VIEW INTERPOLATION ALONG A CHAIN OF WEAKLY CALIBRATED CAMERAS
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ABSTRACT

This paper presents an algorithm for interpolating interme-
diate views along a chain of cameras. There is no restriction
on the camera placement as long as the distance between
successive cameras is not too large. The interpolated views
lie on a virtual poly-line defined by the (ordered) set of cam-
eras. Our algorithm requires no strong camera calibration as
the necessary epipolar geometry is estimated from the input
images itself. The algorithm first runs a preprocessing step
to rectify the images to canonical epipolar geometry and to
calculate disparity images. The actual view interpolation
uses this data to synthesize intermediate views in real-time.

1. INTRODUCTION

Free-viewpoint video strives for displaying videos in which
the user can freely choose the camera position. The two
main techniques use either a geometric model of the scene,
or the intermediate views are synthesized directly from the
input data (image-based rendering). Like most practical ap-
proaches, we use a mixture of both to reduce the number
of views required for the view synthesis and still be ro-
bust to the problems of geometry reconstruction. Our algo-
rithm allows to synthesize intermediate views along a chain
of cameras, where the cameras can be placed arbitrarily as
long as the distance between successive cameras is not too
large. This is the one-dimensional equivalent to the tri-view
morphing [7] which allows the interpolation of views on
the triangulated surface spanned by the set of camera po-
sitions. Our algorithm estimates the epipolar geometry be-
tween each pair of successive cameras and rectifies the input
images to obtain horizontal epipolar lines (see Fig. 1). Dis-
parity images are estimated for each pair of cameras and
the intermediate views are interpolated in the rectified coor-
dinate system. Prior to display, the interpolated views are
projected back into the original, unrectified coordinate sys-
tem.

2. EPIPOLAR GEOMETRY

Given a point p, in one image, epipolar geometry tells us
that the corresponding point p; in a second image must be
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Fig. 1. The captured images are rectified pairwise. Dis-

parity estimation and view interpolation between a pair of

cameras is carried out on the rectified images.

located on a line 1, = Fp,, and vice-versa, 1] = p/ F,
where F is a 3 x 3 rank-2 matrix, called the Fundamen-
tal Matrix. Hence, for each pair of corresponding points,
pl;era = 0 holds. The left and right epipoles can be ex-
tracted from F as the left and right null-spaces, respectively.

If the position of both cameras differs only by a shift
along the horizontal axis, the epipolar lines are horizontal
and corresponding epipolar lines have the same y value. In
this case, the epipole is located at horizontal infinity. This
situation is especially convenient for disparity estimation
and view interpolation, since the parallax motion becomes
a one-dimensional phenomenon in the horizontal direction.
Unfortunately, because of manufacturing tolerances, it is
very difficult to perfectly align a pair of cameras such that
this case holds. However, for a pair of cameras, it is possible
to virtually rotate the cameras such that we obtain horizon-
tal epipolar lines. We then speak about rectified images. For
more than two cameras, it is generally not possible to rectify
the input images of all cameras at the same time. The best
we can do is to rectify them pairwise.

2.1. Estimation of the Fundamental Matrix

We employ a combination of the 7-point and 8-point algo-
rithm [2] to determine the fundamental matrix without the
need for explicit calibration. For a static camera set-up,
we also allow to use correspondences from multiple input
frames, in order to obtain a more accurate estimate.



2.2. Image Rectification

We implemented the image rectification procedure proposed
by Hartley [3]. This algorithms composes the rectification
transformation from three parts. First, the coordinate-system
origin is shifted to the image center by a translation T. Sec-
ond, the image is rotated (R) such that the epipole lies on
the z-axis. Finally, the epipole is mapped to infinity by the
transformation

1
G = 0
—1/el,

where e, is the Euclidean z-coordinate of the epipole after
rotation. Thus, the final rectification transform is given by
the concatenation H = G - R - T. The rotation matrix can
be obtained easily from the normalized direction-vector to
the epipole de = (e, ¢,) " as
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where o« = 1 if e, > 0 and —1 otherwise. We have to
distinguish on which side of the image the epipole is lo-
cated, because otherwise the image could be rotated to an
upside-down position. Even though this also represents a
valid rectification, all disparity values would be inversed.

The obtained rectification transformation preserves the
input image resolution at the coordinate-system origin. How-
ever, some parts of the image might be scaled down. This
should be avoided since it decreases the quality of the inter-
polated views. Hence, we determine the factor m by which
the image will be scaled down at a pixel (z/,y’) by
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with D = hogx+ho1y+hos. In non-degenerate cases, m; is
monotonic in ', 3" and the minimum value m’ = min(m)
over the image area can be found in one of the image cor-
ners. Increasing the resolution of the rectified image by a
factor of v/m/ compensates for the loss of resolution.

3. DISPARITY ESTIMATION

The disparity image is estimated with a 1D dynamic pro-
gramming algorithm, which is a slightly modified imple-
mentation of [1]. A commonly known problem of disparity-
estimation algorithms based on dynamic programming is
that the independent processing of scan lines leads to incon-
sistencies between scan lines, showing as horizontal stripes
in the disparity image (Fig. 2(a)). In [1], this problem was

(a) no inter-line cost

(b) with inter-line cost

Fig. 2. Estimated disparity image with (a) dynamic pro-
gramming on independent scan lines, and (b) adding the
difference to the previous scan line into the cost function.

addressed by classifying the disparity estimates into differ-
ent levels of reliability and subsequent postprocessing of the
disparity image. We have chosen to approach the problem
by adding another term into the cost function in order to
favour solutions with only small changes across scan lines.
The cost function is now defined as
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where Nyc., N, is the number of occluded and matched
pixels, respectively. The function d(z, y) defines a sampling-
invariant distance measure between position x on the cur-
rent scan line in the left image, and position y in the right
image (see Fig. 3). The matching sequence in the current
scan line is denoted as M = (x;, y;) and the minimum-cost
matching sequence of the previous scan line is (2}, y}). The
COnStants Kocc, Kr, Kp are determined empirically.

