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Abstract

In this paper a new method for multi-frame Super-Resolution is proposed. Having a low resolution(LR)
video and a few high resolution(HR) images from a specific scene is frequently occurred. In addition it is
usual that between images and video frames there is some differences, because of different of exposure time,
moving objects, camera movement and so on. In the proposed method a Super-Resolution reconstruction
method, applies on low-resolution frames for producing a reconstructed HR image. After that a synthesized
image with mapping the high resolution training image to the reconstruction result, is produced using a
proper transformation model. Fusion of the synthesized image with the reconstruction result makes the
final desired HR image of the given LR frames. Experimental results show that our approach is competitive
both for quality and quantity with some famous super-resolution methods.
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1 Introduction

Nowadays using image capturing devices such as
mobile sets, which capture low resolution videos
and high resolution images have been popular. En-
hancing such low resolution images or videos is the
subject of Super-Resolution(SR) algorithms. The
multi-frame super-resolution problem was first ad-
dressed in [1].

The Super-Resolution (SR) techniques fuse a se-
quence of low-resolution images to produce a higher
resolution image. The low resolution images may be
noisy, blurred and have some displacement with each
other. A common matrix notation which is used to
formulate the super-resolution problem [2, 3] is as
follows:

Y k = DHFkX + V k, k = 1, . . . , N (1)

where [r2M2×r2M2] matrix Fk is the geometric mo-
tion operator between the high-resolution frame X
(of size [r2M2×1]) and the kth low-resolution frame
Y k (of size [M2×1]) which are rearranged in lexico-
graphic order and r is the resolution enhancement
factor. The camera’s point spread function (PSF) is
modeled by the [r2M2 × r2M2] blur matrix H, and
[M2 × r2M2] matrix D represents the decimation
operator. [M2× 1] vector V is the system noise and
N is the number of available low-resolution frames.
We assumed that decimation operator D and blur

matrix H is same for all images. As in [3] we con-
sider Z = HX , so Z is the blurred version of the
ideal high-resolution image X and the SR problem
is broken in two separate steps:
1) Finding a blurred high-resolution image from the
low-resolution measurements (Ẑ ).
2) Estimating the de-blurred image X̂ from Ẑ.
Hence the SR problem can be formulated as follows:

Ẑ = ArgMin
Z

[ N∑

k=1

||DFkZ − Y k||pp
]

(2)

In addition of many academic researches about to
image and video super resolution[4], recently a com-
mercially product named MotionDSP 1 has been
released, which enhances the resolution of movies.
The major works in SR domain back to those which
try to produce a high resolution(HR) still image
or video from a set of low resolution(LR) images.
The analysis performed by Lin and Shum[5] indi-
cates that to achieve super resolution at large mag-
nification factors, reconstruction based algorithms
are not favorable and one should try other kinds
of super resolution algorithms, such as recognition-
based algorithms. Hence, recent advances in Super-
Resolution techniques show trends towards meth-
ods which consider some prior knowledge or mod-
els, in addition of LR images as the input of the

1http://www.motiondsp.com/
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SR algorithm [6, 7]. It can be considered as a
special class of SR methods, named learning-based
methods[8]. These model-based approaches differ
from the reconstruction-based approach in the final
step where high-frequency details are recovered from
the reconstructed (but possibly blurry) HR image
after fusion. Instead of deconvolution, the model-
based approach imports plausible high- frequency
textures from an image database into the HR image.
These methods has gained significant interests in re-
cent years because it promises to overcome the limit
of reconstruction-based SR [7]. In [8], Freeman et
al.used a set of HR images as training data set. For
each patch of LR image they searched the training
set for finding a match. The corresponding high fre-
quencies patch of the best match has been selected
for enhancing the resolution of the LR patch. The
output of [9] is not significant different with median
filtering.

In [10] we described a method for increasing the
resolution of a single LR image using a HR train-
ing image. In this paper we discuss how to use the
mentioned method for multi frame super-resolution.

The rest of this paper is organized as follows: Sec-
tion 2 explains the proposed method. Section 3 pro-
vides experimental results and section 4 describes
the concluding remarks and future works.

2 The Proposed Method

In [10] we proposed a method for single image super-
resolution with mapping a HR training image to a
LR image, which summarized as follows:

1. Resizing the LR image, for producing an LR
image with desired number of pixels,

2. Finding interest points of this resized LR image
and the HR image,

3. Removing outliers and estimating the transfor-
mation model,

4. Mapping HR image to LR image,

5. Producing a synthesized HR image with fusion
of mapped HR image and resized LR Image.

We name the result of the above method as synthe-
sized image. The main idea of this paper is recon-
structing a HR image from LR frames using a usual
reconstructing approach and then synthesizing the
result using method described in [10] by us.

Suppose Syn(I1, I2) denotes the synthesized im-
age of LR image I1 using HR image I2 based on [10].
Let IH represent our HR training image. Hence we
can formulate the proposed method as follows2:

2It is supposed that Ẑ(ofsize[M ×M ]) is the matrix form

of Ẑ (of size [M2 × 1]).
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Figure 1: The Overall Framework.

Syn
(
Ẑ, IH

)
(3)

For fusion stage of synthesizing I1 using HR image
I2, we used Wavelet transform as the most common
form of transform image fusion. Hence the high fre-
quency details of LR image I1 are amplified using
I2.

