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Abstract.

For a number of problems involving image sequences, it is essential to have
a good motion estimate. In particular, when obtaining a high resolution
image or video sequence from a set of low resolution images [1], the qual-
ity of the estimated motion plays a critical role in the performance of the
high resolution algorithm. In this paper, we evaluate two different non-
parametric motion estimation techniques, one based on block-matching [2]
and the other based on the optical flow equation [3], to obtain sub-pixel dis-
placements between frames. We will also consider the local quality of the
displacement map estimates to improve the high resolution estimations [4].
The methods are tested on real images.

1 Introduction

Visual communications play a very important role nowadays. Our society is pro-
vided with the most appealing technology to capture, transmit, store, reproduce,
analyze and visualize images. The quality of an image is mainly determined by
its spatial resolution, that is, the number of pixels per unit area. The more res-
olution an image has the more pleasant the picture is perceived. This is due to
the additional details a high resolution (HR) image offers. High precision optics
and sensors can produce HR images at the expense of a prohibitively expensive
cost and serious limitations like shot noise. Therefore, the use of signal process-
ing techniques is a very promising way to improve the spatial image resolution.
Super-Resolution (SR) is the term used to describe techniques that attempt to
reconstruct a higher resolution still image or video sequence from a sequence of

1



2

low resolution images. SR underlying idea relies on adding new information to
a target frame by detecting the sub-pixel displacements between such frame and
its adjacent ones. These sub-pixel shifts are produced by the camera and/or by
the motion of objects in the scene.

The importance of a good motion estimation (ME) in Super-Resolution nat-
urally arises. Independently of the SR method used (frequency domain, non-
uniform interpolation or statistical methods), the underlying motion estimation
technique must be as accurate as possible [5]. While literature can be found
on SR image reconstruction (see [1] and [15] for an overview), little attention
has been paid to the performance of motion estimation techniques when used
in SR problems. Schultz et al. [6] compared several sub-pixel motion estima-
tion techniques into the Bayesian multiframe enhancement algorithm: eight-
parameter projective motion model, block-matching and Horn-Schunck optical
flow estimation. They concluded that each technique has its own advantages
and disadvantages depending on the kind of motion and the image character-
istics. Quantitative comparisons between the enhanced image and the original
one were made using the Improved Signal-to-Noise Ratio (ISNR). They detected
inaccurate motion vectors by applying the displaced frame difference (DFD) be-
tween the up-sampled and compensated frames. Our research tries to extend this
previous work.

In this paper, we also address the study of the effects introduced by dif-
ferent motion estimation techniques when they are applied to the SR problem.
Two motion estimation techniques have been chosen for being commonly used.
These are block-matching [7] and optical flow [12]. The accuracy of the motion
estimates will also be studied to determine when the motion estimate should be
used. The obtained motion fields will be used by two different SR methods, one
based on non-uniform interpolation.

Several real image sequences, subject to different kinds of motion (local and
global) and motion velocities, have been selected for our experiments. From
these real HR image sequences, the low resolution (LR) image sequences will
be obtained by under-sampling. Then, using the SR and ME methods already
described, we will obtain reconstructed HR frames (or sequences applying a
sliding-window) for each image sequence under study. Finally, we will com-
pare these reconstructed frames with their corresponding ones in the original
sequences. In this way, we will assess the performance of the considered motion
estimators in SR.

This paper is organized as follows. Section II explains the motion estimation
techniques under consideration: block-matching and optical flow. Section III in-
troduces the observability criteria used to asses the quality of the estimated mo-
tion vectors. Section IV describes the SR algorithms developed and the role the
motion estimation plays on them. In section V we present the results obtained
for the different image sequences and the visual and numerical comparisons be-
tween SR methods. Finally, section VI provides conclusions and areas of future
work.
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2 Notation

Let us denote by gl(x, y) a pixel in the l-th LR image where x and y represent
the spatial coordinates in the image plane coordinate system. The size of the LR
image is M × N . If a LR image is divided into blocks of size m × n, the total
number of blocks in the image will be B = M

m ×N
n . If bm and bn are the number

of blocks in the horizontal and vertical axes respectively (bm = M
m and bn =

N
n ), we denote a generic block in the LR image as represented by gl(bx, by)
where bx = 1, ..., bm and by = 1, ..., bn. The notation for an entire image is
gl, representing the l-th image in the LR sequence. For this paper, the complete
LR sequence that we utilize is denoted by (gk−2, gk−1, gk, gk+1, gk+2), where
gk denotes the image we want to improve its resolution.

