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Abstract

Image stabilization is the image registration applied to one
video image sequence from a single camera, which has
been identified as the key first step for the task of multi-
spectral image fusion for aerial surveillance applications.
The stabilization of infra-red (IR) aerial image sequences
is challenging owing to the low contrast and signal-to-
noise ratio of the images and to potentially large
viewpoint changes that result in images with large rotation
and scale change and perspective distortion. We
demonstrate a new feature-based method for IR aerial
image sequence stabilization. We use the greylevel
differential invariant (GDI) matching due to Schmid and
Mohr which is invariant to rotation and scaling.
Extensions to the basic GDI method are introduced that
improve the performance of the method. We use M-
estimation for the image regidration parameters. The
method is robust to outliers returned by the GDI method.
We verify the point correspondence under orthographic
projection using the epipolar constraint. Experimental
results are reported for real-world and synthesized IR
image sequences.

1 INTRODUCTION

Imaging sensors of different modalities, for example,
visible and infra-red, provide complementary information
which, if properly fused, can assist the observer in the
image interpretation task. Image stabilization is a key step
in this process. Image stabilization is the image
registration applied to one video image sequence from a
single camera. When the camera is mounted on an
ungteady or a moving platform and objects are far from the
camera, the 3-D space motion of the camera will affect the
images.

Until now, the primary means available to stabilize
images from a camera on a moving vehicle has been to
mount the camera on an dectro-mechanical stabilizing
platform. These stabilizers are bulky and expensive. Their
performance degrades with vibration in the critical 0 — 20
Hz range. An alternative stabilization method uses image
processing techniques to first estimate and then eliminate
the scene motion that is due to camera motion by warping
each image frame into precise alignment with a reference
frame.

The image stabilization task has been specified in
general terms as follows. Given an image sequence
usually consisting of at least 10 to 30 seconds of data, a
special frame called the reference frame is chosen at or
near the beginning of the sequence. Frames subsequent to
the reference frame shall be registered to the reference
frame in such a way that the frames are precisely aligned
with the reference image.

The conventional image registration method uses block
matching techniques. The block matching utilizes the full
image information and can be applied to any type of
image, rich or poor in texture. The block correlation is
robust against random noise and has high accuracy.
However, block matching can account for only translations
and only approximately for other image distortions. It is
expensive to compute and becomes prohibitive when the
image displacement is large. Also, the cross-correlation
based on image intensity similarity is sensitive to
environment changes and is not applicable for registration
of multi-spectral images [2].

On the other hand, feature-based image matching can
account for any image deformation and can be insensitive
to multi-sensor modalities by selecting structurally salient
features. It is quick to compute. However, the feature-
based methods will fail to find matches in structure-less
areas. lts reliability depends on the feature extraction
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process. Therefore, robustness of the matching processis a
critical issue.

The only known geometric constraint between two
images of a single scene is the epipolar constraint. The
epipolar  geometry  describes  relations  between
corresponding points in two images, and is, therefore,
useful for image matching. Zhang et al. [18] proposed a
robust technique for image matching for uncalibrated
cameras based on geometric verification using the epipolar
constraint.  They use cross-corréation between loca
supports of the feature points for the initial matching,
which is not invariant to scaling, rotation and other
deformations, and is the main limitation of their approach.
They use Least Median of Squares (LMedS) to discard
outliers, that allows up to 50% fase initial matches in the
estimation of the epipolar geometry. Our experiments
show that Zhang's approach can provide alarge number of
correct matches for outdoor images from a ground based
camera where the perspective projection results in local
trandations of the corresponding points.  However,
Zhang's approach fails in its initial matching with aeria
images where there is, for example, alarge global rotation
of theinput scene.

