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Abstract

A super-resolution imaging method suitable for imaging objects moving in a dynamic scene is de-
scribed. The primary operations are performed over three threads: the computation of a dense
inter-frame 2-D motion field induced by the moving objects at a sub-pixel resolution in the first
thread. Concurrently, each video image frame is enlarged by the cascode of an ideal low-pass filter
and a higher rate sampler, essentially stretching each image onto a larger grid. Then, the main task
is to synthesize a higher resolution image from the stretched image of the firstframe and that of the
subsequent frames subject to a suitable motion compensation. A simple averaging process and/or
a simplified Kalman filter may be used to minimize the spatio-temporal noise, in the aggregation
process. The method is simple and can take advantage of common MPEG-4 encoding tools. A few
experimental cases are presented with a basic description of the key operations performed in the
over all process.
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1. Introduction

The objective of super-resolution imaging is to synthesize a higher resolution image of objects from
a sequence of images whose spatial resolution is limited by the operational nature of the imaging
process. The synthesis is made possible by several factors that effectively result in sub-pixel level
displacements and disparities between the images.

Research on super-resolution imaging has been extensive in recent years. Tsai and Huang were
the first trying to solve the problem. In [20], they proposed a frequencydomain solution which
uses the shifting property of the Fourier transform to recover the displacements between images.
This as well as other frequency domain methods like [11] have the advantages of being simple and
having low computational cost. However, the only type of motion between imageswhich can be
recovered from the Fourier shift is the global translation, therefore, the ability of these frequency
domain methods is quite limited.
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Motion-compensated interpolation techniques [19, 7] also compute displacements between im-
ages before integrating them to reconstruct a high resolution image. The difference between these
methods and the frequency domain methods mentioned above is that they work inthe spatial do-
main. Parametric models are usually used to model the motions. The problem is, most parametric
models are established to represent rigid motions such as camera movements, while in the real world
motions captured in image sequences are often non-rigid, too complex to be described by a para-
metric model. Model-based super-resolution imaging techniques such as back-projection [10] also
face the same problem.

More powerful and robust methods such as theprojection onto convex sets(POCS)-based meth-
ods [16], which are based on set theories, and stochastic methods likemaximum a posteriori(MAP)-
based [6] andMarkov random field(MRF)-based [17] algorithms are highly complex in term of
computations, hence unfit for applications which require real-time processing.

The objective of this research is a super-resolution imaging technique which is simple and fast
enough to be used for camera surveillance systems requiring on-line processing. We chose the
motion-compensated interpolation approach because of its simplicity and low computational com-
plexity. Current motion-compensated interpolation methods suffer from the complexity of object
motions captured in real-world image sequences, which makes it impossible to model the displace-
ments with parametric models often used by these methods. To overcome that problem, we proposed
a technique for computing the flow fields between images. The technique is fairly simple with the
use of linear affine approximations, yet it is able to recover the displacements with a sub-pixel-level
accuracy, thank to its multi-scale piecewise approach. Our optical flow-based method assumes that
the cameras do not exhibit any looming effect, and there is no specular reflection over the zones
covered by the objects of interest within each image. We also assume there is no effect of motion
blur in the images. With the proliferation of cheap high-speed CMOS cameras and fast video cap-
turing hardware, motion blur is no longer a serious problem in video image processing as it used to
be.

We focus our experimental study on digital video images of objects moving steadily in the field
of view of a camera fitted with a wide-angle lens. These assumptions hold goodfor a class of
video based security and surveillance systems. Typically, these systems routinely perform MPEG
analysis to produce a compressed video for storage and offline processing. In this context, the
MPEG subsystem can be exploited to facilitate super-resolution imaging through a piecewise affine
registration process which can easily be implemented with the MPEG-4 procedures. The method is
able to increase the effectiveness of camera security and surveillance systems.

2. Super-Resolution Imaging Based on Motion Compensation

The flow of computation in the proposed method is depicted in Fig. 1. Each movingobject will be
separated from the background using standard image segmentation techniques. Also, a set of feature
points, called the points-of-interest, will be extracted. These points include places were the local
contrast patterns are well defined, and/or exhibit a high degree of curvature, and such geometric
features. We track their motions in the 2-D context of a video image sequence. This requires image
registration, or some variant of point correspondence matching. The net displacement of the image
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Figure 1:The schematic block diagram of the proposed super-resolution imaging method.

of an object between any two consecutive video frames will be computed withsub-pixel accuracy.
Then, a rigid coordinate system is associated with the first image, and any subsequent image is mod-
eled as though its coordinate system has undergone a piecewise affine transformation. We recover
the piecewise affine transform parameters between any video frame with respect to the first video
frame to a sub-pixel accuracy. Independently, all images will be enlarged to a higher resolution
using a bilinear interpolation [14] by a scale factor. The enlarged image of each subsequent frame
is subject to an inverse affine transformation, to help register it with the previous enlarged image.
GivenK video frames, then, in principle, it will be feasible to synthesizeK−1 new versions of the
scaled and interpolated and inverse-motion-compensated image at the first frame instant. Thus, we
haveK high resolution images to assimilate from.

