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ABSTRACT

Recently it has been shown that optical flow estimation (OFE) ac-
curacy can benefit from temporal oversampling especially for large
displacements between frames. In this paper, we show that tempo-
ral oversampling also benefits OFE in the case of complex scenes
with small displacements but high spatial bandwidth. Using syn-
thetic test sequences and a high-speed real video sequence, it is
shown that temporal oversampling improves the performance of
OFE by reducing motion aliasing not only for areas with large dis-
placements but also for areas with small displacements but with
high spatial frequencies. We also demonstrate that the minimum
frame rate necessary to achieve good OFE performance for the
tested sequences is largely determined by the minimum frame rate
necessary to prevent motion aliasing.

1. INTRODUCTION

Accurate optical flow estimation (OFE) is very important for many
video processing and computer vision applications [1, 2]. It is well
known that motion aliasing or temporal aliasing adversely affects
the accuracy of OFE and many researchers pointed out that large
systematic errors arise when displacements are large [3, 4, 5, 6].
Multi-resolution algorithms applied spatially help overcome these
problems as the spatial subsampling in effect reduces the motion
between frames by the subsampling factor [4, 7]. Although tem-
poral aliasing can be caused by large displacements, it can also be
caused by high spatial frequencies with low-to-moderate displace-
ments. In this case, the spatial low-pass filtering used as part of
the coarse-to-fine estimation can partially overcome the aliasing in
the high spatial frequencies [5, 6, 7]. Note that these approaches
adapt the spatial sampling, but do not modify the temporal sam-
pling: the frame rate for processing is given by the frame rate of
the desired output OFE which is also equal to the frame rate of
the video acquisition. Recently, high-speed cameras are becom-
ing economical and temporally oversampled OFE estimation has
become practical and may provide a cleaner and more accurate ap-
proach for overcoming temporal aliasing. For example, it has been
shown that several still image and video processing applications
benefit from high frame rate video capture by using the additional
information about illumination and motion obtained from tempo-
rally oversampling the video to enhance image quality or improve
the performance of video processing applications [8, 9, 10].
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In our previous work [9, 11], we proposed an OFE algorithm
that computes the OFE for a temporally oversampled video se-
quence and uses this to produce motion field estimates at the de-
sired standard frame rate (see Figure 1). The scene is first captured
at a high frame rate that is OV times the standard frame rate. The
Lucas-Kanade algorithm is used to obtain high accuracy optical
flow estimates between consecutive pairs of high-speed frames.
The next step is to integrate optical flow temporally without losing
the accuracy gained by using the high frame rate sequences. To
do this, the optical flow estimates between consecutive high-speed
frames are accumulated along the motion trajectories and then re-
fined to provide an improved estimate of the optical flow between
each pair of standard-speed frames. The method was tested on syn-
thetically generated video sequences and the results showed sig-
nificant improvements in optical flow estimation (OFE) accuracy
especially for large displacements. Thus, the use of temporal over-
sampling appears to be a natural approach to overcome the large
motion between frames. This paper extends our previous work [9]
and shows that temporal oversampling also helps the case for com-
plex scenes with low velocities but high spatial bandwidth.

Additional benefits of using temporal oversampling for opti-
cal flow estimation (OFE) include: (i) the brightness constancy
assumption [1, 2] made implicitly or explicitly in most OFE al-
gorithms becomes more valid as frame rate increases, and (ii) the
accuracy of temporal gradient estimation increases. From our ex-
periments in Section 3 the most important benefit of using tempo-
ral oversampling is avoiding motion aliasing, which suggests that
the temporal oversampling factor should be high enough to avoid
motion aliasing in order to perform accurate optical flow estima-
tion.

This paper is organized as follows. In Section 2 we review 3-D
spatio-temporal sampling theory and compute the minimum cap-
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Fig. 1. Proposed method for estimating optical flow at the standard
frame rate by processing a high frame rate sequence (OV = 3).
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ture frame rate to avoid motion aliasing and accurately estimate
the temporal gradient. In Section 3 we present optical flow esti-
mation results obtained using sinusoidal test sequences, a synthet-
ically generated natural image sequence and real video sequences.
We confirm that temporal oversampling benefits OFE for complex
scenes with low velocities but high spatial bandwidth and that the
minimum frame rate needed to achieve high accuracy is largely
influenced by the frame rate necessary to avoid motion aliasing.

2. TEMPORAL SAMPLING AND MOTION ALIASING

Motion aliasing can produce large errors even with the best optical
flow estimators. Perhaps the most well known example is that of
the wagon wheel in a Western movie (shot at 24 frames/s) which
appears to be moving in the opposite direction from what physi-
cally makes sense given the wagon’s motion. This section briefly
reviews 3-D spatio-temporal sampling theory and shows that mo-
tion aliasing not only occurs for large displacements but also for
high spatial frequency as well.