In this pape we propose an approach for the
stabilization of real-world aerial infrared image
sequences. In the aerial image seguences the frame to
frame motion can be very large. The IR images are
generally noisy with low contrast. We view the task of
image stabilization as a problem in image registration, that
can be accomplished using image matching methods. A
classic approach to image matching is to hypothesize then
verify the correspondence of features between images [9].
In this approach, the initial matching is critical for a
successful matching and registration. To improve the
initial matching by cross-correlation Deriche [4] added the
directions of the gradient, curvature, and a disparity
measure. Hu [7] suggested to apply the cross-correlation
in several directions and Ballard [1] used steerable filters.
Schmid and Mohr [12] devel oped a point matching method
based on greylevel differential invariants (GDI), which is
invariant to image rotation, scaling and trandation. We
extract feature points using the Harris-Stephens corner
detector [6], which is efficient to compute and has been
shown to be one of the best detectors in terms of
repeatability with viewpoint change and other scene
variables [14]. Itisefficient aso to extract corner pointsin
the texture of the IR images. We use the greyleve
differential invariant matching method to find an initial set
of matches. Three additional enhancements to the basic
greylevel differential invariant matching method are
introduced and tested: (1) Search over the GDI space with
k-d trees to speed up the matching process, since a query
finishes in logarithmic expected time, (2) Scae-space
verification of matches to improve the ratio of true to false
matches, and (3) Determining the covariance matrix for
normalizing differential invariants at runtime.

The GDI method provides a set of matches that often
contain outliers which can serioudly perturb the estimation
of the image transformation. We use M-estimation which
isrobust to outliers and is computationally efficient, and a
variant of least median of sguares, which is more
computationally expensive, in the case that M-estimation
failure is detected. For aerid images, the distance from
scene to camera is much larger than the depth of the scene,
and the field of view may be small. In this case, the
orthographic projection provides a good approximation to
perspective projection, as shown by Pritt [11] as well as
Shapiro et al. [15], and then the unique optimal solution, in
aleast squares sense, for registering a pair of images, isthe
global affine transformation with local distortion modeled
by a displacement along paralld epipolar lines proportiona
to the height of the scene point [11]. However, Pritt does
not address the critical issue of the initial matching,
estimation of the transformation parameters in the presence
of outliers, nor are results presented for real world image
data. We fit the GDI matches to the global affine
transformation, that accounts for image scaling and
rotation in the important initiadl matching sage and
implement a robust image registration. It is by
incorporating robust estimation into the image registration
process that we perform a match verification process using
the epipolar constraint.

2 Enhanced greylevel differential invariant
matching

At each feature point in the image found by the Harris-
Stephens corner detector, a greylevel differential invariant
(GDI) vector is computed. The GDI representation and
matching method are invariant to image rotation, scaling
and trandation [12]. The representation is fairly robust
with respect to rotation in depth that leads to
foreshortening of surface patches, i.e., in general, a local
affine distortion of the brightness surface.  The greyleve
differential invariants are based on the derivatives of the
Gaussian filtered image in a representation called the local
jet. The local jet represents the truncated Taylor series
expansion of theimage function and is useful for encoding
the local geometry of the brightness surface. The use of
Gaussian smoothing makes the differentiation well posed
in addition to having other nice mathematical properties.
The details of the greylevel differentid invariant
representation can be found in [12]. The components of
the GDI vector representation are rotationally symmetric
functions. Differential invariants can be made invariant to
an affine transformation of the brightness function by an
appropriate normalization that yiedlds a vector of 7
components.

To give scale invariance over a fixed range we compute

a set of scales centered on areference scale, Oy, such that
0, =(6/5) 0, wherei O (-n... -1, 0, 1...n). A value
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of four for n yields the scale factor range 0.48 to 2.07,
hence there are nine differential invariant vectors for each
keypoint. This is a multi-scale representation. The 20
percent factor is empirically derived and reflects the
expected differential scale range over which the invariants
do not change appreciably.

