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Abstract—Super-resolution is a very well-studied
topic in image enhancement. However, traditional
super-resolution techniques are limited by global
motion assumption and the accuracy of displace-
ment estimation. In this paper, we are interested in
the problem of constructing super-resolution images
from high-speed camera sequences with the presence
of moving objects. The objective of our research is
finding a suitable method for this problem. We have
experimented with several super-resolution methods
on simulated and real high frame rate sequences in
order to compare the performance of these methods.
Experimental results and discussion will be reported.

Index Terms—video processing, super-resolution,
image interpolation, high-speed camera, high frame
rate video

I. INTRODUCTION

Image enhancement has been a well-studied
topic in the literature, with a wide variety of
solutions. It can be separated into two groups:
a) creating high quality images by increasing the
number of image pixels or information (super-
resolution imaging), and b) de-noising, de-blurring
for enhancing the visual quality (but no extra
information).

In this paper, we focus on the problem of
super-resolution image construction from video
sequences captured by a high-speed camera. High-
speed cameras which could capture up to thound-
sands, even millions, frames per second have been
developed and found many applications, especially
in scientific imaging, when there are needs to
capture and to analyze the motion of fast moving
objects.

Our work is concerned with high-speed surveil-
lance cameras. Surveillance cameras are usually
used in places where the environment is full of

noises, motions and vibrations which could affect
the quality of captured images. Traffic cameras,
surveillance cameras at airports and train stations,
and monitoring cameras at factories, are some
examples. The main benefit of using high-speed
surveillance cameras is that their images are less
affected by motions, low-frequency noises and
vibrations. However, spatial resolution of a high-
speed camera is usually low compared to that of
normal-speed cameras, so it is needed to construct
images with a higher resolution from the low
resolution images captured by high-speed cameras
to obtain better details of the objects in those
images.

II. BACKGROUND

The background knowledge necessary for un-
derstanding and exploring super-resolution meth-
ods can be found in [12] and [6].

In the context of super-resolution imaging,
it is generally assumed that several low res-
olution (LR) images can be combined into a
single high resolution (HR) image (decreasing
the temporal-resolution in order to increase the
spatial-frequency content) (see Fig 1). The LR im-
ages should not all be identical, of course. Rather,
there must be some variation between them, such
as motion of camera and/or objects, or change of
viewing angle. In theory, given multiple image
frames of a same scene and the transformations
between these frames, it should be able to obtain
a much better image of the scene.

A. Super-resolution with the presence of moving
object(s)

However, most super-resolution methods work
well only with images of stationary scenes (no



Fig. 1. Multi-frame super-resolution image construction,
step by step: 1) Finding displacement between frames (sub-
pixel accuracy is required), 2) Up-sampling all the frames and
register them to a finer grid, and 3) Performing interpolation
to estimate missing pixel in the grid (known as irregular
interpolation and/or scattered interpolation [14])

object motion). There have been comparatively
few investigations into applying super-resolution
techniques to video with the presence of moving
objects. There are some differences between them:
• In the case of stationary scenes, there is

only motion of the camera, thus the relative
displacement is global. In video sequences
with moving objects, the camera may be
stationary but there are individual objects
moving within the scene like walking people
or running cars. In such situations, it may
be necessary to identify and determine the
motion of each object individually. We may
also need to care about local blur caused by
object motion.

• A 2-D image is a projection of a 3-D scene
into the image plane. Depending on the
relative position between a object and the
camera, as well as the motion of the object,
that object can appear drastically different in
different frames. For example, a disc standing
parallel to the image plane will appear as a
circle. If it is rotated about a parallel axis,
however, it will become an ellipse of shrink-
ing width, until it finally looks like a line.
Moreover, parts of an object may become
invisible due to occlusion. Many methods
assume simple affine transformations to deal
with changes of the object’s shape from
frame to frame [8].

• In many super-resolution methods the con-
struction is possible only with sub-pixel dis-
placements [3]. In some applications it is
possible to control camera motion to guaran-
tee sub-pixel displacements between frames.
However, in reality it is difficult to control the
speed of moving objects in the scene, thus

it is unable to ensure that the displacements
are sub-pixel. A better way to deal with
this situation is detecting moving objects in
the sequence and focusing on sub-pixel parts
of the motion. In this way, the registration
between frames becomes more complex with
classifying pixels into moving objects and
background.

[9] and [15] are about super-resolution image
construction for moving object case. In these
works, the construction process includes three
steps: 1) The moving object is detected and seg-
mented from low resolution frames, 2) Performing
motion estimation and registration only on object
pixels, and 3) Irregular interpolation is performed
to obtain super-resolution image of the object.
Flow diagram of super-resolution image construc-
tion for moving objects is presented in Fig.2.

