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ABSTRACT
The work presents an effective approach for subpixel
motion estimation for Super-resolution (SR). The objective
is to improve the quality of the estimated SR image by increasing the accuracy of the motion vectors used in the SR
procedure. The correction of the motion vectors is based on
appearance of error artifacts in the SR image, introduced
due to registration errors. First, SR is performed using full
pixel accuracy motion vectors obtained using full search
block matching algorithm (FS-BMA). Then, machine learning based method is applied on the resulting images in order
to detect and classify artifacts introduced due to missing
subpixel components of the motion vectors. The outcome of
the classification is a subpixel component of the motion
vector. In the final step, SR process is repeated using the
corrected (subpixel accuracy) motion vectors.
Index Terms — super-resolution, image registration,
machine learning, artifacts detection
1.

INTRODUCTION

The importance of the accuracy of the registration for
successful multiframe SR is well known. Therefore, considerable attention has been put to registration adapted to
multiframe SR procedure. The approach that is usually utilized in combination with iterative SR algorithms is successive improvement of the accuracy, with every iteration of
the SR procedure [1-6]. This approach, although computationally expensive, does not guarantee accurate registration.
Most of the multiframe SR algorithms perform registration prior to SR using well established methods [7-8]. Often
used are block-matching algorithms (BMA) [7], among
which full-search (FS) is the most accurate and the most
complex. Nevertheless, errors in estimated motion vectors
(MVs) are likely to occur due to multiple local minima,
presence of noise, etc.
Some of the approaches use methods from statisticallearning theory [9].
In [10] an approach for fast sub-pixel motion estimation
used in video coding was proposed. It avoids interpolation
and utilizes Taylor approximation and BMA with non overlapping blocks. The approach has reportedly good results;
therefore we have included it in our comparison set, appropriately modified to be used in SR. In terms of SR, Vande-

walle et al. in [11] proposed an approach for registration of
translational shifts and the angle of rotation between LR
images. For estimating only translational global motion
vector (GMV) they use phase correlation between spectra of
different LR images on same globally moving scene, and
find the best solution using least squares method. Their
algorithm performs well in cases of higher presence of
edges. With images with lower spatial activity the algorithm
performs poor. Another iterative planar motion estimation
algorithm based on Taylor expansions, that gives similar
results as [11], and performs in spatial domain, was proposed by Keren et al, [12]. Our tests show that this algorithm outperforms [11] in cases of lower amount of edges of
some strong directionality.
In order to cope with the registration errors, SR procedures usually incorporate some kind of mechanism for
avoiding introduction of artifact in the SR image. To deal
with outliers, some of the algorithms use norm L1 minimization of the cost function, [13-14]. This approach is efficient
in suppressing the influence of the outliers, but the resulting
SR image is lacking in sharpness compared to the image
obtained using norm L2-based minimization [15]. The approach of suppression of artifacts due to registration errors
has gained considerable attention. The suppression is usually performed using regularization with appropriate term that
incorporates prior knowledge about the appearance of the
artifacts [16-21]. The work of Kattsaggelos et al. [18-21]
has considered significant attention in this area. Although
some of the algorithms are quite efficient, in many cases the
sharpness of the resulting image is also affected.
Effects of errors in motion vectors (MV) appear as very
pronounced and annoying artifacts around edges of the
objects in SR image. In [22] it was shown that artifacts due
to miss-registration have a nature of ringing effect. They are
mostly expressed around edges that are perpendicular to the
error direction, and their intensity is proportional to the
magnitude of the error vector (EV).
The objective of this work is utilization of this information in order to correct motion vectors. The proposed algorithm performs correction of motion vector based on recognition of error artifacts in SR image. The paper presents
proof of the concept and focuses its attention to global translational motion.
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Fig 1 Block diagrams: proposed approach (a) and EVE procedure (b)

2.