Nearest neighbour search by k-d tree The
Mahaanobis distance is used to determine the nearest
neighbour. Points are declared to be corresponding when
the pair of points from two images are mutually selected as
closest. The space of differentia invariant vectors can be
organized in ahash table [12] or with a tree representation
such as the k-d tree. Nearest neighbour searching with k-d
trees reduces the search time to logarithmic expected time.
The expected number of records examined to satisfy a
query is given by the expression
R(k,b)=b{[G(k)/b]"* +1}*, where k is the record
dimension, b is the number of records in a bucket, and
G(k)=1 is a condant that accounts for the geometric

properties of the norm used for the distance measure [16].
For our implementation of GDI matching, G(k)=1, kis
7 and bis1, hence R(7,1)=128.

Match verification in scale-space Experimenta
results suggest that nearest neighbour matching with
differential invariants is scale sendtive over moderate
viewpoint changes. A local multiscale analysis is used to
filter out scale-space unstable and hence potentidly
incorrect matches. The full differential invariant matching
processis carried out at three reference scales that differ by

multiples of ten percent of the reference scale O, i.e,
0,(1+k*0.2) for k=0,..,2. The value of ten percent is

half the expected scale sengitivity of differential invariants.
This value was found experimentally to yield good results.
Too large a value eliminates most matches and too small a
value does not effectivdly eiminate scale unstable
matches. A match is scale-space verified if it exists at all
three scales. Experimental results demonstrate that this
verification step significantly increases the ratio of correct
to incorrect matches. This step increases the
computational cost by a factor of three but it is
pardldizable.

Normalization The variant of k-d tree used here
requires that the data satisfy a Euclidean norm.  An
appropriate transformation of the GDI vectors by a suitable
covariance matrix accomplishes this. The covariance
matrix describes the expected variance of the differential
vector components with respect to changes in viewpoint,
illumination, sensor properties, and noise. For an image
retrieval task [13] the covariance matrix is determined by
averaging together over all keypoints the covariance matrix
generated for each keypoint by tracking observations over
an extended image sequence. It is not clear, however, if
thisis suitable for the image matching problem. First, we

assume that tracking is generally not an option. Secondly,
the resulting covariance matrix may not be suitable for all
image pairs to be matched, except, of course, the images

from the sequence itsdf.

Computing and combining

covariance matrices over severa different sequences may
be sufficient for avariety of image retrieval tasks.

Ingtead, we adopt a classical perturbation approach to

estimating the covariance matrix for the differential
invariant vectors. Such an approach is frequently used
when an analytic solution isnot feasible. For example, this
approach is used to determine datum/model compatibility
for the RANSAC algorithm [5]. The RANSAC procedure
uses data perturbation to estimate implied error bounds for
a given model. We compute a covariance matrix directly
from the given image pair by modding brightness
variation due to al the factors mentioned above by
normally distributed noise added to theimages. The noise
variance is some fraction of the variance of the image
brightness over the entire field of view. A value of 25
percent of the brightness variance has been used in the
described experiments. Thisis an empirical value that has
yidded good results. Furthermore, the matching results
arenot overly sensitive to thisvalue. The fina covariance
matrix is then estimated by averaging together a large
number of covariance matrices generated from differential
invariant vectors computed from images with and without

added noise.

3 Imageregistration with M-estimators

The following steps outline the registration al gorithm.

1. Detect Harris-Stephens corners with derivative of Gaussian
filters, o = 1 pixe, for reference and non-reference images.

2. Low pass filter reference and non-reference images 0 =4
pixels.

3. Perform GDI matching on detected corners yielding GDI
matches. Basdline filter scale is 5 pixds. If < 4 matches
then FAILURE and go to step 9.

4. Eliminate gross outlier matches. The gradient angle test
deletes those matches that have an angle change of a
magnitude greater than 45° from the median angle change
for all matches. These matches are defined as the gross
outliers. Remaining matches are called candidate matches.
If <4 candidate matches then FAILURE and go to step 9.

5. Estimatep, to ps with Fair weight function. If iterations do
not converge then FAILURE and go to step 8 (or return to
8c if previous step was 8b).

6. Initialize Tukey bi-weight function weights using parameter
estimate from previous step.

7. Estimatep,; to ps with Tukey bi-weight function. If iterations
do not converge then FAILURE.

8. If FAILURE or = 50% of weights =0 during Tukey
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iterations then
8a) Select at random 4 matches.
8b) Execute steps 5to 7.
8c) If any weight =0 or FAILURE then discard result else
store parameter estimate and median residual over
candidate match set.