A HR image pixel is denoted by fl(x, y). If P is the magnification factor
(P > 1), the size of one HR image is PM ×PN . A HR image block is denoted
as fl(bx, by) and the size of each block in which we can divide our HR image
is Pm × Pn. The HR image we seek to estimate is fk, being the complete HR
sequence (fk−2, fk−1, fk, fk+1, fk+2).

3 Problem Formulation

The horizontal and vertical components of the displacement of a pixel (x, y)

from the k-th LR image into the l-th image are represented by dx,lr
l,k and dy,lr

l,k

respectively, thus dlr
l,k(x, y) = (dx,lr

l,k , dy,lr
l,k ) and we have gk(x, y) = gl(x +

dx,lr
l,k , y + dy,lr

l,k ). The motion field between frames gk and gl is denoted by dlr
l,k.

For HR images, motion vectors will be denoted by dhr
l,k(x, y) =

(dx,hr
l,k , dy,hr

l,k ), and dhr
l,k is the motion field between frames fk and fl. In other

words,
fk(x, y) = fl

(

x + dx,hr
l,k , y + dy,hr

l,k

)

. (1)

To obtain a LR image gl, from the corresponding HR image fl, we will
decimate the HR image by taking one pixel each P in rows and columns. This
process is depicted in Figure 1, mathematically we have

gl(x, y) = fl (Px, Py) l = k − 2, ..., k + 2 (2)

and our goal is to estimate fk from (gk−2, ..., gk+2)

4 Motion Estimation Techniques

The large regions overlap that usually exists between successive frames of the
same sequence and the multiple sampling of this regions in several frames, yield
the conclusion that it is possible to combine this information to achieve higher
spatial resolution images. Motion estimation techniques are used to find this
overlapping areas from frame to frame. The resulting motion vectors must be
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sub-pixel precision to provide useful information for SR. Therefore, two sub-
pixel ME techniques have been applied: quarter-pixel block-matching and opti-
cal flow.

4.1 Block-Matching Motion Estimation

Block-matching algorithms represent a very popular approach for estimating the
motion between frames in an image sequence. They have a performance good
enough to be used in video coding for transmission or compression purposes.
Another important reason for this wide use is the low computational cost it in-
volves. Block-Matching algorithms simply divide one frame into blocks of size
m × n (usually m = n). These algorithms search for each block in certain area
(a = (2p + n)2 if m = n) of another frame in the sequence. They are then
assuming that every pixel in a block has the same movement. Choosing a large
block size implies less motion vectors to calculate, but the probabilities for each
block to contain objects with different movements are higher. On the other hand,
if the block size is too small, it increases the computation but it is also more sen-
sitive to the noise present in the image. For our purposes, a block size of 4×4 is
considered to be a good trade-off between computational cost and object motion
detection. To define the search area, the parameter p takes the value of 7. These
concepts are graphically illustrated in Figure 2.

There are several similarity criteria block-matching can use to determine the
best match between the current and the displaced images. We use the Sum of
Absolute Differences (SAD) given as

fk-1

g
k-1

... ...