Let us consider the problem of how fast we should sample
an original continuous video signal along the temporal dimension
such that it can be perfectly recovered from its samples. Assume
that an ideal low-pass filter with rectangular support in the 3-D fre-
quency domain is used for reconstruction, although in certain ideal
cases, a sub-Nyquist sampled signal can also be reconstructed by
an ideal motion-compensated reconstruction filter assuming the
replicated spectra do not overlap [2]. To recover the original con-
tinuous spatio-temporal video signal from its temporally sampled
version, the temporal sampling frequency (or frame rate) fs must
be greater than 2Bt in order to avoid aliasing in the temporal di-
rection. If we assume global motion with constant velocity vx

and vy (in pixels per standard-speed frame) and spatially bandlim-
ited image with Bx and By as the horizontal and vertical spatial
bandwidths (in cycles per pixel), the minimum temporal sampling
frequency fs,Nyq to avoid motion aliasing is given by

fs,Nyq = 2Bt = 2Bxvx + 2Byvy, (1)

where fs,Nyq is in cycles per standard-speed frame. To clarify this
unit, fs,Nyq = 2 cycles per standard-speed frame corresponds to
60 frames/s when the standard frame rate is 30 frames/s. Note
that the temporal sampling frequency in cycles per standard-speed
frame is the oversampling factor OV . Moreover, since OV is an
integer in our framework to ensure that each standard-speed frame
corresponds to a captured high-speed frame (see Figure 1), the
minimum oversampling factor to avoid motion aliasing, OVtheo,
is

OVtheo = dfs,Nyqe = d2Bxvx + 2Byvye.

To illustrate this relationship consider the simple case of a se-
quence with only global motion in the horizontal direction (i.e.,
with vy = 0). Figure 2 plots OVtheo = d2Bxvxe versus horizon-
tal velocity and spatial bandwidth for this case.

Although sampling just above the Nyquist rate is sufficient to
avoid motion aliasing, it may not be enough for some OFE meth-
ods such as gradient-based methods. In gradient-based OFE meth-
ods, 2-tap filters are often used to calculate the temporal gradient in
order to reduce the number of frame buffers, despite their poor per-
formance for high frequencies. Gradient estimators using a small
number of taps suffer from poor accuracy when high frequency
content is present [12]. Specifically, a 2-tap temporal gradient es-
timator performs poorly for temporal frequencies ft > 1

3
[12].
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Fig. 2. Minimum OV to avoid motion aliasing, as a function
of horizontal velocity vx and horizontal spatial bandwidth Bx

(OV ≥ 1).

One solution is to sample at a rate 50% higher than that of the
Nyquist temporal sampling rate, which ensures that ft ≤

1
3

.

3. SIMULATION AND EXPERIMENTAL RESULTS

This section examines optical flow estimation results obtained us-
ing sinusoidal test sequences, a synthetically generated natural im-
age sequence and a real video sequence captured from a high-
speed camera.

While it is desirable to perform the analysis on natural video
sequences acquired from the real-world, it is difficult to make quan-
titative assessments of the optical flow estimation accuracy be-
cause: (i) the true motion is generally not known in a natural se-
quence, (ii) it is difficult to understand the behavior of the pro-
posed method with respect to local spatial frequency, since each
local region in a natural sequence is likely to have different spatial
frequency content and the Lucas-Kanade method estimates optical
flow by performing spatially local operations, and (iii) typical fig-
ures of merit, such as average angular error and average magnitude
error, are averaged out across the frame. To overcome these prob-
lems we use sinusoidal test sequences, which enable us to vary the
spatial frequency and velocity in a controlled manner. This pro-
vides useful information on how to select the minimum high-speed
frame rate for a natural scene.

We considered a family of 2-D sinusoidal sequences with equal
horizontal and vertical frequencies fx = fy moving only in the
horizontal direction at speed vx (i.e., vy = 0). For each fx and
vx, we generated a sequence with OV = 1 and performed optical
flow estimation using the proposed method. We then incremented
OV by 1 and repeated the simulation. We noticed that the average
error drops rapidly beyond a certain value of OV and that it re-
mained relatively constant for OV s higher than that value. Based
on this observation we defined the minimum oversampling ratio
OVexp as the OV value at which the magnitude error drops be-
low a certain threshold. In particular, we chose the threshold to
be 0.1 pixels/frame. Once we found the minimum value of OV ,
we repeated the experiment for different spatial frequencies and
velocities. The results are plotted in Figure 3.

Recall the discussion in Section 2 (including Figure 2) on the
minimum oversampling factor as a function of spatial bandwidth
and velocity needed to avoid motion aliasing. Note the similarity
between the theoretical results in Figure 2 and their experimen-
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Fig. 3. Minimum OV as a function of horizontal velocity vx and
horizontal spatial frequency fx.

tal counterpart in Figure 3. This is further illustrated by the plot
of their difference and its histogram in Figure 4. This similarity
shows that reduction in motion aliasing is one of the most impor-
tant benefits of using high frame rate sequences. Note from the fig-
ure that oversampling is required, not only for the case with large
displacements but also for high spatial frequency cases. The dif-
ference in Figure 4 can be further reduced by sampling at a higher
rate than dfs,Nyqe to better approximate brightness constancy and
improve the estimation of temporal gradients. In our implementa-
tion, since we used a 2-tap temporal gradient estimator, we need
to sample at least 50% faster than the Nyquist temporal sampling
rate as discussed in Section 2. Choosing an OV curve that is 1.55
times the Nyquist rate (i.e., d1.55fs,Nyqe), in Figure 5 we plot
the difference between the OVexp curve in Figure 3 and the new
OV curve. Note the reduction in the difference achieved by the
increase in frame rate.
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tical flow estimation performance and OV corresponding to the
Nyquist rate.