8d) Repeat 8a-c until 71 subsets found or until iteration limit
exceeded.

8e) If 71 subsets found then do steps 6 & 7 with lowest
median residual parameter estimate else FAILURE.

9. If not FAILURE then resample non-reference image as
registered frame according to parameter estimate else copy
reference frame as registered frame.

10. If no more frames then QUIT else return to step 1 processing
next non-reference image only.

3.1 Epipolar Constraint

The only known geometric constraint that exists
between corresponding point matches from two or more
views is the epipolar constraint, which can be used for
image matching. When the field of view is smal and
variation in depth of the scene is small compared to its
average distance to the camera, the orthographic and scaled
orthographic projection is a close approximation to the
perspective projection model [11][15]. The approximation
is aso good for large field of view if the separation angle
between two cameras is small [11]. Under this
approximation, the model locates the optical center at
infinity, hence, the projection rays are paralld to one
another and perpendicular to the image plane. The epipoles
are situated at infinity in the image plane and the epipolar
linesare paralld.

The paradld projection is linear with the registration
function expressed by [11]

F(x1, ¥1) = A(xg, y1) +hx, yp)e (1)
where F = (XZ, y2) maps points (Xl, Y1) from the first
image to the second, A(Xy,y:) is an affine transformation

given by
%2 Hz le P P E
20 P B Pl
and h(x.,y;) is the z coordinate of the non-occluded

point in the input scene. Its value depends on the choice of
the scene coordinate system. The vector e is the epipolar
vector. The pardle epipolar lines are expressed as
A(xy,y1) + ae which depends only on the position and
orientation of the two image coordinate systems relative to
the scene coordinate system and a is a real number. The
registration function is globally defined by an affine
transformation. Eq. ( 1 ) accounts explicitly for the depth
variation via the height function h(x;y;) as a loca
distortion which are displacements along epipolar lines and
proportional to the heightsin the scene.

The choice of parameters A(Xs,y1), h(xi,y1) and e in Eq.
(1) is not unique The solution becomes unique with
normalization constraints proposed by Pritt, namely that
the zero and first order moments of the scene's height
function h(x,,y1) be equal to zero. Under this constraint, all

(2)

the terms involving h disappear in the equations for the
least mean square solution of Eq. ( 1) yielding the least
mean sguare estimate of the affine transformation A(Xy,ys).
The &ffine component of the registration function
determines the least squares estimate of a planar
approximation of the scene structure. After the
determination of A(xyY:1), the epipolar vector e and the
scene height function can be recovered from the residuals:

S =xX2-[p1Xet+ p2y1+ p3 (3)
and

t=y2-[PaXe+ Psy1+ el (4)

where (X2, ¥») is the observed point in the second image
that corresponds with (x.,y1). The dope of the epipolar
vector eisgiven by

(5)

where B = Z(t° - s9/ Z(st) and & = sgn(Z(st;)). This
estimate for the dope of the epipolar line is the least
sguares solution for the objective function that minimizes
the orthogonal distances of the points (s, t) to the line
The robust estimation of the affine transformation
parameters therefore implements a verification of the
matches using the epipolar constraint. The epipolar vector
eisgiven by

m=[B+3(B* +4)"*] -2

e=[eLe]" = [VA+m)Y2, m(1+m)¥".  (6)
The solution for h; is given by
h =se +te,. (7)

3.2 M-estimation applied to image registration

Let r(s,t) bethei™ residual, i.e., the difference between
the i"™ observation and the current estimate of the fitted
value. The classic least squares problem seeks to minimize

Zi ;% which is known to be unstable in the presence of

outliers in the data. The M-estimators are designed to
reduce this instability by replacing the squared residualsr;
by a function of the residuals which yields the problem
(17]
min % p(r)

where p is a symmetric, positive definite function with a
unique minimum at zero and is chosen to be less increasing
than square. The problem is not solved directly but is
implemented as an iterated re-weighted linear least squares
solution.