PROPOSED ALGORITHM

The algorithm represents a combination of motion estimation and SR. It consists of the following steps: initial
motion estimation, SR with initially estimated motion vectors, detection and classification of error artifacts for correction of motion vectors, and final application of the SR procedure, now with accurate motion vectors. Block diagram of
the proposed approach is shown in Fig.1- a) and b).
In the first step, registration is performed on pairs of images consisting of central image and one neighboring frame,
using full pixel accuracy BMA-FS. Since the accuracy of
the motion estimation is higher in the regions of the image
with higher spatial activity, global vector for each pair of
images is computed by averaging MVs in the regions
around edges in the image. Then, in the second step, the
calculated GMVs are used to perform super-resolution on
every pair of images separately. Since the accuracy of the
calculated GMVs is full pixel and the real motion in the
images is rarely so, it is to be expected that pronounced
artifacts will appear in every SR image.
In the third step, in order to find the magnitude and the
direction of the error (subpixel component) of GMVs, by
using information from artifacts appearance, cascade machine learning based method is applied for error vector estimation (EVE). The error vectors are estimated with quarter
pixel accuracy and then added to the firstly estimated
GMVs, in order to correct them.
In the fourth step the final super-resolution (FSR) is applied with use of all LR images, and the corrected global
motion vectors.
In the following we explain in details the proposed procedure.
2.1. SR application on pairs of images
This step is applied in order to generate SR image containing artifacts introduced due to motion estimation inaccu-

racy. The artifacts should be pronounced, which would
enable their efficient detection and recognition.
For every pair of LR images SR image is estimated using norm L2-based minimization function. This type of minimization has good sharpening properties, but also high
sensitivity to motion estimation errors, and produces SR
image containing pronounced and easily distinguishable
error artifacts. In order to further boost the artifacts, no
regularization is used. The number of iterations highly affects the visibility of the artifacts. During the testing it was
empirically established that 3 to 5 iterations are resulting in
detectable presence of artifacts, not pronouncing the ringing
artifacts due to other causes too much.
2.2. Artifacts detection and error vector estimation
Artifacts detection procedure is applied only on the regions of the image in the vicinity of the edges, since in those
regions the appearance of the artifacts is to be expected. The
extraction of those regions is performed using simple gradient threshold technique applied on the bilinearlly interpolated image obtained from the central frame.
The detection and classification procedure can be divided into two steps. In the first step error direction estimation (EDE) is performed along each direction (horizontal
and vertical) separately. The outcome of this estimation is
positive or negative direction of the error vector component.
EDE is sensitive on the transition of the luminance level.
For that reason, prior to EDE, edges are classified into two
categories, i.e. edges that have transition from lower to
higher luminance level, and edges that have transition from
higher to lower luminance level. Following that, two separate classifiers for this step are trained.
In the second step, relying on the knowledge about the
direction of the error (positive or negative), magnitude of
each EV component is estimated (error magnitude estimation - EME). Block diagram of the proposed EVE procedure
is shown in Fig.1-b). The decision is made through cascade
of binary classifiers, each of which decides on possible
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Table 1 EVE accuracy
binations of values with quarter pixel precision for the horimagnitude of the error component. This is performed maxizontal and vertical components of the global motion vector.
mum three times, yielding the error vector with one of the
following values: 0.75, 0.5, 0.25 and 0 pixels (quarter pixel
2.2.4. Performance testing of the detection procedure
precision of MVs).
In the testing process all combinations of error vector
Logistic regression is used as machine learning based
components that, when added to the real GMV, result in
method in each step and level. Only pixels in edge regions
erroneous vector with full pixel precision (integer erroneous
are considered in the procedure, and, accordingly, feature
vector), are considered with same probability of appeardescriptors are extracted only for those pixels.
ance.
In Table 1 the accuracy of the binary classifiers is pre2.2.1 Feature vector extraction
sented, in both variations of the algorithm, FA and SA,
Feature descriptor for each step and level is one dimenrespectively.
sional luminance vector consisting of two parts. First part of
The EDE part of the table represents the accuracy of the
the vector bears information from bilinear interpolation of
decisions concerning the direction (positive or negative) of
the CLR, and the second incorporates information from the
the particular component (horizontal or vertical) of the error
produced SR image. The length of the descriptor for EDE is
vector. In EME part of the table the accuracy of the deci6 elements, 3 from each image centered on every pixel in
sions concerning the magnitude of the error is presented.
the edge regions of the image. For the EME the descriptor is
Considered error magnitudes are 0.75, 0.5, 0.25 and 0 pix10 pixels long, 5 pixels from each image.
els. Certain table parts present the accuracy of the decision
Separate descriptors are calculated in both directions,
the error magnitude to be 0.75 pixels or less, 0.5 pixels or
horizontal and vertical.
less and 0.25 pixels or 0. The presented accuracy values
show that the proposed approach is high accurate in error
2.2.2 Classification method
vector estimation.
Inspired by results in [22], logistic regression as machine
learning based method was used as a binary classifier, both
for EDE and EME procedures. We have used logistic re3.
RESULTS
gression function similar to one used in [22]. Two versions
To test the performance of the complete algorithm 13
of the algorithm were tested. In the first version of the algovideo sequences were taken. In order to compute PSNR,
rithm (FA) logistic regression is computed for each pixel of
frames were downscaled with factor of 2, and then the prothe area around edges. The outcome of the regression is
posed approach with FA and SA, with utilization of 5
compared to threshold, determined in training process by
neighboring frames was applied. For comparison, superapplying grid search, and the decisions are stored. The final
resolution was performed using norm L2-based minimizadecision is made by majority of the decisions.
In the second version of the algorithm (SA), the final
tion and GMVs estimated using different motion estimation
feature vector (FFV) is obtained by averaging feature vec(ME) algorithms: FS-BMA, algorithms proposed in [10],
tors extracted from the regions around the edges. The final
[11], and [12]. In all cases GMVs were quantized to quarterfeature vector is used in a single logistic regression at any
pixel accuracy. The first 11 sequences were obtained from
level of both EDE and EME procedures.
images recorded with 12Mpixel digital camera, by cropping
a small part of 128x128. Last two sequences were extracted
2.2.3. Training process
from HD (720x1280) documentary movie. Global translaTraining set for estimation of logistic regression of each
tional motion was assumed in all sequences.
level of EDE and EME is chosen to be 66% from all graysSequences were chosen to be of different quality. The
cale images included in both training and testing processes.
first, the tenth and the eleventh sequence are of poor quality,
Total number of used images is 153, out of which 102 are
i.e. they contain a large amount of noise and compression
used in training process, and the rest 51 are used in the testartifacts. The rest of the sequences are of relatively good
ing process. The images were created by cropping a part of
quality. Results from comparison in terms of Peak Signal to
128x128 pixels from images obtained using 12 Mpixel digiNoise Ratio (PSNR) and Mean structural similarity index
tal camera. For the purposes in our experiments, LR images
(MSSIM) are given in graphics presented in Fig.2. From
were obtained by downsampling each image with factor of
Fig.2 it can be seen that in terms of quality, our algorithm
2. Neighboring LR images are obtained from every image in
outperforms [10], and achieves comparable results to FSBMA, [11] and [12], in most of the cases.
the training and testing process, by translation with all com-