This approach is easier to implement and to tune than an
additional postprocessing step. An example comparison be-
tween dynamic programming on independent scan lines to
our modified, predictive cost function is depicted in Fig. 2.

4. VIEW INTERPOLATION

The view interpolation can be split into two parts: the trans-
latorial motion of the camera, and the rotation. The trans-
latorial motion induces parallax motion that can be com-
pensated based on the estimated disparities. The rotational
component is independent of the scene depth, and is simu-
lated by gradually interpolating the rectification transforms.

Carrying out the compensation of parallax motion in the
rectified images has the advantage that only simple hori-
zontal pixel shifts are involved and sampling problems are
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Fig. 3. Because the rectified image is non-square, each scan
line has transparent regions at the left and right sides of the
actual image content (black region). Disparity estimation is
therefore restricted to the dark-grey area.

avoided. After compensating the translatorial part, the inter-
polated view is transformed back to cancel the rectification
transformation (un-rectification step).

4.1. Interpolation of Rectified Views

For the interpolation between two rectified views, we as-
sume that both views are available. However, this does not
mean that every pixel in one view has a corresponding pixel
in the other view. We can distinguish three cases.

A. Pixels that are visible in both views. These pixels
have a corresponding disparity value d assigned to it. As
can be easily derived, the pixel position in the intermediate
view can be obtained by simply scaling the disparity by the
inter-view position v € [0; 1], giving the new disparity value
d’ = v - d. We also interpolate the color value between the
left and right view according to v. This case is indicated in
Fig. 5 by double-headed black arrows.

B. Pixels in occlusion-areas that are only seen in one
view (see marked areas in Fig. 4). These pixels have no
disparity value assigned to it, because they were explicitly
detected as occluded. However, as is easily visible from
Fig. 4, occlusion pixels in the left view are occluded by ob-
jects positioned at their right side. Likewise, we know that
occlusion pixels in the right view are occluded by objects at
their left side. Assuming that occluded objects are parallel
to the image plane, we extend the disparities of the back-
ground into the occlusion area. Hence, for pixels in the left
view, the missing disparity values are copied from the left
side, while for the right view, they are copied from the right
side (see colored arrows in Fig. 5). Since these pixels are
only visible in one view, we cannot interpolate their color
values between the two views, but simply copy them.

C. Pixels whose corresponding pixels are outside the
valid image area in the other view. For these pixels, no dis-
parity was computed because of the restricted search-area

right
left occlusion pixels
occlusion pixels

Fig. 4. A simple scene where a foreground object hides
part of the background, inducing an occlusion region in each
view.
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Fig. 5. Visualization of the interpolation process. Arrows
indicate how pixels move in the parallax motion. An inter-
mediate view corresponds to a horizontal cut at a position v
between the two extreme views. Double-headed arrows in-
dicate that the pixel color is interpolated between two views,
while the data along single-headed arrows is simply copied.

(see Fig. 3). Again assuming that objects are mostly paral-
lel to the image plane, we extend the disparity of the border
pixels into the undefined region (see dashed lines in Figs. 3
and 5). Similar to the previous case, the pixel color cannot
be interpolated, since the pixel is only visible in one view.

For a more complex view interpolation technique, we
refer to [4]. This technique also takes into account the dis-
continuity between pixels interpolated from the two views
and simple copied pixels, which could otherwise lead to
color seams.

4.2. Un-Rectification

From the image-rectification process, we know the trans-
formations between the original images and the rectified
images for the extreme views. However, the transforma-
tion for the physically correct interpolation between these
transformations would require strong calibration informa-
tion, which is not available. Hence, we have to interpolate
between both transformations such that we obtain a visu-
ally sensible motion. Simple interpolation of the transfor-
mation matrices H;y,, H(;11)q usually leads to unnatural
or even invalid transformations (mapping part of the image
to infinity). As an alternative approach giving a visually
pleasing motion, we consider the motion of the four corners



of the rectified images. The position of these four corners
are linearly interpolated and the intermediate transformation
H i(g)i)_H) is determined as the transformation that maps these
four corners to the screen corners.

The un-rectification transformation is the last step prior
to display, and it is hardware-accelerated using OpenGL.
This results in real-time performance of the view interpola-
tion at full SDTV resolution when executed on a 2.8-GHz

Pentium processor.

5. RESULTS

An example interpolation result is depicted in Fig. 6. The
input images were captured by a camera surrounding the ob-
jects on a circular path. Note that because the optical axes
were not parallel, we have parallax motion in both direc-
tions. Even though our disparity estimation assumes only
positive disparity, the situation can still be processed, be-
cause the rectified images are constructed such that all dis-
parities are positive.

6. CONCLUSIONS

We have presented preliminary results of our ongoing work
about free-viewpoint video. The described algorithm al-
lows to interpolate intermediate views in a chain of cam-
eras. Interpolation is possible between a set of still pictures
or video sequences when the setup of the cameras is fixed.
No explicit camera calibration is required and the decoding
is carried out in real-time. Our future work will concen-
trate on improving the disparity estimation by employing
an algorithm based on belief propagation [6], and using a
back-projection view synthesis to allow for sub-pixel accu-
rate shifts [5].
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(a) left view

(b) interpolated middle view

(c) right view

Fig. 6. Example interpolation result with large baseline.
Note the large parallax of the chair on the right side and
the specular lights on the books.