We seek to estimate p; for j=1to 6 from Eq. (2). We
solve for the parameters p; to ps using the M-estimation
formulation
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or, _ estimate. The final estimate uses the Tukey bi-weight
> w(r)r, o =0 (8)  function with weights initialized with the parameters from
: the Fair estimate.

The registration function for the experimental results
reported here is given by(x,y) = A(xy), i.e., the height
term is ignored. The assumption is that the height function
o vaIL_Jes are not large enough to significantly perturb the

ziw(rw)rwizo (9) registration for the aerial image sequences. It is
op; straightforward to generalize the approach by the addition
of the termh(x,y)@ to the global affine transformation.
overi=1,... k data points ang4,5,6. The drawback is the necessity to estimztey) over the
entire field of view. This requires us to interpolate the
height function from known point correspondences which

Somep-functions assure a unique solution, but sincwill yield a poor estimate for a sparse set of point matches

they only reduce the effect of outliers, the estimator can BE altérnatively, one can compute a dense matching using
a method such as optical flow. Match density for point

biased. Otherp-functions do not guarantee a UNiqU8eatures can be increased by searching for additional

solution, but reduce considerably the effect of outliers Qatching points along the estimated epipolar lines, a one
even more, eliminate them. Sincedunction is perfect, dimensional search.

we use both types gd-functions as proposed by Huber _
[8]. We began the estimation process with the objectivi4 I1l-conditioned solutions
function Fair and then refine the estimate with Tukey's bi- In some rare cases, convergence given by the Fair
weight functlon_. For b(.)th funct|o_ns, t_he CONVErgency, , ction is not the one we would expect. This can happen
threshold used is 0.1% in the relative difference betwe@vrhen the GDI method returns matches where the number
iterated parameter estimates. The Fair distribution N5 iers is not relatively small or their distribution
continuous derivatives up to third order and yields a un'q%%rturbs the estimator significantly. In this case, the
solution. minimum reached depends upon the influence of the
Sutliers and the initial value of the residual function. The
air function may converge to a minimum such that many
of the matches have relatively small weights. After
convergence of the Fair function, Tukey's bi-weight
WK, - o+ o+ —x.)=0 function seeks to improve the estimate of the parameters
Z' DG = (P + P2 Yy * Pol(7%) by eliminating the effect of large outliers. If we then look

Zi\Nij[XIZi S(PuX P Yy *R)I-Yy)=0  (10) atthewi), we see that the majority of the matches are zero

over i=1,... k data points angF1,2,3.
Similarly for p, to ps we solve

3.3 Choice of objective functions

estimator of the global affine transformation can be writt
as follows from Eq. ( 8 ) for the residual in the
component

Arx - o+ o+ _1 = weighted.
2D - (PXs + Yy + R =0 To override this situation, we added a least median of
where 0 _ oy _ . and Y« —_1. Theji squares process which provides a new initial parameter
o, ap, Y op, estimate that is then passed to the Tukey's bi-weight

) ) ) P ) . function process for computing a final estimate. We
iteration of the weighty", is one of Fair or Tukey's bi- defined as a threshold for computing a revised initial
weight as described above. Similarly, for theomponent estimate that at least 50% of all matches must be O-

from Eq. (9) weighted from the final estimate provided by M-estimation

ity with Tukey's bi-weight function. The process that finds a

D WYz - (PaX + PsYs + Pe)l(=%;) =0 better initial estimate randomly chooses 4 matches, which

iry v ) — is the minimum number of matches to do a minimally
Ziwi [V - (PaXy + P ¥y + Po)l(=¥y) =0 (11) over-constrained estimate, from the set of candidate
Wiy, - o+ o+ -N=0 matches. These four matches then pass through the Fair
Z' Y- (P, Ps ¥ Pl and Tukey's bi-weight estimation processes as before. The
Where%:_ , % — vy, and%:_l. residual for all candidate matches is computed according
ap, ops ! op; to the parameter estimate found for this subset. The values

