can be found in [15]. As a
simple example, if we are estimating rotation by comparing the slope angles
of line features, the incorrect votes will be distributed evenly in the range

—7/2: 7 /2, whereas the correct matches will vote for the true rotation angle

3.

5.2 Progressive feature filtering

Even though feature consensus has a lower complexity than correspondence-
based methods, it is desirable to reduce the number of incorrect votes, since it
would improve both the efficiency as well as the robustness of the approach.
One way is to employ a simple matching scheme to restrict each feature to
have a maximum of m << N possible matches, thereby reducing the total

number of votes to Nm. Initially, this is possible only if the feature class

18



under consideration has an attribute that is invariant with respect to the
transformation. However, when one or more transformation parameters have
been determined, they can be used to progressively filter out unlikely feature
pairings. For instance, in a similarity transformation, once rotation has been
estimated and compensated for, only segments at similar orientations are
considered as potential matches for estimating scale, and only the corner
points having approximately the same bisector orientations are considered
for translation estimation. This “feature filtering” technique greatly improves
the performance of the system. For a detailed discussion of the robustness

of feature-matching techniques, see [2].

5.3 TIterative overlap analysis

In cases where the images to be registered have only a small overlap, the
initial parameter estimates may be corrupted by the features from the non-
overlapping parts of the images. In such a situation, the initial estimates are
used to determine the initial overlap, and features in this overlapping region
are then used to refine the parameter estimates. This process is iterated

(typically, once or twice) until stable estimates are obtained.

5.4 Parameter visibility

Parameter observability is the necessary mathematical condition for deter-
mining the transformation using feature consensus. However, it is not a
sufficient condition, because it is possible for a parameter to be observable
according to the transformation model, but not be wvisible from the consen-

sus function for a given data set. In the separable case, this happens when

19



the individual attribute distributions (and hence the consensus function) are
essentially flat. For instance, if we have two images consisting of circles, the
rotation angle will not be visible from slope distributions. In our experience,
such cases do not occur very often. A more common problem is the presence
of multiple peaks in the consensus function, due to the peculiarities of the
data or ambiguities inherent in the features. For instance, when line slope
angles are used as attributes for estimating rotation, we get false peaks 180
degrees away from the true rotation angle, since it is impossible to distinguish
a line with a slope angle of 3 from lines with slope angles 3 4+ 180. Further,
if the images contain rectangular objects (such as buildings), there may be
additional spurious peaks 90 degrees away from the true peak.

Ideally, the consensus function should have a single sharp peak. As men-
tioned earlier, there are mainly two ways in which the function may deviate
from this ideal: there may be too many peaks of nearly the same strength
(lack of peak distinctness), and/or the function may be too flat (lack of pa-
rameter visibility). We therefore use two criteria to quantify the deviation of
the consensus function from the ideal. The first criterion, termed the peak
distinctness ),q, is the ratio of the strength h, of the nth most significant

peak to the strength hy of the most significant peak :

de - hn/hl

Typically, we use n = 2. If the nth peak does not exist, (),4 = 0, which is the
ideal case. The second criterion, termed parameter visibility ()., is related
to the entropy of the consensus function viewed as a probability function.

First, the consensus function C'(f) is normalized to obtain a corresponding

20



probability function P(6):
PO) = ——~
The entropy is then determined using the standard formulas
E =Y —P(6)InP(6)
[

The parameter visibility is then defined as

E
InN |’

va = exp (_ -

where N is the total number of bins used for computing the consensus func-
tion.