Fig. 2. Flow diagram of super-resolution image construction
for moving objects

B. Super-resolution for high-speed camera se-
quences

There are important features we need to con-
sider when working with images from high-speed
surveillance cameras:
• The camera is often stationary during record-

ing process.
• Displacements of moving objects between

successive frames are very small (usually



sub-pixel). The shape of a moving object
seems to be constant and its motion is simply
translation from a frame to the next.

• Blur caused by object motion is insignificant.

We have found nothing in the literature regard-
ing super-resolution techniques specifically for
high frame rate sequences. But for most common
super-resolution methods, these above mentioned
features could be seen as advantages. However, the
accuracy of these may suffer with the presence
of noise since the variation between successive
frames is too small.

C. Motion approximation by optical flow

An optical flow method tries to estimate how
much each pixel moves from a frame to the
next, based on temporal derivatives. The main
advantage of using optical flow is that a dense
motion field is computed for every pixel in each
frame, that is appropriate when the motions are
local (motions of objects) and there is no a priori
information about object motions. Most optical
flow methods could achieve sub-pixel accuracy
when the displacements are small [17], [2], [5],
[10], so they fit quite well with the features of
images from high-speed cameras.

Using optical flow for motion estimation always
introduces errors since the flow equations are
built up on image gradients. When computing the
gradients, we tend to amplify the noise. In the case
of high frame rate sequences, when displacements
between successive frames are very small, noise
becomes a remarkable obstacle. To overcome this
obstacle, consider optical flow methods using high
order derivation, and also multi-scale, multi-layer
methods[3], [10]. In the latter the optical flow
could be refined by using both temporal and
spatial information.

D. Image interpolation

Interpolation is an important step in super-
resolution image construction, because LR images
need being upscaled to fit a higher resolution grid.
There are many ways to perform interpolation in
super-resolution methods. The easiest way may
be that upscaling each LR frame separately then
combining them after compensating their motions
to obtain an HR image. In this way interpolation

is done with a uniform grid, that could be simple
but the amount of computations could be huge.

Another way is to fill up a HR grid with data
from LR frames after compensating their motions,
then using non-uniform interpolation methods,
also called irregular interpolation, to estimate val-
ues of missing pixels in the HR grid. Note that
motion vectors, estimated with sub-pixel accuracy
from LR frames, must be rounded to pixel level
in the HR grid. One of the state-of-the-art among
non-uniform interpolation methods is the Kernel
Regression Interpolation (KRI), proposed in [14].
The strength of KRI when applying to image
interpolation is that it could exploit geometric
regularities in images to reduce artifacts.

There is also a class of interpolation methods,
called scattered data interpolation[7], [11], [1],
which seems also suitable for our purpose. In
these methods, the first step is to fit the available
pixels in the HR grid with a smooth surface, then
using that surface for interpolating missing pixels.
There are many methods to generate a smooth
surface from scattered points, such as triangulation
or tetrahedrization.

E. Super-resolution without explicit motion esti-
mation

A method for constructing a super-resolution
image from multiple LR frames without having to
estimate frame-to-frame displacements is known
as the Nonlocal-Means (NLM). The concept of
NLM was first proposed by Buades, Coll and
Morel [4] as a de-noising algorithm. The key
idea of this method is to update each pixel with
weighted values of its spatial neighbors. The up-
date formula for a pixel p is:

x̂[p] =

∑
ṕ∈N(p) w[p, ṕ]y[ṕ]∑

ṕ∈N(p) w[p, ṕ]

where x̂[p] is the updated value of pixel p, N(p)
denotes a set of neighboring pixels of pixel p,
and the weight w[p, ṕ] presents an identical factor
between the two pixels p and ṕ, whose value
is calculated based on the distance (difference)
between two patches centered at these two pixels:

w[p, ṕ] = e−dist(R(p),R(ṕ))2/2σ2
f(dist(p, ṕ))

Protter is the first author to apply NLM to super-
resolution imaging. In this case, each output pixel



is computed as a weighted average of pixels in its
3-dimensions neighborhood (both spatial and tem-
poral) in the input sequence. By taking a slightly
different perspective, we can regard the weights
as reflecting the similarity between an updated
pixel in the HR grid and its neighbors in the LR
frames. Details of this method can be found in
[13]. The NLM-based super-resolution method is
a potentially good approach to process sequences
from high-speed surveillance cameras since the
temporal search range is small compared to that
with normal-speed camera sequences, hence re-
ducing computational loads. Another benefit is
that irregular interpolation is not needed.