Egs. ( 10 ) and ( 11 ) give a linear system of 6f the estimated parameters and the median residual are
equations in the 6 unknown parameter variapleso p; stored. If one or more of the subsafi) is O, the subset
which are solved for iteratively in two phases. The firgtesult is ignored. The process iterates until 71 subsets are
phase uses the Fair weighting function to yield an initiselected. This number of subsets guarantees with a
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probability of 0.99, assuming no more than 50 percent
outliers, that at least one of the subsets is composed of 4
good matches. A find estimate is made involving all the
matches using the Tukey’s bi-weight function. The i)
areinitialized with respect to the Tukey function according
to the parameter estimate with the smallest median
residual. This gives a more robust estimate of the global
affine transformation parameter vector. Note that this
random search process is more computationally expensive
than the M-estimation process and, therefore, isnot used as
the main estimation method.

4 Experimental results

4.1 Infra-red aerial image sequence DIMO1

Figure 1 gives the GDI matching results for frames 01
and 20 from the sequence DIMO1, a sequence provided by
Defence Research Egtablishment Valcartier for algorithm
development purposes. The sequence is acquired a a 4Hz
framerate by a helicopter mounted infra-red camera. Note
the large scale change due to the camera trandation in the
foreground and a rotation about a point in the lower |eft
image quadrant. The scale of the smoothing kernel for the
differential invariants is five pixels with Gaussian pre-
smoothing of theimages at a scale of four pixels to reduce
the IR scan noise as well as to compensate for the lack of
fidelity of the actual image transformation with the
assumed transformation. The GDI mode assumes the
image is transformed by a similarity transformation. The
actual model is better approximated by a local affine
transformation that in turnis alocal

a0 a0 40 40 5

Figure 1: Greylevel differential invariant matches. Left
image is frame 01 and right image is frame 20. Matches

7,8 and 12 are incorrect.

approximation of the effect of the perspective distortion
due to the trandating camera. Also, because the scae of
the image is increasing, more detail is present in the
nonreference image that leads to a perturbation of the
invariants. Additional smoothing of the reference and
nonreference images reduces the perturbing effects of the
scale change. Of the 12 matches 3 are incorrect and are
eiminated by the gradient angle test.

The left image of Figure 2 shows frame 20 resampled
into the image coordinate system of frame Ol in
accordance with the global affine transformation robustly

estimated from nine matches. Resampling was by bi-linear
interpolation. Theright image of Figure 2 isthe difference

Fiame 20 regiered i reie ance image

% 100 1m0 25 a0 M0 40 450 50

Figure 2: Left: Registered frame 20, compare with
frame 01 in Fig. 1. Artifacts near image bottom are from
source image resampled into registered frame. Right:
Difference of reference and registered frames.

between the registered frame 20 and the reference frame
01. The contrast of theimage is stretched to fill the range
0 to 255. The width of the brightness discontinuities are
proportional to the error in the registration. The errors are
due to the lack of match points in the foreground where
perspective distortion is greatest. Also, the local distortion
term has not been incorporated. Midlocalization of the
corner points from Harris-Stephens corner detection can
also contribute to the misregistration. The mislocalization
is proportional to the filter scale of the derivative
operators.  An iterative registration refinement scheme
may be a possible solution [3].

= W90 1M 20 250 a0 @0 4@ 40 50 0 o W0 250 0 I A0 0 50

Figure 3: GDI matches for the first of three scales for

infra-red DIMO1 sequence. Left: frame OL.
frame 20.

Right:

4.2 Greylevd differential invariant matching
extensions

Figure 3 shows the matches returned by the GDI
matching method for the first of three scale levels with the
differential invariant filter scale equa to 5 pixels. The
remaining two reference scale levels are 5.5 and 6.05
pixelsrespectively. We note the larger number of matches,
22 inall. Of these 22 matches, 11 are correct or 50%.