The parameter visibility measure favors peaked distribution over flat ones,
but does not distinguish between unimodal and multimodal distributions.
The peak distinctness measure favors distributions that have a single domi-
nant peak. Together, they give an idea of how accurate the registration will
be. If a large false peak leads to an incorrect initial choice for the parameter,
it will manifest itself later in the poor shapes of other consensus functions,
and therefore higher values of ,4 and (),,. A conservative policy would be
to use a tree descent strategy to scan all possible paths to determine the one
that has the lowest values of ),q and @),, for all parameters, and is there-
fore likely to be the most accurate. Our approach is to scan one parameter
ahead—i.e. to try all the promising peaks for the #;;, parameter, and choose
the one that gives the best @, and @, for the (¢ + 1)y parameter. An

example of this is given in Appendix A.
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(a) radar (b) visual

Figure 1: Multisensor (radar and visual) images of the Kirtland AFB, with

superimposed features. Locations of feature points are indicated by circles.
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Figure 2: Consensus functions for the multisensor images in Fig. 1. The z—

and y— components are drawn with solid and dashed curves.
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Figure 3: Final registration result for the images in Fig. 1, shown by over-

laying the visual contours on the transformed radar image.
6 Implementation and experimental results

We are in the process of implementing and testing the method for the affine
model in 4.3. Currently, we have results using a simplified version the method
in Sec. 4.2 for semi-affine transformations. Rather than computing the rota-
tion angle using ratios of line slopes, as in (11), it is directly observed from
line slope angles, as in the case of the similarity transformation. This sim-
plification gives acceptable results if the scale ratio is not too large or too
small.

Contours are extracted from the images using the Canny operator, with
the thresholds set using the method proposed in [13]. Lines are obtained
by a polygonal approximation of contours. Feature points are extracted

from contours using curvature as the criterion. Rotation is determined by
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consensus of polygonal segments, with slope angle as attribute. Each pair
(s,8) of segments, s from [ and § from I, produces one vote for the angle of
rotation. The vote is weighted by the product of the lengths of the segments.
For scale estimation, the observing feature class consists of pairs of feature
points from the same image. The horizontal and vertical distances between
them, denoted by Az and Ay, are the observing attributes. The observation

equations for the scale factors are simply

Azx = s,Azx
Ay = s;Ay

Once the rotation and scale have been determined and compensated for, the
translation is directly observed from the positions of feature points in the
two images.

We illustrate the performance of the method on two real data sets, one
containing a radar-visual image pair of the Kirtland AFB area (Fig. 1), and
the other containing an visual image pair the Model Board data set with
viewpoint and photometric differences (Fig. 4). The consensus functions for
the radar-visual data are shown in Fig. 2. There is a sharp peak in the
consensus function at the true rotation angle of +100°. The s, and s, scale
factors are approximately 2.1 and 1.6. The peaks in the consensus functions
for t,, and {, are unambiguous. The final result after applying all the stages
of transformation is shown in Fig. 3. Registration results for the visual image

pair are shown in Fig. 6.
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Figure 4: Two aerial images (from the Model Board set) to be registered.
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Figure 5: Consensus functions for the Model Board set.
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(a) Initial alignment (b) Final alignment

Figure 6: Initial and final alignment for the Model Board images showing T

superimposed with original and transformed contours from 1.

26



7 Conclusion

We have proposed an approach to multisensor registration that does not rely
on feature correspondence as its primary mechanism. We argue that fea-
ture correspondence cannot be reliably determined in images obtained from
disparate sensors, and hence we have proposed a method that is based on
feature consensus. By considering all pairs of features as potential matches,
and by allowing them to select the transformation parameters, we elimi-
nate the need for correspondence. By decomposing the transformation into
a sequence of elementary stages and using the progressive feature filtering
technique, we avoid the complexity associated with GHT-style methods. We
have introduced the notion of parameter observability to analyze the rela-
tionship between features, attributes and transformation parameters. We
have presented results on real data to validate our approach. Further work is
needed on developing better feature detectors for multisensor imagery, and in
developing a comprehensive taxonomy of features and attributes for various

transformation models, especially for the projective transformation.

A Resolving ambiguities: An example

We illustrate the ambiguity resolution method proposed in Section 5.4 on the
Kirtland EO-SAR pair, shown in Fig. 1. The consensus functions shown in
Fig. 2 were obtained by selecting the true peaks for the rotation and scaling.
Here we demonstrate what happens if a false peak is chosen, and how we
can avoid the cascading errors that would normally result from this initial

error. In Fig.7, we show the consensus functions for the scale factors that
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result from selecting each of the four peaks in the consensus function for
rotation. The values of the distinctness and visibility criteria, introduced in
Section 5.4 are shown below the corresponding consensus functions. (There
are two values in each case corresponding to the z- and the y-components.)
In each case, the consensus functions and the criteria for the translation
are shown corresponding to the choice of the most prominent peak for the
scaling.