... ...

fk

g
k

fk+1

g
k+1

Figure 1. Procedure to obtain a LR image sequence from a HR image sequence by down-
sampling.
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SADdx,lr

l,k
,dy,lr

l,k

=

m
∑

i=1

n
∑

j=1

∣

∣

∣
gk(i, j) − gl

(

i + dx,lr
l,k , j + dy,lr

l,k

)
∣

∣

∣
, (3)

where we are considering low resolution data g for the motion estimation. Low
values of this measure show high correlation between the current block and the
displaced block according to a particular motion vector dlr

l,k(bx, by). The block
that turns out to be the most similar to the current block (bx, by) in the reference
frame, is given by the candidate vector with the minimum SAD:

SADbx,by = min
(

SADdx,lr

l,k
,dy,lr

l,k

)

, (4)

for all motion vectors in the search area a.
Searching for the best block in every position of the search window is called

full search block-matching. Faster algorithms exist that decrease the compu-
tational load (2-D logarithmic search, three-step search, etc), but they usually
degrade the quality of the estimations. Full search ME is implemented here,
thus the global optimal displacement vector is obtained. We now used the es-
timated LR motion vectors as initial values of the HR motion vector we want
to estimate. In order to achieve quarter sub-pixel precision motion estimation,
interpolated image data is needed. Our procedure is divided into the following
steps, which are commonly used [14]:

Step 1 Calculate the best motion vector at pixel precision.

Step 2 Search for the best half-pixel precision motion vector at eight half-pixel
positions around the point of minimum given in step 1. These new posi-
tions contain interpolated values.

p
p

Reference frame

Best match

Current block

n

m

Search area

Motion vector (d      , d      )

Motion vector (0,0)

x,lr

l,k

y,lr

l,k

Figure 2. Block-matching frame division in blocks of size m × n. The reference block
that is the most similar to the current block is found within the search area defined by the
parameter p.
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Step 3 Compare the current block with eight new interpolated blocks around the
best half-pixel position. These blocks contain values that are interpolated
from pixel precision image data and half-pixel precision interpolated data.

4.2 Optical Flow Motion Estimation

Since the Lucas-Kanade algorithm was proposed in 1981 for image alignment it
has been widely used in computer vision for multiple tasks, see [12] for review.
One of them has been to compute the motion field between a pair of images
within an image sequence or video. This technique calculates motion vector
estimates

(

dx,lr
l,k , dy,lr

l,k

)

between LR images l-th and k-th, which satisfy the op-
tical flow equation with the minimum pixel to pixel variation in the velocity
field. There are multiple variations in the literature of this method, depending
on the purpose, we will implement the algorithm following [13].

The motion vector for each pixel (x, y) is defined by dlr
l,k(x, y) =

(

dx,lr
l,k , dy,lr

l,k

)

. We will center a window of size m × n on each pixel, the er-
ror to be minimized in the optical flow equation will be as follows

LK
(

dx,lr
l,k , dy,lr

l,k

)

=

x+m/2
∑

i=x−m/2

x+n/2
∑

j=x−n/2

(

gk(i, j) −

−gl(i + dx,lr
l,k , j + dy,lr

l,k )
)2

. (5)

Using a second-order Taylor expansion for the second term of Equation 5 we
have

LK
(

dx,lr
l,k , dy,lr

l,k

)

=

x+m/2
∑

i=x−m/2

x+n/2
∑

j=x−n/2

(

gk(i, j) −

−gl(i, j) − dx,lr
l,k g′(i, j) − dy,lr

l,k g′(i, j)
)2

, (6)

and we have
d̂lr

l,k(x, y) = argmindLK
(

dlr
l,k

)

. (7)

To obtain more accurate motion vectors, two processes has been added: mo-
tion vectors refinement and a hierarchical approximation. The refinement is
based on a iterative estimation of the motion vectors (using 5 iterations). Once
the initial motion vectors are calculated the image is compensated via this mo-
tion field and Equation 6 is again applied for each pixel. The hierarchical im-
provement is achieved using a pyramid of three levels to calculate the motion
vectors in a coarse to fine approximation. The algorithm, including these im-
provements, can be summarized in the following steps:
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Step 1 Downsample the images by a factor of 2 and 4 to build the hierarchical
pyramid.

Step 2 Compute the motion field for the lowest level in the pyramid by mini-
mizing the optical flow equation for each pixel as shown in Equation 6.

Step 3 Iterate over the motion vectors to refine.

Step 4 For each higher level in the pyramid

Step 4.1 Propagate the motion vectors to the higher level.
Step 4.2 Iterate to refine.

Note that because of the way the Lucas-Kanade motion estimation method
works, the estimated motion vectors are real numbers (not only integers) and so
they can be of sub-pixel size at low resolution levels.

