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Abstract
We propose a method to synchronize video sequences of
distinct scenes captured by cameras undergoing similar motions. For the general camera motion and 3D scene, the
camera ego-motions are featured by fundamental ratios obtained from the fundamental matrices. In the case of pure
translation, translational magnitude features is used. These
extracted features are invariant to the camera internal parameters, and therefore can be computed without recovering camera trajectories along the image sequences. Consequently, the alignment problem reduces to matching sets
of feature vectors, obtained without any knowledge of other
sequences. Experimental results demonstrate the accuracy
and applications of the proposed method.

1 Introduction
The problem of synchronizing video sequences has become an active area since Stein’s first method [11]. Recent
methods [2, 7, 13, 14, 15] tackle the problem of automatic
video synchronization for independently moving cameras
and overlapping dynamic scenes. The alignment of nonoverlapping sequences was first addressed in [3] based on
the assumption that the two sequences are captured by a
stereo rig. Wolf and Zomet [16] proposed a method to
compute the fundamental matrix for synchronizing the sequences. Rao et. al. [10] extended [4] to synchronize nonoverlapping but same events, such as human activities.
The proposed approach herein tackles a more general
problem, i.e. the synchronization of video sequences of distinct general scenes captured by cameras undergoing similar
motions. Two camera motions are similar when the camera
locations and poses in all corresponding time slots are related by a common 3D similarity transformation. In the case
of general camera motion, similar camera motions result in
the same essential matrices, between synchronized frame
pairs. Our method is based on the key observation that the
equality of the essential matrices is reflected in the uncal-
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ibrated fundamental matrices’ upper-left 2 × 2 elements,
which are used as features for synchronization.
For certain special motions, the number of degrees of
freedom of the fundamental matrix is less than the seven
of general motion, or the epipolar geometry is undefined.
Consequently, the fundamental ratios would fail to provide
camera ego-motion information. In order to overcome the
degeneracies, we analyze the special motions and provide
dedicated features to align them. For cameras undergoing
pure rotation or zooming, we proposed solutions are solved
in [17] based on using rotation angles or zooming factors. In
this work, we consider the special case of pure translation
and use the relative translational magnitude by slicing the
3D data volume along the epipolar lines.
The main advantage of the new method is that it can handle video sequences of general distinct scenes captured by
arbitrarily moving cameras. Different from the previous efforts on temporal alignment of non-overlapping sequences
which typically utilize the inter-sequence relationship and
hence inherently involve two sequences, the proposed approach is a 1-sequence process and computes the camera
ego-motion for each sequence separately. Besides its efficiency allowing a combination-free implementation, our
algorithm, as a 2D solution, does not involve scene reconstruction or 3D recovery of the camera trajectories.

2 General Camera Motion
A video sequence V is an ordered set of images {Ij }N
1
captured by a camera. Assuming a pin-hole camera model
and constant camera internal parameters, the camera projection matrix Pj of the frame Ij can be factorized as
Pj = K[Rj |tj ], where K is the camera calibration matrix including the intrinsic parameters, and Rj and tj are
camera rotation and translation, respectively. If we have an
other sequence V  , i.e. {Ij  }N
1 , of another distinct scene
captured by a camera undergoing similar motion as that of
V, the camera projection matrix Pj  of frame j  in V  can
be factorized as Pj  = K [Rj | tj ]Hs , where j  = c(j) is
the frame index in I  corresponding to frame j in sequence

I, and the 4 × 4 similarity transformation matrix Hs relates
the locations and poses of the two synchronized cameras.
The correspondence relationship, c(·), can be dynamic [10]
or modeled by a 1D affine model [2, 3, 14].
In the noise-free case, it is simple to verify that the relative translation ti,j (orientation Ri,j ) between frames i and
j in sequence V are equal up to an unknown scale to the relative translation (but the same orientation) between frames
c(i) and c(j) in sequence V  . Therefore, we have
Ei,j ∼ [ti,j ]× Ri,j ∼ Ec(i),c(j) ,

(1)

where ∼ indicates equality up to multiplication by a nonzero scale factor, and [·]× is the notation for the skew symmetric matrix characterizing the cross product [6]. As a result, when the camera calibration matrices K and K of the
sequences V and V  are identical, the corresponding uncalibrated fundamental matrices Fi,j and Fc(i),c(j) should be
equal, which can be used for video synchronization. However, we are interested in a more general case, where K and
K are constant but different between the sequences.
In the case of a simplified camera model, i.e. unit aspect
ratio and zero skew, it is easy to verify that the upper left
2 × 2 sub-matrix of F has the form:


1st tsi,j rt1 1st tsi,j rt2
,
(2)
F2×2 ∼
2st tsi,j rt1 2st tsi,j rt2
where rst for r, s, t = 1, . . . , 3 is the permutation tensor
([5], p. 172), ri are columns of the rotation matrix Ri,j .
The interesting observation of F2×2 is that the ratios among
its elements Fij are invariant to the camera internal parameters and reflect only the camera ego-motion. In this paper,
we call these ratios the fundamental ratios. Therefore, we
are able to extract an independent four-dimensional feature
vector, vg , for general camera ego-motion as,
vg = sign(F11 )[F11 , F12 , F21 , F22 ]/F2×2 F ,

(3)

where  · F is the Frobenius norm.
It is unlikely for the 4D vector vg to uniquely characterize the relative camera ego-motion, which has five degrees
of freedom: both the rotation Ri,j and translation ti,j have
three degrees of freedom, but there is an overall scale ambiguity. In addition, there are four possible setups of relative
camera position and orientation for the same essential matrix as shown in ([6], p. 258). However, similar camera egomotions would result in the same vg , which can be used to
synchronize video sequences as shown in Section 2.1.