III. EXPERIMENTS

The objective of our experiments is to compare
the performance of super-resolution methods when
applying to enhancing images from high-speed
cameras. We have implemented two categories of
methods: one with optical flow-based motion es-
timation and the other without motion estimation
(NLM-based), using three different image interpo-
lation schemes: non-uniform linear interpolation,
Kernel Regression interpolation, and triangulation-
based scattered interpolation. These methods were
tested on simulated and real-world sequences. The
real-world sequences were captured by a surveil-
lance camera, which has the frame rate of up to
500 frames/second.

The super-resolution process using optical flow
can be summarized into four steps:

1) Calculating the motion vector field between
successive frames.

2) Identifying the region of interest ROI
which containes the moving object from
each frame based on the motion field.

3) Registering pixels in the ROI of each frame
into the HR grid, with motion compensation.

4) Interpolating missing pixels in the HR grid.

Fig. 3. Identifying the moving object.

Fig. 4. Combination of pixels in the ROI of original frames
to obtain denser information of moving object.

Simulated sequences were created from HR
images by generating small displacements, then
downsampling all frames 5 times in each dimen-
sion and adding noise with the SNR of 20dB. HR
images were then reconstructed from simulated
LR sequences, with and without added noise. The
HR images were reconstructed from 10, 15, and
20 LR frames, equivalent to 40%, 60%, and 80%
of the original data, respectively.

The registration into the HR grid is illustrated
in Fig.5. The solid line represents a continuous
orbit of the object within a sequence. Positions of
the object in frames are represented by numerous
dots (with 1/10-pixel accuracy), each of them is
considered a “piece of information”. After motion
estimation, we have to warp all LR frames in to a
HR grid as shown in Fig.6.

Fig. 5. The orbit of the moving object in a sequence: the
solid line illustrates the continuous movement of this object
over time; each dot denotes a position at one time.

Experimental results on simulated sequences
are shown in Tables I, II, and III. In each table
there are three sets of PSNR data equivalent to



Fig. 6. Warping data from multiple frames into a HR grid.

three different numbers of frames used for LR
image reconstruction. For each case, the first line
contains results obtained from simulated sequence
without noise, and the second line contains results
obtained from simulated sequence with added
noise. For all sequences, we could see using KRI
for missing pixel interpolation always achieves the
best performance. Another observation from these
results is that noise could severely degrade the
performance of super-resolution methods.

TABLE I
RESULTS ON SIMULATED SEQUENCE #1.

# of frames Linear KRI Scattered

10 29.2 30.24 28.3
29.18 30.44 28.98

15 31.79 33.24 30.32
29.18 31.5 30.58

20 36.15 36.56 35.68
30.27 31.58 31.11

TABLE II
RESULTS ON SIMULATED SEQUENCE #2.

# of frames Linear KRI Scattered

10 27.1 29.08 28.53
24.78 26.28 24.37

15 31.43 35.62 31.59
27.01 27.03 25.6

20 35.23 38.01 33.4
29.79 31.23 26.94

Fig.7 is an original frame from a real-world high
frame rate sequence we used in our experiments,

TABLE III
RESULTS ON SIMULATED SEQUENCE #3.

# of frames Linear KRI Scattered

10 28.8 29.2 27.87
28.78 29.92 29.31

15 30.87 31.02 29.81
28.59 28.63 28.84

20 34.5 34.78 32.71
28.78 29.92 29.31

and the super-resolution image constructed from
that sequence is shown if Fig.8.

Fig. 7. An LR frame from a real-world high-speed camera
sequence.

Fig. 8. Super-resolution image of a moving car constructed
from a real-world sequence.

For the NLM-based super-resolution method,
the performance is quite low in term of PSNR
(about 25dB for simulated sequences without
noise and about 20dB for simulated sequences
with added 20dB noise), but the visual quality of



constructed images is comparable to those resulted
from optical flow-based methods, as shown in
Fig.9. A possible explanation is that NLM method
tends to smooth irregularities in images.

Fig. 9. Super-resolution image constructed from seven frames
of a real-world sequence by using NLM-based method.

IV. CONCLUSIONS AND FUTURE WORK

Super-resolution construction for video contain-
ing local moving objects is always a difficult
task. For high-speed camera sequences, methods
employing optical flow-based motion estimation
or NLM (no motion estimation needed) are good
candidates. However, from our experiments with
these methods, we have realized that the key for
improving quality of constructed images lies with
the selection of image interpolation techniques.
State-of-the-art methods in image interpolation are
the ones making use of geometric regularities like
[16]. Our findings are quite consistent with this
trend since the use of KRI always yields the best
results. The disadvantage of [16] and some other
image interpolation methods is they are developed
originally for uniform-grid interpolation. In the
next step we will dig deeper into approaches
for irregular image interpolation with focus on
geometric regularities.
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