We follow a framework proposed by Cho et al. [5] for optical flow computation based on a



piecewise affine model. A surface moving in the 3-D space can be modeled asa set of small planar
surface patches so that projected motion of each of those 3-D planar patches in a 2-D plane between
two consecutive image frames can be described by an affine transform. Basically, this is a mesh-
based technique for motion estimation, using 2-D content-based meshes. Theadvantage of content-
based meshes over regular meshes is their ability to reflect the content of thescene by closely
matching boundaries of the patches with boundaries of the scene features[1], yet finding feature
points and correspondences between features in different frames is adifficult task. A multi-scale
coarse-to-fine approach is utilized in order to increase the robustness of the method as well as the
accuracy of the affine approximations. An adaptive filter is used to smooth theflow field such that
the flow appears continuous across the boundary between adjacent patches, while the discontinuities
at the motion boundaries can still be preserved. Many of these techniquesare already available in
MPEG-4 tools.

3. Optical Flow Computation

Our optical flow computation method includes the following phases:

1. Feature extraction and matching: in this phase the feature points are extracted and feature
matching is performed to find the correspondences between feature pointsin two consecutive
image frames.

2. Piecewise flow approximation: a mesh of triangular patches is created, whose vertices are the
matched feature points. For each triangular patch in the first frame there is acorresponding
one in the second frame. The affine motion parameters between these two patches can be
determined by solving a set of linear equations formed over the known correspondences of
their vertices. Each set of these affine parameters define a smooth flow within a local patch.

3.1. The Multi-scale Approach

Affine motion is a feature of the parallel projection, yet it is common even in applications using the
perspective imaging model to use a 2-D affine transform to approximate the 2-D velocity vector field
produced by a small planar surface patch moving rigidly in the 3-D space, since the quadratic terms
of the motion in such a case are very small. A curved surface can be approximated with a set of
small planar surface patches, then the motion of the curved surface can be described by a piecewise
set of affine transforms, one for each planar patch, even if the surface is non-rigid, because a non-
rigid surface can be approximated with a set of small rigid patches. The morenumber of patches
are used, the more accurate the approximation is. Therefore, it is obviousthat we would like to
create the mesh in each image frame using as many feature points as possible. The problem is,
when the set of feature points in each frame is too dense, finding correspondences between points
in two consecutive frames is very difficult, especially when the displacementsare relatively large.

Our solution for this problem is a multi-scale scheme. It starts at a coarse level with only a few
feature points, so matching them is fairly simple. A piecewise set of affine motionparameters,
which gives an approximation of the motion field, is computed from these matchingpoints. At the



next finer scale, more feature points are extracted. Each of the featurepoints in the first frame has a
targetin the second frame, which is given by an affine transform estimated in the previous iteration.
To find a potential match for a feature point in the first frame, the algorithm has to consider only
those feature points in the second frame, which are close to its target point. This iterative process
guarantees convergence, i.e. the errors of the piecewise affine approximations get smaller after each
iteration.

3.2. Feature Point Extraction

As we mentioned earlier, edge and corner points are the most commonly-usedfeatures for mo-
tion estimation methods which require feature matching. It is due to the availability ofnumerous
advanced techniques for edge and corner detection. Besides, it has been known that most of the
optical flow methods are best-conditioned at edges and edge corners. We follow the suit by looking
for points located at curved parts (corners) of edges. Edge points are identified first by using Canny
edge detection method. Canny edge detector [4] applies a low-pass filter onthe input image, then
performs non-maxima suppression along the gradient direction at each potential edge point to pro-
duce thin edges. Note that the scale of this operation is specified by the widthσe of the 2-D Gaussian
function used to create the low-pass filter. Using a Gaussian with a smaller value ofσe means a finer
scale, giving more edge points and less smooth edges. To find the points located at highly-curved
parts of the edges, a curvature function introduced by Mokhtarian and Mackworth [15] is consid-
ered. Their method allows the curvature measurement along a 2-D curveΓ(s) = (x(s), y(s)), s is
thearc length parameter, at different scales by first convolving the curveΓ with an 1-D Gaussian

functiong(s, σk) = 1
σk

√
2π
e

−s
2

2σ2

k , whereσk is the width of the Gaussian.