Match 7 and 11 are correct but do not appear at al
three scales. For the 5.5-pixel scae level the number of
matches is 31 of which 14 are correct (45%), and for the
last scale level there are 19 out of 29 matches correct
(66%). With scale-space verification there are 9 out of 12
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correct matches (75%) alarge improvement in terms of the
ratio of correct to total matches.

tame O wth esfimled epipolr linez

arme 20.

T T T

Figure 4. Epipolar lines for frames 01 and 20.
Observations are marked with "+", reprojected scene
points by "0" and the height corrected reprojections

by "A". The last two frames are a zoomed view of
point 8 from frames 01 and 20 respectively.

We also note the high sensitivity to small perturbations of
scale exhibited by the GDI matching process. Finally, the
average number of records searched over both k-d trees
over the three reference scale levels with 900 records in
each tree was 76 in keeping with the expected logarithmic
time to complete a query. Further results for these GDI
matching extensons are reported in [10].

e 89 G0 s

Figure 5: Reference
image 00 with matches
to frame 08 from GDI
method. Matches 15, 17,
and 20 are incorrect.

Figure 6: Labeled matches
for frame 08 which is
rotated 40° from the
reference image with
additive noise and a

random affine distortion.

4.3 Epipolar estimation

The epipolar lines and height corrected reprojections
were estimated according to Egs. (8) and (9) and are
plotted in Figure 4. The slope angles for the epipolar lines

in frames 01 and 20 were —2.7° and —8.1° respectively

a fronto-parallel rotation angle of 5.4°.

The RMS residual for frame 01 reprojected points befo
height correction is 0.85 pixels and after height correctid
it is 0.52 pixels. The RMS residual for frame 20 is 0.97
and 0.69 pixels before and after height correction. The Et
two frames of Figure 4 shows point 8 with the fitted

epipolar line and the reprojected matching point from the
other image before and after correction by the height local
distortion factor.

4.4 Synthetic image sequence L ockheed Boats3

Next is an example of the registration process from a
synthesized motion sequence. These images are from a
sequence composed of 11 frames synthesized from a real
infra-red image. The motion consists of a continuous
rotation of the sequence reference image with additive
Gaussian noise and a random affine distortion. In this
example the non-reference image is frame 08, which is

50 T

Figure 7:Frame 08
registered to reference
image.

Figure 8: Difference
between registered
image 08 and the
reference image. See
text.

rotated by a 40° angle from the reference image. Figures 5
and 6 show the matches obtained from the greylevel
differential invariant matching method. The GDI method
provides 20 matches, where 17 are correct. Matches 15,
17, and 20 from Figures 5 and 6 are incorrect.

image 0B wih estimated sppolar s

D

ERE

ERRE)

W M W B0 W

Figure 9. Lockheed sequence epipolar lines for
frames 00 and 08.

Five matches, those labeled 3,8,15,16, and 20 from
figures 5 and 6 were eliminated using the gradient angle
test. Note that matches 3,8 and 16 were incorrectly
eliminated. This may be due to the added noise and the
shear introduced by the affine transformation in addition to
the pure rotation. Figure 7 shows image 08 registered to
the reference image after M-estimation of the global affine
gépnsformation and resampling by bi-linear interpolation.
Incorrect match 17 from Figures 5 and 6 was correctly
[eéiminated by the Tukey bi-weight estimation function, i.e.,
}s weight was set to zero.

Figure 8 gives the image difference between the
istered frame 08 and the reference image. The scene
ject can still be distinguished because the brightness is
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not normally distributed after image subtraction in that [3] Bergen, J._R.,Anandan, P, Hanna, K.J, Hi_ngorani, R,
area where the brightness values were clipped. Clipping "Hierarchical model-based motion estimation,” European
occurred after adding zero mean noise with a standard Conference on Computer Vision (ECCV 92), pp. 237-252
deviation of 15 percent of the standard deviation of the 1992.