5 Where to Apply SR Methods?

5.1 Observability Map

As we have seen before, accurate motion estimation plays a very important role
in SR problems. Pixels associated with poor and/or conflicting motion estimates
have a bad effect on the quality of the reconstruction and therefore should not
be taken into account. This is an important point, since the SR algorithm will
assume that we can obtain a frame by motion compensating other frames. This
is not true in some cases due to occlusions and poor motion estimation results.

The absolute value of the Displaced Frame Difference (DFD), given by

DFD
(

gl, dlr
l,k, gk

)

(x, y) =
∣

∣

∣
gk(x, y) − gl

(

x + dx,lr
l,k , y + dy,lr

l,k

)∣

∣

∣
(8)

will allow us to identify pixels in gk that are not predictable by dlr
l,k and gl. Large

values of the DFD will be used to identify non predictable/observable pixels in
gk.

5.2 Homogeneity Map

We have also observed that highly textured regions usually give good motion es-
timates, while the results obtained from smooth areas do not offer any improve-
ment in the quality of the compensated frame. In this sense, we will consider the
possibility of not using the motion estimates coming from flat regions in our SR
algorithm.

In order to develop this criterion we will define an homogeneity map, char-
acterizing pixels that come from very flat areas in order to avoid them in the SR
algorithm.



8

Smooth areas will be identified by using the Intra Sum of Absolute Differ-
ences (Intra SAD), defined for every block in the image gk as

Intra SAD =
m

∑

i=1

n
∑

j=1

|gk(i, j) − µ| , (9)

where m × n is the block size and µ is the mean of the block. We can see that
low values of the Intra SAD will identify poorly textured blocks/areas.

If necessary, we will define Intra SAD for each pixel in gk with regard to the
mean of its neighborhood.

6 Super-Resolution Algorithms

Interpolation is the most intuitive approach for SR image reconstruction. Af-
ter estimating the relative motion between frames by the techniques described
before, it is possible to project on the desired HR grid the samples where the
motion vectors point to. Ur and Gross [8] used the generalized multichannel
sampling theorem of Papoulis and Brown to perform a non-uniform interpola-
tion. Alam et al. [9] utilized a weighted nearest neighbor interpolation method.
Nguyen and Milanfar [10] proposed a wavelet interpolation for interlaced two-
dimensional data. Callico et al. [11] modified an existing hybrid video encoder
platform to add SR based on a non-uniform interpolation method. They defined
a HR grid where the pixel values of the current image are first placed, while the
rest of HR positions remain empty (zero values). A new frame, with sub-pixel
shifts with respect to the current image, involves new data to be placed onto the
HR grid.

The main advantage of non-uniform interpolation SR is that the computa-
tional complexity is low, making real-time applications possible. The SR al-
gorithm implemented here is based on [11]. A description of the steps the SR
algorithm follows, which are also summarized in Figure 3, is presented next:

Step 1 Using Equation 2 for l = k, place the LR image pixels in their corre-
sponding positions of the HR image fk

Step 2 New pixels from frames l 6= k will be placed in empty positions of the
HR grid if there is sub-pixel motion.

Step 3 After filling all possible positions, empty HR pixel values will be inter-
polated to achieve the final SR image. Two interpolation methods will be
used.

For each empty position in the HR grid, the first method simply takes the
information that has been placed at 1

P pixel positions, discarding pixel values at
a larger precision according to the magnification factor P established. That is, if
the magnification factor is 2 we will not used quarter pixel precision. The second



9

method takes its eight non-empty neighbor values for every 1

P pixel position to
perform a bilinear interpolation, taking then into account higher precision pixel
information. Both methods fill remaining empty HR positions with values from
the up-sampled version of the current image using bilinear interpolation.

7 Results

For testing, we use in this paper two image sequences. The first one, Coastguard,
is a sequence with small object motion (local motion) and background small
motion (global motion). The second one, Mobile, is a sequence containing fast
local motion and moving background with small motion. Both sequences are in
CIF format (352× 288 pixels). A HR image fk is computed from b LR images
backwards and f LR images forward. Both test image sequences are first down-
sampled by a factor of 2 in both vertical and horizontal directions.