2.1

Implementation Details

The initial frame-to-frame correspondences are accomplished using the SIFT feature proposed by Lowe [9]. The
fundamental matrix for general camera motion between the
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two views can be computed using the MAPSAC [12]. The
epipole of the pure translational shot is computed using the
eigenvalue decomposition of the matrix stacked by all lines
connecting the corresponding points.
The above scheme assumes that there are nontrivial overlapping areas between the two frames of one video sequence. However, in the case of dynamic timeline model,
which can be solved using dynamic programming [1], two
frames i and l might be far away and hence have no correspondences for the computation of the fundamental matrices. In this case, the viewing graph theory [8] can be used
for computing the fundamental matrices between the frames
i and l, when there are two frames j and k which have overlapping areas with both i and l, i.e., the fundamental matrices inside two tri-views (i, j, k) and (j, k, l) are available.
In addition, the camera ego-motion, i.e. the relative
translation and rotation, between the two views should be
reasonably big in order to overcome noises. Finally, in order to increase the robustness of the proposed method, we
use the coarse-to-fine framework since the synchronization
in the coarser levels captures global features, and therefore
an error in computation of frame correspondences will not
be propagated to the rest of the warping path.

3 Pure Translation Camera Motion
For pure translational camera motion, the fundamental
matrix F between any two frames is invariant and degenerates to [e]× , where e is the common epipole for all frames.
It is evident that F has only two degrees of freedom. Therefore, it is impossible to use the fundamental ratios vg in Eq.
(3) to align video sequences in this case. In order to quantify the camera ego-motion in the pure translational cases,
we slice the three dimensional data volume along the epipolar lines as shown in Fig. 1 (a). Notice that the y-axis is the
temporal direction. We observe that the trajectories of the
same 3D points are represented by a two dimensional curve
in the 2D slice images, and the first order derivative of the
trajectory characterizes the relative translational speed. We
define the relative translational magnitude, i.e. the relative
distance between the first frame and the current frame along
the x-axis of the slice shown in Fig. 1 (bottom), as the pure
translational camera motion feature, vt .
One interesting observation is that, since the effects of
forward/outward translation and zooming are similar, the
pure translational feature vt can also be used to synchronize zooming sequences although it is not really a camera
motion. For example, the two frames from a zoom out
sequences, shown in Fig. 1 (b), can be treated as an outward tracking along a direction parallel to the principal axis.
However, the translational moving speed (the zooming factor) is not constant, and therefore the trajectories of the same
3D points are not as straight as those in Fig. 1 (a).

(a)

(b)
Figure 3. Two appended frames after synchronization.
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(b) A zooming shot
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Figure 1. The corresponding points (computed by [9]) are connected by cyan lines,
while the epipolar lines in magenta. The bottom slices are cut along the epipolar lines.
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Figure 4. Average distance (rescaled between
[0, 1]) of the camera general ego-motion features computed for different time delay.
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Figure 2. (Top) Sample frames from the 1st
video with extracted features superimposed,
and the reference images (left). (Bottom) Identical elements for the 2nd video.

4 Experimental Results
As the first example, we took two sequences shown in
Fig. 2. The trajectories of the two cameras were controlled
by a CRS Plus robot to make sure they go through the similar motion. For this pair of sequences, we have ground
truth information of the temporal dilation (α = 2.0) by set-
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ting the ratios of the speeds of the robot arm motions as
2 : 1 for the two sequences. In this example, we manually
match one pair of frames between two videos as shown in
Fig. 2 left. The extracted SIFT feature points of the starting
reference frame are superimposed on the reference images
as cyan square markers, and the matched correspondences
are shown in blue square markers in each frame. The estimated affine timeline model is c(j) = 2.0014 ∗ j + 18.1617,
whose temporal dilation parameter, α = 2.0014, accurately
matches the ground truth information.
In the second example, we take advantage of the available knowledge of α = 2.0. The input sequences are nonoverlapping and have different lighting conditions as shown
in Fig. 3. The two sequences are challenging in that some
frames are very textureless, and that there are nontrivial
moving chairs and talking person in the sequence in Fig. 3.
Fig. 4 shows the average distance between the camera egomotion features vg as a function of the time delay. The
graph goes to zero at 9, i.e. the time delay between the two
video sequences. Corresponding frames based on this time
delay and known time dilation 2 are shown in Fig. 3.

(a)

(b)

(c) From Fig. 1 (a)
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Figure 5. (a) The slice cut from the 3D volume
along the cyan epipolar line in Fig. 6. (b) The
two extracted curves of the foreground street
lamps as marked by red arrows in Fig. 6. (e)
The computed translational speed of the two
sequences. (f) A close view of (e).

To demonstrate our algorithm in the pure translational
motion. We use the standard flower garden (F-G) sequence
and the sequence (called the target sequence hereafter) from
[18] as shown in Fig. 6. Due to non-constant moving speed
of the camera and the shaking, the slice cut from the 3D volume of the target sequence is not a straight line anymore. To
synchronize the two sequences, we used the left street lamp
(the left curve in Fig. 5 (b)) and the tree branch (the curve
with smallest slope in Fig. 5 (d)) to compute the relative
translational magnitudes, which are illustrated in Fig. 5 (e).
After inverse and scale the flower-garden curve, we have the
red and blue curves. Evidently, we cannot have a linear correspondence relationship between the sequences. For example, in the close view in Fig. 5 (f), the frame 6 of the target sequence should match frame 8 in the flower-garden sequence. After applying the dynamic programming, we have
temporal alignment between the two sequences. In order
to verify our results, we composited the layers of the foreground tree branch computed using the method proposed
in [18] into the target background. Some of the frames are
demonstrated in Fig. 6.
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Figure 6. The top are two frames from
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