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Abstract

This paper describes a method for bringing two videos (recorded
at different times) into spatiotemporal alignment, then comparing
and combining corresponding pixels for applications such as back-
ground subtraction, compositing, and increasing dynamic range.
We align a pair of videos by searching for frames that best match
according to a robust image registration process. This process
uses locally weighted regression to interpolate and extrapolate high-
likelihood image correspondences, allowing new correspondences
to be discovered and re ned. Image regions that cannot be matched
are detected and ignored, providing robustness to changes in scene
content and lighting, which allows a variety of new applications.

CR Categories: 1.4.3 [Image Processing and Computer Vision]:
Enhancement Registration; 1.4.8 [Image Processing and Com-
puter Vision]: Scene Analysis Motion

Keywords: video alignment, robust image matching, robust image
registration, high dynamic range video

1 Introduction

Given multiple still images of a scene from the same camera center,
one can perform a variety of image analysis and synthesis tasks,
such as foreground/background segmentation, copying an object or
person from one image to another, building mosaics of the scene,
and constructing high dynamic range composites.

Our goal is to extend these techniques to video footage acquired
with a moving camera. Given two video sequences (recorded at
separate times), we seek to spatially and temporally align the frames
such that subsequent image processing can be performed on the
aligned images. We assume that the input videos follow nearly
identical trajectories through space, but we allow them to have dif-
ferent timing. The output of our algorithm is a new sequence in
which each frame consists of a pair of registered images. The
algorithm provides an alternative to the expensive and cumbersome
robotic motion control systems that would normally be used to en-
sure registration of multiple video sequences.

The primary dif culty in this task is matching images that have
substantially different appearances (Figure 1). Video sequences of
the same scene may differ from one another due to moving people,
changes in lighting, and/or different exposure settings. In order to
obtain good alignment, our algorithm must make use of as much
image information as possible, without being misled by image re-
gions that match poorly.

Traditional methods for aligning images include feature match-
ing and optical ow. Feature matching algorithms nd a pairing
of feature points from one image to another, but they do not give
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a dense pixel correspondence. Optical ow produces a dense pixel
correspondence, but is not robust to objects present in one image
but not the other.

Our method combines elements of feature matching and optical

ow. In a given image, the algorithm identi es a set of textured
image patches to be matched with patches in the other image. Once
a set of initial matches has been found, we use these matches as
motion evidence for a regression model that estimates dense pixel
correspondences across the entire image. These estimates allow
further matches to be discovered and re ned using local optical

ow. Throughout the process, we estimate and utilize probabilistic
weights for each correspondence, allowing the algorithm to detect
and discard (or x) mismatches.

Our primary contribution is a method for spatially and tempo-
rally aligning videos using image comparisons. Our image com-
parison method is also novel, insofar as it is explicitly designed to
handle large-scale differences between the images. The main limi-
tation of our approach is that we require the input videos to follow
spatially similar camera trajectories. The algorithm cannot align
images from substantially different viewpoints, partially because it
does not model occlusion boundaries. Nonetheless, we demonstrate
a variety of applications for which our method is useful.

Figure 1: Our matching algorithm is robust to differences such as
an object that appears in only one image (left pair) or changes in
lighting and exposure (right pair). The key idea behind our match-
ing algorithm is to identify which parts of the image can be matched
(blue arrows) without being confused by parts of the image that are
dif cult or impossible to match (yellow arrows).

2 Related Work

Aligning a pair of images is a standard problem in computer vision.
Optical ow algorithms [Beauchemin and Barron 1995] nd a vec-
tor eld that maps each pixel from one image to a corresponding
pixel in another image. Stereo methods [Scharstein and Szeliski
2002] use known camera poses to restrict the search to 1D lines
(for images of a static scene). Many of these algorithms are ro-
bust to small-scale effects (such as local violations of smoothness



or re ectance assumptions), but they are not intended for matching
images that have large differences in lighting or have large objects
that appear in one image but not the other. Some ow estimation
methods [Black and Anandan 1996] handle large image regions that
do not match by robustly tting global parametric models to local

ow estimates. Our method ts a non-parametric model and does
not rely entirely on local ow estimates.

The basis of our algorithm is matching salient image points [Har-
ris and Stephens 1988; Brown and Lowe 2003]. Many existing
methods prune feature matches using robust tting methods (such
as RANSAC [Fischler and Bolles 1981]) with constraints from the
fundamental matrix [Hartley and Zisserman 2000]. Brown and
Lowe [2003] align images by matching features that are invari-
ant to several spatial and illumination transformations. Kanazawa
and Kanatani [2002] nd good correspondences using epipolar con-
straints combined with smoothness and spatial consistency criteria.
Smith et al. [1998] re ne feature matches by comparing the length
and angle of each correspondence vector with its neighbors.