Figure 4 shows the original HR frames we want to estimate in both se-
quences. The observed LR image sequences are shown in Figures 5 and 6.
We want to improve the quality of the images in the middle of the shown LR
sequences.

Three regions have been chosen within each image sequence in order to iso-
late different motion and image characteristics. Figure 7 shows the selected
regions for the Mobile and Coastguard sequences. The regions inside the square
with dash-dotted line correspond to textured areas subjected to translational mo-
tion (region 1). (Region 2) is shown within a square with dashed line and cor-
responds to textured areas with two objects with independent motions. Finally,
the square with solid line (region 3) emphasizes a flat area (for the Mobile image
sequence) and a semi-flat area (for the Coastguard sequence) with translational
motion.

The Peak Signal to Noise Ratio (PSNR) is used as a quantitative measure

LR Frames

Sub-pixel Motion 
    Estimation

HR Grid

gkgk-1

gk+1 gk+2

= (0.5,0)

(0.5xP,0xP)

fk

d
k-1,k

lr
(bx,by)

Figure 3. Non-uniform interpolation Super-Resolution. Projection of LR samples onto a
high resolution grid according to the estimated motion vectors.
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(a) (b)
Figure 4. (a) Coastguard k-th original HR image, (b) Mobile k-th original HR image,
being k = 9.

of comparison between the original HR images, the bilinear interpolated LR
images and the reconstructed SR images.

The procedure followed to test our SR methods is the following:

1. Using b = 2 and f = 2, a down-sampling by a factor of 2 is performed on
each sequence.

2. Block-matching and Lucas-Kanade ME between LR frame gk and LR
frames gk−2, gk−1, gk+1 and gk+2, are then applied. These motion vec-
tors will be used in combination with the observability criteria defined in
section 5.

3. The estimated motion fields are used by the non-uniform interpolation SR
algorithm, in combination with the two different criteria described at the
end of section 6, to produce the HR reconstruction.

Figure 5. Coastguard LR sequence from frame 7 to frame 11.

Figure 6. Mobile LR sequence from frame 7 to frame 11.
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(a) (b)
Figure 7. Three different regions have been selected to isolate motion and image char-
acteristics for both image sequences Coastguard (a) and Mobile (b). The region with
dash-dotted line (region 1) corresponds to a textured area with translational motion. The
square with dashed line (region 2) shows a textured area with independent object mo-
tion. The last region (region 3), with a solid line, represents a flat area with translational
motion.

4. PSNR values between the original HR frame fk and the resulting SR im-
ages are calculated.

As it has already been mentioned, the spatial resolution will be increased
by a factor of 2. Thus, it is very interesting to study if quarter pixel motion
information, which will be clearly useful for a magnification factor of 4, really
improves the PSNR in our case study. Criterion 1 discards quarter pixel motion
vectors when filling the HR grid, the use of these motion vectors is represented
in the figures as Criterion 2.

For every HR grid interpolation criterion we use four thresholds to define
the observability map. Table 1 shows these thresholds for both, the Intra SAD
and DFD observability functions. The thresholds have been estimated using two
statistical measurements, the mean and the standard deviation of the distribu-
tion given by the Intra SAD or DFD values. To the mean it has been added or
subtracted zero or 1

2
, 1

4
a part of the standard deviation. It has been empirically

proved that those are the best choices for our purposes.
For each region of interest, given one of the two interpolation criteria and

one of the four possible thresholds for the observability function, we have seven
PSNR: the corresponding to bilinear interpolation of the LR image, and six
defined by combinations between the motion algorithms and the observability
functions. The following abbreviations are used, interpolation means that bi-
linear interpolation has been used to upsample the image, me denotes motion
estimation method which can be Block-matching (BM), Lukas-Kanade method
(LK). om is used to denote observability map and it can take the values In-
tra SAD (SI), displacement field difference (DFD) or none.