To investigate the effect of motion aliasing, we also estimated
the energy in the image that leads to motion aliasing. A set of
sequences with different capture frame rates but undergoing the
same global motion with constant velocity of vx = vy = 5 pixels
per standard-speed frame, was generated by warping the natural
image shown in Figure 6 (a). The sequences were generated using
a realistic image sensor model that includes motion blur, tempo-
ral noise and fixed pattern noise [9]. The temporal bandwidth of
the sequences can be estimated as Bt = 5Bx + 5By cycles per
standard-speed frame. Thus, motion aliasing occurs for spatial fre-
quencies {fx, fy} that satisfy the constraint fx + fy > OV/10.
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Fig. 5. Difference between empirical minimum OV for good op-
tical flow estimation performance and OV corresponding to 1.55
times the Nyquist rate.

By computing the 2D-DFT of the first frame (shown in 6 (b)) and
using this constraint, we calculated the energy in the sequence that
is motion aliased for different OV s.

(a) (b)

Fig. 6. (a) The first frame of the sequence and (b) the magnitude
of its 2-D Fourier transform.

Figure 7 plots the average angular error and the energy that is
motion aliased while varying OV . Each point corresponds to an
OV value and it is clear that the performance of the proposed OFE
method is largely influenced by the presence of motion aliasing.
As OV is increased, the motion aliased energy decreases and the
average angular error of the optical flow estimation decreases as
well. This confirms that motion aliasing significantly affects the
performance of OFE and that a key benefit of using high frame rate
sequences is the reduction of motion aliasing. Also, this example
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shows that with initial estimates of velocities, we can predict the
amount of energy in the image that will be aliased. This can be
used to identify the necessary frame rate to achieve high accuracy
OFE for a specific scene.

We also show qualitative results obtained from real video se-
quences captured at a high frame rate. We used an experimental
high speed imaging system [13], which is based on the Digital
Pixel Sensor (DPS) chip and can operate at frame rates of up to
1400 frames/s. The experiment was carried out to examine the ef-
fect of aliasing in optical flow estimation, specifically when high
spatial frequency is present with moderate displacements.

(a) Frame 9 (b) Frame 13

Fig. 8. Two frames from a real video sequence captured at 120
frames/s where the shirt has high spatial frequency content.

Figure 8 shows frames 9 and 13 of the real video sequence.
The high-speed video sequence was captured at 120 frames/s (OV =

4) when a person was moving horizontally from right to left. The
horizontal displacements between frame 9 and 13 were under 2
pixels. To estimate the optical flow between frames 9 and 13, the
method described in [9] used all the frames between frames 9 and
13, while the standard Lucas-Kanade method just used frames 9

and 13. The resulting optical flows are shown in Figure 9. The
effect of aliasing can be seen in some areas in Figure 9 (a) where
the optical flow estimates point in the opposite direction of the true
motion. It shows that the standard frame rate of, e.g., 30 frames/s
is not sufficient to avoid motion aliasing and thus incorrect opti-
cal flow estimates. Note that the shirt has high spatial frequency
although the displacements were small enough to be within gen-
eral acceptable range of the standard Lucas-Kanade method. This
illustrates that capturing sequences at a high frame rate not only
helps when velocities are large but also for complex images with
low velocities but high spatial bandwidths.

4. SUMMARY AND DISCUSSION

In this paper, we showed that temporal oversampling leads to re-
duction of motion aliasing and increased accuracy for a practical
OFE algorithm. Temporal oversampling not only benefits opti-
cal flow estimation for large displacements but also for small dis-
placements with high spatial frequency. Using synthetic video se-
quences we showed that oversampled OFE leads to reduced image
energy that is motion aliased, resulting in smaller OFE errors. In
addition, if 2-tap temporal gradient filters are used, we argue that
the capture frame rate should be 50% higher than that needed in
theory to avoid motion aliasing. Using a real high-speed video se-
quence, we demonstrated that oversampled OFE can lead to accu-
rate motion estimates in contrast to standard frame rate OFE which
can lead to estimates in the wrong direction. Therefore, this work

(a) Standard Lucas-Kanade (b) Proposed method [9]

Fig. 9. Optical flow estimation results for a real video sequence.

demonstrates that temporal oversampling is a promising approach
for improving OFE performance even when only standard frame
rate optical flow is needed for subsequent video processing.
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