. . . [4] Deriche R., Zhang, Z., Luong, Q.-T., Faugeras, O., "Robust
ref_erence brightness image. Flgur_e 9 shows the_ Gﬂ'mated recovery of the epipolar geometry for an uncalibrated stereo
epipolar geometry for the two views. The epipolar line

. rig," Proc. European Conference on Computer Vision, pp.
slope angle for frame 00 is 28.3° and —13° for frame 08 567.576 1994,

Wh|Ch giVeS a fronto-parallel I’Otation angle Of 41.3°. [5] F|Sch|er’ MA’ Bo”esl RC’ "Random sarnp|e CoNSensus: a
. paradigm for model fitting with applications to image
5 Conclusion analysis and automated cartography,” Comm. of the ACM,

Vol. 24, No. 6, pp. 381-395, June 1981.

We have demonstrated the stabilization of aerial ima . ; ;
. . . ?@g Harris, C., Stephens, M., "A combined corner and edge
sequences with scale, rotation and large translations us detector,” Proceedings 4th Alvey Vision Conference, pp.

robust estimation. @ The method is computationally 147-151, 1988,

inexpensive and theoretically well founded owing to thg Hu, X., Ahuja, N., "Feature extraction and matching as
appropriateness of the orthographic projection model signal detection,” International Journal of Pattern

which is a close approximation to the perspective Recognitionand Artificia Intelligence, 8(6), pp. 1343-1379,
projection for the aerial images. We have shown the 1994.

greylevel differential invariant (GDI) method that provideg8] Huber, P.J., "Robust Statistics,” John Wiley & Sons, New
matches for image transformations with rotation, scaling Y ork, 1981. o _

and some shear. Three extensions to the basic @B McReynolds, D.P., Lowe, D.G., "Rigidity checking of 3D

matching method were described and experimentally ??gr]]tsgir:ﬁsgf,\eﬂ]cﬁgﬂgapgaff;j_“lvlesgroiggté?n’ IEEE

verified. The extensio_ns z_;lllovy for runtime com_putation (1‘(10] McReynolds, D.P,, "Rigidity checking for matching 3D
the GDI vector I’]OI’ma|IzatI0n, Increases the ratio Of true to p0| nt Correspondmces under pa‘spec“ve projection’" Ph.D.
false matches and reduces the query time to an expected thesis, Dept. of Computer Science, University of British
logarithmic time. We have applied the robust M-  Columbia 1997. ftp:/ftp.cs.ubc.ca/pub/local/danm/Thesis
estimation to the solution of the registration function undét1] Pritt, M.D., "Image registration with use of the epipolar
the parallel projection model. We have shown the constraint for parallel projections,” Journa of the Optical
robustness of the method to outliers in the initial GDI ~ Society of AmericaA, Vol. 10, No. 10, pp. 2187-2192,
matChing. October 1993.

| ; Zh ' thod ide manv m LlZ] Schmid, C., Mohr, R., "Matching by local invariants,”
n comparison, angs method can provide many more Rapport de recherche, N. 2644, INRIA, August 1995.

matqhes than the GDI method in many cases, but CanfR§ schmid, C., Mohr, R., "Local Grayvalue Invariants for
provide any correct matches when the affine * |mage Retrieva,” IEEE PAMI(19), No. 5, pp. 530-535, May
transformation includes a large rotation or scaling. 1997

Therefore, the proposed approach is useful for aerial imadé] Schmid, C., Mohr, R., and Bauckhage, C., "Comparing and
registration and Zhang's method can be used for ground- Evaluating Interest Points," Proc. International Conference
based image registration. The initial matching sub-task, on Computer Vision, pp. 230-235, Bombay, India, 1998.
before epipolar verification, is clearly seen to be the majbt°l Shapiro, L.S, Zisserman, A., Brady, M., “3D motion
hurdle to a fully automatic feature-based registration récovery viaaffine epipolar geometry," International Journal

; of Computer Vision, 16, pp. 147-182, 1995.
method. New methods for this sub-task are presenf%] Sproull,pR.F., "Refinemegfsto neerest-neighoour searching

under investigation. in k-dimensional trees," Algorithmica, 6, 579-589, 1991,
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