Fig 2 PSNR and MS
SSIM values for SR images achieved with different ME algorithm
ms

Fig 3 SR 1-4 a) original image; b) BMA--FS; c) GMVs from [10] FS; d) GMVs from [11]; e) GMVs from
m [12];
f) proposed approach SA

In order to enable visual comparison oof the results, SR
images from sequences numbered with 1, 44, 6, 13, obtained
using different ME algorithms and same S
SR algorithm, are
shown in Fig.3.1-4. The reason for not incluuding the images
obtained with FA version of the proposedd algorithm is in
their visual equivalence with the results obtaained with SA.
For sequence 1 shown in Fig.3.1, in tterms of ME, we
achieve comparable results to those obtaineed with FS-BMA
and with algorithm described in [12], and bbetter results than
those obtained with [10] and [11]. This resuult shows that the
proposed algorithm outperforms those obtained with [10]
and [11] for images lacking in edges. Foor the sequences
presented in Fig.3.2 (natural scene) and Fig.3.4 (HD sequence 13), proposed approach performs similar to algorithms described in [10, 11 and 12]. Forr the sequence 6

shown in Fig.3.3, [11] and [12] outperform
o
the proposed
approach (in both FA and SA), because
b
of the nature of
edges. Texture in this image has a nature of well known
ringing effect, which existence detection was objective in
artifacts detection procedure. How
wever, existing artifacts
combined with the texture, do nott cause unpleasant experience. The complete results can be seen here:
http://dipteam.feit.ukim.edu.mk/?q=
=node/358.
The performance of the algoritthms in PSNR (Fig.2) is
very different, rendering this measure as uninformative.
Nevertheless, it can be seen that the proposed approach
achieves comparable performance in quality to the other
tested algorithms. The performan
nce of the algorithm in
MSSIM (Fig.2) is good, which sh
hows that the remaining
artifacts in final SR image are visuaally neglectable.

In terms of computational complexity, general conclusion is that the proposed approach, especially in his SA
version, has significantly lower computational complexity
compared to quarter-pixel accuracy BMA, and has comparable complexity to algorithms proposed in [11] and [12].
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CONCLUSION AND FUTURE WORK

The paper presents a new approach for super-resolution
motion estimation based on error artifacts recognition using
machine learning based methods. Compared to well established algorithms that estimate global translational motion
between LR images, the proposed approach demonstrates
comparable performances, visually as well as computationally.
Currently, the adaptation of the algorithm to motion estimation on a local level is considered, as well as its extension with rotational and perspective motion.
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