X (s, σk) =

∫ +∞

−∞
x(s1)g(s− s1, σk)ds1 (1)

Y(s, σk) =

∫ +∞

−∞
y(s1)g(s− s1, σk)ds1 (2)

The curvature functionκ(s, σk) is given by

κ(s, σk) =
Xs(s, σk)Yss(s, σk)− Xss(s, σk)Ys(s, σk)

[Xs(s, σk)2 + Ys(s, σk)2]3/2
(3)

The first and second derivatives ofX (s, σk) andY(s, σk) can be obtained by convolvingx(s)
andy(s) with the first and second derivatives of the Gaussian functiong(s, σk), respectively. The
feature points to be chosen are the local maxima of|κ(s, σk)| whose values must also exceed a
threshold valuetk. At a finer scale, a smaller value ofσk is used, resulting in more corner points to
be extracted.

3.3. Feature Point Matching

Finding the correspondences between feature points in consecutive frames is the key step of our
method. We devised a matching technique in which the cross-correlation, curvature, and displace-
ment are used as matching criteria. The first step is to find an initial estimate for the motion at every



feature point in the first frame. Some matching techniques such as that in [18] have to considered
all possible pairs, henceM × N pairs needed to be examined, whereM andN are the number of
feature points in the first ans second frames, respectively. Some othersassume the displacements
are small to limit the search for a match to a small neighborhood of each point. Bygiving an initial
estimate for the motion at each point, we are also able to reduce the number of pairs to be examined
without having to constrain the motion to small displacements. Remember that we areemploying
a multi-scale scheme , in which the initial estimation of the flow field at one scale is given by the
piecewise affine transforms computed at the previous level, as mentioned in 3.1. At the starting
scale, a rough estimation can be made by treating the points as if they are undera rigid 2-D mo-
tion. It means the motion is a combination of a rotation and a translation. Compute the centers of
gravity,C1 andC2, the angles of the principal axes,α1 andα2, of the two sets of feature points
in two frames. The motion at every feature points in the first frame can be roughly estimated by a
rotation aroundC1 with the angleφ = α2 −α1, followed by a translation represented by the vector
t = xC2

− xC1
, wherexC1

andxC2
are the vectors representing the coordinations ofC1 andC2 in

their image frame.
Let it andjt+1 be two feature points in two framest andt + 1, respectively. Leti′t+1 be the

estimated match ofit in frame t + 1, d(i′, j) be the Euclidean distance betweeni′t+1 and jt+1,
c(i, j) be the cross-correlation betweenit andjt+1, 0 ≤ c(i, j) ≤ 1, and∆κ(i, j) be the difference
between the curvature measures atit andjt+1. A matching scorebetweenit andjt+1 is defined as
follows

d(i′, j) > dmax :
s(i, j) = 0

d(i′, j) ≤ dmax :
s(i, j) = wcc(i, j) + sk(i, j) + sd(i, j),

(4)

where
sk(i, j) = wk(1 + ∆κ(i, j))−1

sd(i, j) = wd(1 + d(i′, j))−1 (5)

The quantitydmax specifies the maximal search distance from the estimated match point.wc, wk,
andwd are the weight values, determining the importance of each of the matching criteria. The
degree of importance of each of these criteria changes at different scales. At a finer scale, the
edges produced by Canny edge detector become less smooth, meaning the curvature measures are
less reliable. Thus,wk should be reduced. On the other hand,wd should be increased, reflecting
the assumption that the estimated match becomes closer to the true match. For each point it, its
optimal match is a pointjt+1 such thats(i, j) is maximal and exceeds a threshold valuets. Finally,
inter-pixel interpolation and correlation matching are used in order to achieve sub-pixel accuracy in
estimating the displacement of the corresponding points.