By visual examination of the consensus functions in Fig. 7, it is apparent
that an incorrect choice the rotation angle leads to poorer quality of the
consensus functions for the scaling and translation. This observation can be
verified by comparing the values of the (),; and @), criteria. Only the true
peak in the rotation (at 100 degrees) leads to single-peak consensus functions
for scaling and translation, thus scoring (0,0) on the Q,q criterion. In the
other three cases, corresponding to the false peaks at -170, -80 and +10
degrees, there are multiple peaks in the scaling and/or the translation. The
consensus function for translation obtained by a correct choice of rotation
(and therefore the correct choice of scale factors) has the best score on the
parameter visibility (@) criterion. Only the y-component of the true scaling

seems to score rather poorly on the @),, criteria.

B Refining the transformation

The alignment obtained by the feature consensus technique, although ap-
proximate in the general case of a general 3-D transformation, is sufficient for
many applications. However, if further accuracy is required, we can perform

a simple nearest-neighbor matching of lines or feature points, and recompute
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peak #4, —170 deg

ROTATION

peak #3, —80 deg.

peak #2, 10 deg.

peak #1, 100 deg.
(true peak)

i LING 5
Qpa| 0870 | 009 | 097,09 | 0,0
Qpv| 094,092 | 087,094 | 095091 | 089,093
i TRANSLATION
Qnpd 0,0 | 0099 0,0 § 0,0
Qpv| 092,091 | 092091 : (089,093 : 0.84,090

Figure 7: Effect of peak selection on the peak distinctness (Qpq) and pa-

rameter visibility (@) criteria. Incorrect peak selection leads in most cases

to consensus functions that have a worse (i.e. higher) score on one or both

criteria.
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the transformation parameters. Since this is a correspondence-based tech-
nique, we can use a more complex transformation model than was used for
the feature consensus approach. In our system, we use a projective transfor-
mation model for this stage, in which a point (z,y) is transformed to (X,Y)

according to

X T
S/ = CA Y
1 1

where ¢ is an arbitrary scalar, and

(11 Gg1 a31
A= a1 G223 032

aiz a1
For each point correspondence, we can write two equations:

= ane+ any+ azn — a3z X — aiyX

Y = aix 4 any + ass — a132Y — ayY

Thus, we get two equations for each point correspondence ((z,y),(X,Y)). A
minimum of four such correspondences are therefore needed to solve for the

eight transformation parameters:

1 U 1 0 0 0 —.’I,'le _lel
0 0 0 2 y3 1 —2Y, —ypY, |a=P (15)

where

T
a:<6111 a1 dz1 G12 dgz a3z d13 aza)
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and

P=(Xi Vi X, Vo)t

Similarly, given a pair of matching lines | = (a b ¢)” and L = (A B O)7,
with

(abc)(:vyl)T =0
ABC)XY DI =0

we can write the following two equations:

0 Ac —Ab 0 Be —=Bb 0 Ce Ch
—Ac 0 Aa —Be 0 Ba —Cec¢ 0 —Ca

Four line correspondences are therefore required to solve for the parameters
of the projective transformation.

In our implementation, we use a nearest-neighbor approach to obtain po-
tential point correspondences, and then estimate the transformation parame-
ters using (15). Almost invariably, there will be some false matches that will
lead to errors in the estimates. A number of methods are available to detect
and prune out such “outliers” [2]. We use the iterative refinement approach
developed in [18]. In this approach, transformation parameters are first esti-
mated using the available candidate point correspondences. The computed
transformation parameters are used to project points in the first image onto
the second. A match (pi,p;) is considered to be correct if the projection of
p1 does not lie too far from p,. Matches that fail to satisfy this constraint
are eliminated, and the transformation parameters are recomputed. This

estimate-and-prune step is repeated until all matches satisfy the constraint.
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