Quantitative comparisons between reconstructions are in Figure 8 for the
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Coastguard sequence and in Figure 9 for the Mobile sequence. Each plot corre-
sponds to one of the selected regions in the images.

Figures 8 (a) and 9 (a) show the PSNRs of the reconstructions of (region 1) in
both images. It can be concluded that it is important to take quarter pixel motion
estimation into account in such areas, since Criterion 2 interpolation method
provides the best PSNR results. Therefore, quarter pixel motion estimation per-
forms well when translational motion exists in textured areas. This conclusion
is valid for both Lucas-Kanade (LK) and Block-Matching (BM) motion estima-
tion techniques, which is specially evident in Figure 8 (a) for the Coastguard
sequence. It can be seen that the best results are achieved when no observability
map is used due to the elimination it involves. This figure is also useful to con-
clude that BM is very efficient when there is much texture in the region. Figure
9 (a), which corresponds to an area where there is texture but also some very
flat sub-regions, the performance of BM decreases and LK achieves the best re-
sults. In this case, BM improves its PSNR values when used in combination
with Intra SAD, which is useful to detect flat areas.

The next studied regions are those containing objects with motions. Several
ideas have been concluded from the PSNR results shown in Figures 8 (b) and
9 (b) for both image sequences (region 2). The first and most remarkable con-
clusion refers to the fact that the lowest PSNR results are obtained when using
quarter pixel motion information. This shows that, when the motion is indepen-
dent from the camera motion, increasing the accuracy of the motion estimation
can add errors to the global SR process. This kind of regions requires, for both
motion estimation algorithms, the DFD observability map to improve the final
PSNR results. The improvement achieved by the use of the use of DFD is no-
ticeable in Figure 9 (b), where the complexity of the motion is higher (rotation
and translation).

Finally, flat regions with translational motion are studied from the PSNR
results given in (region 3) depicted in figures 8 (c) and 9 (c). For both motion
estimation techniques, the best PSNR results are obtained when the Intra SAD
observability map is applied, because it detects flat regions. As for previous kind
of regions, quarter pixel motion vectors are not useful for SR in this case.

Table 1. Thresholds for both, Intra SAD and DFD, observability criteria. µ represents
the mean value for each observability criterion in the current image. σ represents the
standard deviation for each observability criterion in the current image.

Thresholds Intra SAD DFD
thr 1 µIS − σIS/2 µDFD + σDFD/2
thr 2 µIS − σIS/4 µDFD + σDFD/4
thr 3 µIS µDFD

thr 4 µIS + σIS/4 µDFD − σDFD/4



13

Figure 8. (a) PSNR values for region 1 in Coastguard k-th frame. (b) PSNR values for
region 2 in Coastguard k-th frame. (c) PSNR values for region 3 in Coastguard k-th
frame.
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Figure 9. (a) PSNR values for region 1 in Mobile k-th frame. (b) PSNR values for region
2 in Mobile k-th frame. (c) PSNR values for region 3 in Mobile k-th frame.
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8 Conclusions

Two sub-pixel motion estimation techniques, Block-Matching and Lucas-
Kanade, have been applied within a Non-Uniform Interpolation Super-
Resolution environment. Two observability criteria have been used in combi-
nation with the displacement maps in order to select the pixels that contribute to
the SR process. Quantitative comparisons based on PSNR measurements have
been obtained for every motion estimation technique with and without the ob-
servability maps.

The main conclusion of this work is that the global SR process is region-
dependent. It has been shown that motion estimation does not perform well
in flat regions. Therefore, these regions cannot be improved by the global SR
process and their approximation by bilinear interpolation is the best tradeoff
between computational complexity and image visual quality. Motion estimation
obtained in textured areas affected by translational motion is accurate, and it has
a positive repercussion on the SR process. The higher the precision of the motion
vectors the better PSNR results can be reached. Finally, the improvement of
areas containing independent object motion is very sensitive to the correctness of
the motion field and thus needs to be used in combination with the observability
maps, discarding then wrong motion estimations.

A segmentation process previous to the SR could be very beneficial to
achieve, not only an improvement in the image quality by exploiting the charac-
teristics of each region but also a reduction of the computational load.
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