3.4. Affine Flow Computation

Consider a planar surface patch moving under rigid motion in the 3-D space.In 2-D affine models,
the change of its projections in an image plane from framet to framet + 1 is approximated by an
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where (xt, yt) and (xt+1, yt+1) represent the coordinations of a moving point in framest and
t + 1, a, b, c, d, e, andf are the affine transform parameters. Letx be vector[x, y]T . The point
represented byx is said to be under anaffine motionfrom t to t + 1. Then the velocity vector
v = [dx/dt, dx/dt]T of that point at timet is given by

v
t = x

t+1 − x
t

=

[

a− 1 b
c d− 1

]

x
t +

[

e
f

]

= Ax
t + c

(7)

A andc are called theaffine flow parameters.
Using the constrained Delaunay triangulation [9] for each set of featurepoints, a mesh of triangu-

lar patches is generated to cover the moving part in each image frame. A set of line segments, each
of which connects two adjacent feature points on a same edge, is used to constrain the triangulation,
so that the generated mesh closely matches the true content of the image. From(7), two linear
equations of six unknowns are formed for each pair of correspondingfeature points. Therefore, for
each pair of matching triangular patches, a total of six linear equations is established from their cor-
responding vertices. Solving these equations we obtain the affine motion parameters, which define
the affine flow within the small triangular region.

3.5. Evaluation of Optical Flow Computation Technique

We conducted experiments with our optical flow estimation technique using some common image
sequences created exclusively for testing optical flow techniques and compared the results with
those in [2] and [3]. The image sequences used for the purpose of error evaluation include the
Translating Tree sequence (Fig. 3), the Diverging Tree sequence (Fig. 4), and the Yosemite sequence
(Fig. 5). These are simulated sequences for which the ground truth is provided.

As in [2] and [3], an angular measure is used for error measurement. Let v = [u v]T be the
correct 2-D motion vector andve be the estimated motion vector at a point in the image plane. Let
ṽ be a 3-D unit vector created from a 2-D vectorv :

ṽ =
[v 1]T

|[v 1]|
(8)

The angular errorψe of the estimated motion vectorve with respect to the correct motion vector
v is defined as follows:

ψe = arccos(ṽ.ṽe) (9)

Using this angular error measure, bias caused by the amplification inherentin a relative measure
of vector differences can be avoided.

For the Translating Tree and Diverging Tree sequences, the performance of the piecewise affine
approximation technique is comparable to most other methods shown in [2] (Tables 1 and 2). The



Table 1:Performance of various optical flow techniques on the Translating Tree sequence.

lack of features led to large errors at some parts of the images in these two sequences, especially
near the center in the Diverging Tree sequence where the velocities are very small, increasing the
average errors significantly, even though the estimated flow fields are accurate for most parts of the
images.

The Yosemite sequence is a complex test. There are diverging motions due to the movement of
the camera and translating motions of the clouds. While all the techniques analyzed in [2] show
significant increases of errors in comparison with the results from the previous two sequences,
the performance of our technique remains consistent (Table 3). Only those methods of Lucas and
Kanade [13], Fleet and Jepson [8], and Black and Anandan [3] areable to produce smaller errors
than ours on this sequence. And among them, Lucas and Kanade’s and Fleet and Jepson’s methods
could manage to recover only about one third of the flow field in average, while the piecewise affine
approximation technique recovers nearly 90 percent of the flow field.

To verify if the accuracies are indeed sub-pixel, we use the distance error de = |v − ve|. For the
Translating Tree sequence, the mean distance error is 11.40% of a pixel and the standard deviation of
errors is 15.69% of a pixel. The corresponding figures for the Diverging Tree sequence are 17.08%
and 23.96%, and for the Yosemite sequence are 31.31% and 46.24%. It is obvious that the flow
errors at most points of the images are sub-pixel.

3.6. Utilizing MPEG-4 Tools for Motion Estimation

MPEG-4 is an ISO/IEC standard (ISO/IEC 14496) developed by the Moving Picture Experts Group
(MPEG). Among many other things, it provides solutions in the form of tools and algorithms for
content-based coding and compression of natural images and video. Mesh-based compression and
motion estimation are important parts of image and video compression standards inMPEG-4 [12].
Some functions of our optical flow computation technique are already available in MPEG-4, includ-



Table 2:Performance of various optical flow techniques on the Diverging Tree sequence.

ing:

• Mesh generation: MPEG-4 2-D meshing functions can generate regular or content-based
Delaunay triangular meshes from a set of points. Methods for selecting thefeature points are
not subject to standardization. 2-D meshes are used for mesh-based image compression with
texture mapping on meshes, as well as for motion estimation.

• Computation of piecewise affine motion fields: MPEG-4 tools allow construction of continu-
ous motion fields from 2-D triangular meshes tracked over video frames.