One situation which is mentioned in [10] as a bot-
tleneck of synthesizing method is moving objects.
The scene difference due to light changing can be
handled well by Wavelet transform, but the problem
of changing the location of objects remains unsolved.
The usual methods for background and foreground
detection such as [11], which are based on subtrac-
tion technique, are not efficient for our problem here,
because of illumination changing. At least at this
stage of our research we use an interactively created
mask for dealing with this trouble. Regions corre-
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(a) LR frames. (b) The input HR image

Figure 2: The input LR frames each of size (256× 192) and the input HR image(1024× 768). Note to clear
differences in illumination and place of persons between LR frames and HR image. Photos was taken by a
Sony DSC-W30 digital camera.

spondence to moving objects, which produced false
results in synthesized image, will be identified man-
ually. The resulting regions considered as a mask,
which we replace the related regions of synthesized
image by the correspondence area from the recon-
structed image.

Figure 1 shows the overall framework of the pro-
posed method.

3 Experimental Results

For demonstrating the proposed method and hav-
ing a quantitative comparison, we synthesized 4 LR
images from a HR image. 3 frames have some dif-
ferences about horizontal and vertical shifts and ro-
tation angles relating to first LR image. Figure 2(a)
shows the LR frames and 2(b) shows our HR train-
ing image which is captured from a different view
of the same scene. Note to clear differences in il-
lumination and place of persons between two pic-
tures. Our aim is to increase the resolution of the
first LR frame using other LR frames and HR one.
Although having some amount of noise in LR frames
is usual in SR context, here our LR images are free
of noise. Hence it will be excepted that the inter-
polation method for reconstruction stage will pro-
duce the best result among various reconstruction

approaches in the case of precise registration.
Figure 3 shows some output results of various

methods evaluated here for comparison. Note to
better quality of text in proposed method ( 3(h))
with respect to 3(b) and 3(f) and better quality of
persons in 3(h) with respect to 3(b) and 3(d).

The interactively created mask is shown in fig-
ure 4. Figures 5, 6 and 7 shows the quantitative
comparisons using different criteria. In these figures
Rep,Syn,POCS,IN,RS and RecSyn are denoted for
’Replication’, ’Synthesizing’[10], ’Projection Onto
Convex Sets’, ’Interpolation’, ’Robust’[12] recon-
struction methods and the proposed method, re-
spectively. As can be seen in figures 5 and 6, the
proposed method (RecSyn) is competitive with in-
terpolation reconstruction method which is the best
in our test images3. The comparison presented in
figure 6 is based on Wang’s paper[14]. The score
returned by Wang’s method typically has a value
between 1 and 10 (10 represents the best quality, 1
the worst). As it can be seen from the mentioned
figure, our method and IN produced the best results
among other methods.

The bar chart in figure 7 is a quantitative com-
parison based on Structural SIMilarity (SSIM)[15],

3As it was expected, the interpolation method is the best
due to noise freely LR images and using Keren method[13]
for registration as one of the best registration methods.
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(a) Resized of the first LR image shown in 2(a) (b) Close-up of a region in 3(a)

(c) Synthesizing the first LR image using method
describe in [10] with HR image 2(b) and Wavelet
transform as fusion stage.

(d) A magnified region of 3(c)

(e) The result of SR reconstruction with Interpo-
lation method as reconstruction stage on 4 input
LR images.

(f) A magnified region of 3(e)

(g) Synthesizing the reconstruction result shown
in 3(e) with HR image 2(b)

(h) A magnified region of 3(g)

Figure 3: Visual comparing of the proposed method with some other methods.
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Figure 4: The manually created mask for dealing
with moving objects.
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Figure 5: Quantitative comparison of the SR out-
put with different approaches. MSE is between pro-
duced HR images and the original HR image.

as a metric for quality assessment of images. Based
on this figure, it seems that POCS method is bet-
ter than the proposed method. But visual com-
paring the result of POCS (not shown here) and
our method showed that the quality of our method
is much better than POCS. The output image of
POCS was not demonstrates well the high frequency
details of the image. The SSIM maps shown in fig-
ure 8 clears the mentioned note. As can be seen
in SSIM map of POCS method in figure 8, it is far
from the original image in high frequency details
such as the borders of the texts or buildings with
respect to the proposed method (RecSyn). In sum-
mery although the quantitative results shows that
the proposed method is near the best method here
(Interpolation), but as can be seen from subjective
comparison in figure 3, the proposed method out-
performs other methods in terms of final perceived
quality.

4 Conclusion

In this paper a hybrid method for multi-frame
Super-Resolution proposed. In summary we com-
bined our idea[10] about using the entire of a train-
ing HR image in single image super-resolution, with
the usual multi-frame super-resolution reconstruc-
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Figure 6: Quantitative comparison using No-
Reference Perceptual Quality Assessment method
[14].
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Figure 7: Quantitative comparison using SSIM cri-
teria [15].

tion methods. From a set of LR images, a HR image
produced using a reconstruction method such as in-
terpolation or POCS. Then the resulting HR image,
synthesized with a training HR image by our re-
cent method [10]. Then the resulting image merged
with the reconstruction result in a manner to over-
come the moving objects. Our approach is a flexi-
ble method,which can be used for super-resolution
problems with arbitrary magnification factors up to
HR training images. The various comparing ap-
proaches showed the good performance of the pro-
posed method. Especially the proposed method out-
performed other methods in terms of final perceived
quality. As future work we plan to automate dealing
with moving objects, which has been done here by
a manually created mask.
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