None of these image correspondence techniques addresses the
larger problem of video registration. Caspi and Irani [2000] align
video sequences using a single image transformation and single
time offset for an entire sequence. This method is successful for
rigidly connected cameras that simultaneously record a scene, but
does not apply to spatially or temporally different motions. Sawh-
ney et al. [2001] provide a method of aligning two video sequences
using stereo and optical ow, but also aim only at the case of
rigidly connected cameras simultaneously recording a scene. Rao
et al. [2003] temporally match video sequences by tracking a fea-
ture that appears in each video and aligning the resulting trajecto-
ries. This requires a user-speci ed trackable feature and does not
provide dense pixel correspondences between the video sequences.

Our method provides a warping eld and temporal offset for
each frame, allowing the video frames to be registered for vari-
ous segmentation and compositing applications. Several of these
applications have been addressed via different methods. Chuang
et al. [2002] use mosaicing techniques to reconstruct a background
image that is used for foreground segmentation. Kang et al. [2003]
register images at different exposures to obtain high dynamic range
video. These applications and others can be performed with the
help of the method we present in this paper.

3 Overview

Our goal is to construct a mapping between two videos so that both
videos can be manipulated in a shared spatial and temporal domain.
One of the two videos is designated as the primary video, the other
as the secondary. The primary video provides the spatial and tem-
poral reference; the secondary video is mapped to match it.

The core of the algorithm is robust image alignment, described
in Section 4, which provides a warping from one image to another
that is robust to signi cant differences between those images. This
image alignment technique is used as a sub-function of the video
alignment process, which is described in Section 5. In Section 6,
we present two extensions to the basic algorithm. We describe ex-
perimental evaluations in Section 7 and give various applications in
Section 8. Limitations and planned solutions to these limitations
are discussed in Section 9.

4 Robust Image Alignment

Our image alignment algorithm  nds correspondences between pix-
els in a pair of images. Each correspondence is assigned a weight
according to the likelihood that it describes a physical 3D point
undergoing a physical 3D motion. The ability to characterize the
correctness of a correspondence is essential to the robustness of the

algorithm. We want to use as much information from the images as
possible, but we do not want to be misled by unexpected differences
between the images.

The weight w; assigned to the if"correspondence is the product
of two terms: a pixel matching probability P; (Section 4.1) and a
motion consistency probability M; (Section 4.2). For simplicity, we
assume independence when combining the probabilities.

4.1 Pixel Consistency

To compute the pixel matching probability, P;, for a particular cor-
respondence, we evaluate how well the images match in a square
region around the correspondence. Rather than simply compar-
ing pixel values, we use a method that allows small spatial varia-
tions in the corresponding pixel locations. This technique, inspired
by Birch eld and Tomasi [1998], permits small changes in scale,
rotation, and skew of an image region due to differences in cam-
era viewpoint. This also alleviates several sampling issues. (Sim-
ilar methods are proposed by Kutulakos [2000] and Szeliski and
Scharstein [2002].)

A single pixel in the primary image is compared with a 3-hy-
3 neighborhood of pixels in the secondary image, rather than with
a single secondary pixel. To do this ef ciently, the algorithm ap-
plies 3-by-3 minimum and maximum Iters to the secondary image,
producing new images Imin and Imax (Figure 2). These minimum
and maximum images de ne bounds on the value of each pixel in
the secondary image; the corresponding primary pixel receives a
penalty if and only if its value lies outside this interval.

To evaluate a correspondence, our algorithm sums this pixel
matching score across a square region (with size speci ed in Sec-
tion 7). For an image region R in the primary image | we obtain the
following score:

max(0; 1Y) Imax(X+U;y +V); Imin(X+U;y+v)  1(X;y)):
(xy)2R O

Here u and v describe an offset from a point (x;y) in the primary
image to the corresponding point (x +u;y +V) in the secondary
image (the same offset is used across the entire region). We average
the above score over each color channel to obtain the pixel intensity
dissimilarity d; for the i'correspondence.

In the case that the primary and secondary images contain sub-
stantial differences in lighting or exposure, we perform local bright-
ness and contrast normalization [Sand and Teller 2004], then use the
same min/max image comparison on the normalized images.

In either case, we use the pixel intensity dissimilarity dj to com-
pute the pixel matching probability P;:

P = N(di; Shixel): B

Here N(x; s2) is a zero-mean Gaussian with variance s2 evaluated
at x. We specify Spiyel as described in Section 7.

This method of comparing image regions attains some invariance
to af ne transformations, but not as much as other methods [Brown
and Lowe 2003; Ferrari et al. 2001]. Strong invariance is not nec-
essary for our algorithm, because we limit the input images to have
similar viewpoints.

4.2 Motion Regression and Consistency

To evaluate motion consistency, we determine how well the offset
vector (u;Vv) of a particular correspondence agrees with its neigh-
bors. This requires initial estimates of the weights fw;g for the other
correspondences, which we will obtain as described in Section 4.3.