MPEG-4 also has functions for standard8 × 8 or 16 × 16 block-based motion estimation, and
for global motion estimation techniques. Overall, utilizing 2-D content-based meshing and motion
estimation functions of MPEG-4 helps ease the implementation tasks for our optical flow technique.
On the other hand, our technique makes improvements over MPEG-4’s mesh-based piecewise affine
motion estimation method, thank to its multi-scale scheme.

4. Super-Resolution Image Reconstruction

Given a low-resolution image framebk(m,n), we can reconstruct an image framefk(x, y) with a
higher resolution as follows [14]:

fk(x, y) =
∑

m,n

bk(m,n)
sinπ(xλ−1 −m)

π(xλ−1 −m)

sinπ(yλ−1 − n)

π(yλ−1 − n)
(10)

wheresin θ
θ is the ideal interpolation filter, andλ is the desired resolution step-up factor. For example,

if bk(m,n) is a50× 50 image andλ = 4, then,fk(x, y) will be of the size200× 200.



Table 3:Performance of various optical flow techniques on the Yosemite sequence.

Each point in the high-resolution grid corresponding to the first frame canbe tracked along
the video sequence from the motion fields computed between consecutive frames, and the super-
resolution image is updated sequentially:

x(1) = x, y(1) = y, f
(1)
1 (x, y) = f1(x, y) (11)

x(k) = x(k−1) + uk(x
(k−1), y(k−1)), y(k) = y(k−1) + vk(x

(k−1), y(k−1)) (12)

f
(k)
k (x, y) =

k − 1

k
f
(k−1)
k−1 (x, y) +

1

k
fk(x

(k), y(k)) (13)

for k = 2, 3, 4 · · · . The valuesuk and vk represent the dense velocity field betweenbk−1 and
bk. This sequential reconstruction technique is suitable for on-line processing, in which the super-
resolution images can be updated every time a new frame comes.

5. Experimental Results

In the first experiment we used a sequence of 16 frames capturing a slow- moving book (Fig. 6).
Each frame was down-sampled by a scale of four. High resolution images were reconstructed from
the down-sampled ones, using2, 3, ..16 frames, respectively. The graph in Fig. 2 shows errors
between reconstructed images and their corresponding original frame keep decreasing when the
number of low-resolution frames used for reconstruction is increased, until the accumulated optical
flow errors become significant. Even though this is a simple case because theobject surface is planar
and the motion is rigid, it nevertheless presented the characteristics of this technique.

The second experiment was performed on images taken from a real surveillance camera. In this
experiment we tried to reconstruct high-resolution images of faces of people captured by the camera



Figure 2:Graph of mean square errors between reconstructed images and the original frame.

(Fig. 7). Results show obvious improvements of reconstructed super-resolution images over original
images.

For the time being, we are unable to conduct a performance analysis of oursuper-resolution
method in comparison with others’, because: 1) There has been no study on quantitative evaluation
of the performance of super-resolution techniques so far; and 2) There are currently no common
metrics to measure the performance of super-resolution techniques (in fact, most of the published
works on this subject did not perform any quantitative performance analysis at all). The number
of super-resolution techniques are so large that a study on comparison of their performances could
provide enough contents for another paper.

6. Conclusion

We have presented a method for reconstructing super-resolution images from sequences of low-
resolution video frames, using motion compensation as the basis for multi-frame data fusion. Mo-
tions between video frames are computed with a multi-scale piecewise affine model which allows
accurate estimation of the motion field even if the motion is non-rigid. The reconstruction is se-
quential – only the current frame, the frame immediately before it and the last reconstructed image
are needed to reconstruct a new super-resolution image. This makes it suitable for applications that
require real-time operations like in surveillance systems.
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Figure 3:Top: two frames of the Translating Tree sequence. Middle: generated triangular meshes.
Bottom: the correct flow (left) and the estimated flow (right).



Figure 4:Top: two frames of the Diverging Tree sequence. Middle: generated triangular meshes.
Bottom: the correct flow (left) and the estimated flow (right).



Figure 5:Top: two frames of the Yosemite sequence. Middle: generated triangular meshes. Bottom:
the correct flow (left) and the estimated flow (right).



Figure 6:Top: parts of an original frame (left) and a down-sampled frame (right). Middle: parts of
an image interpolated from a single frame (left) and an image reconstructed from 2 frames (right).
Bottom: parts of images reconstructed from 4 frames (left) and 16 frames (right).

Figure 7: Left: part of an original frame containing a human face. Center: part of an image
interpolated from a single frame. Right: part of an image reconstructed from4 frames.


