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ABSTRACT

In this paper, we propose a fast super resolution (SR) scheme
based on anisotropic diffusion. SR is the reconstruction of one or
more high resolution images from a set of low resolution images.
We focus our attention on a practical architecture of the SR algo-
rithm. Realistic super resolution has to deal with different kinds
of noise, blur and also the problem of under-determination, when
very few low resolution images are available. These problems
are tackled by our proposed method. Results show an improve-
ment in visual quality: important image features are preserved
while noise and blur are removed.

1. INTRODUCTION

In most image analyse applications, high resolution (HR)
images are often required. However video sensors with
low resolution (LR) are used nowadays, e.g. webcams and
surveillance applications.

There is a limitation on increasing the spatial resolution
by reducing the pixel size of the video camera. If the pixel
size decreases, the number of incoming photons per pixel
also decreases. In this case, shot noise becomes more im-
portant which degrades the image quality severely. The
high cost for high precision optics and image sensors is
also an important concern in many commercial applica-
tions regarding HR imaging.

When image resolution can not be improved at the sensor
because of technological limitations or because of high
costs, we need SR image reconstruction [1]. SR is a image
processing technique to obtain a HR image from multiple
observed LR images (e.g. from a video sequence).

Figure 1 shows us the relationship between the ideal HR
image and the acquired LR images. In order to reconstruct
the HR image, subpixel shifts between the LR images must
exist. In this paper we take a closer look to the under-
determined case where some pixels on the HR grid will
have no observation after proper registration and projec-
tion of the LR images onto the HR grid. Most real data
corresponds to an under-determined situation.

In the following paragraphs we will discuss the used SR
image reconstruction scheme and its components. We also
discuss some results and conclude our work.
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Figure 1: Observation model of the image acquisition.

2. THE PROPOSED METHOD

Since very fast resolution enhancement methods are desir-
able for practical applications, our SR scheme is similar to
the fast method proposed in [2] and is based on our cam-
era model as shown in figure 1. Our method consists of
three consecutive steps (see also figure 2):

1. Subpixel registration of the LR images to a refer-
ence image I..¢, which is chosen from the LR im-
ages.

2. Noniterative data fusion and interpolation.

3. TIterative deblurring and denoising.

Unlike [2], we treat the interpolation not simultaneously
with the iterative deblurring. The iterative restoration step
will converge much faster, because the interpolation will
provide a better initialisation image. In the rest of this
paper we will treat each R,G,B-channel of colour images
separately.

2.1. Subpixel Registration

To simplify the registration problem, we assume that we
are only dealing with pure translational motions of the LR
images. This assumption will enable us to develop a very
fast algorithm. Better but slower results could be achieved
using more accurate motion models.
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Figure 2: Block diagram representation of our SR method.
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Figure 3: The decimation operator maps an rM x rN
image to an M x N image (r = 3).

Common ways to achieve subpixel registration in the spa-
tial domain is to interpolate either the image data or the
correlation data [3, 4]. In order to save computation time
we only resample the reference image I..r on a higher res-
olution. In this way we represent the downsampling oper-
ator in the camera model as a simple decimation operator
(see figure 3). We then find the registration parameters y;
by minimizing this energy function:

. 1
yi = argmin é;l Iiri(x) — Lee(x +y)] (1)

with W the total number of overlapping pixels between
the i¢th LR image I r; and the resampled reference image
Ies. The set of overlapping pixels is denoted as €2. As a
simplification of the optimization problem, we use the HR
grid as the discrete search space for y;.

Most existing techniques use linear interpolation to re-
sample I.;. However these interpolation methods typi-
cally suffer from blurring, staircasing and ringing. These
artifacts not only degrade the visual quality, but also af-
fect the registration accuracy. Therefore we adopt a non-
linear interpolation technique based on level curve map-
ping, which suffers less from these artefacts [5].

To speed up the computation time, we use a hierarchical
registration method. First, the integer pixel shifts are cal-
culated between the LR images and the original I.;. Next
the registration parameters are refined to subpixel shifts
using the described method.

2.2. Data Fusion And Interpolation

In this step we determine a pixel value for every pixel of
the HR grid. In the previous registration step we already
obtained zero (because of under determination) or more
observations for these pixels.

Several observations are available. Starting from the
maximum likelihood principle, it can be shown that
minimizing the norm of the residuals is equivalent
to median estimation [2]. A residual is the differ-
ence between an observed pixel value and the pre-
dicted pixel value. The median is very robust to
outliers, such as noise and errors due to misregistra-
tion. For this reason we adopt the median estimate
for every pixel with at least one observation.

No observation is available. The unknown pixel values
are initialised with the interpolated reference image
Ies. We do not need additional computations since
this image is already constructed for the registration
(see § 2.1). These pixel values are then corrected
with a weighted average of neighbouring pixels for
which we do have an observation. This is a kind of
fast interpolation which prevents the loss of known
pixel values in the image denoising.

2.3. Robust Deblurring And Denoising

We assume that the blur in the camera model is charac-
terized by a shift-invariant point spread function (PSF).
The inverse problem becomes highly unstable in the pres-
ence of noise. This can be solved by imposing some prior
knowledge about the image. Typically we will try to force
spatial smoothness in the desired HR solution. This is usu-
ally implemented as a penalty factor in the generalized
minimization cost function:

T(60) = argmin (1) + Mo (H = 1) = 1(x,0))
)
where H denotes the PSF-kernel (typically Gaussian blur)
and A is the regularization parameter between the two
terms, respectively called the regularization term pr and
the data fidelity term pp. Image I(x,0) is the image ob-
tained in § 2.2.
The minimization problem of equation 2 could be trans-
formed to the following partial differential equation (PDE)
which produces iteratively diffused images I (x, t) starting
from the inialisation image 7(x, 0):

AI(x,t)
ot

— PRI 1)+ Ao (H*I(x,8) ~I(x,0)) (3)

where p'(I) = %p([) for both terms.



We use so-called edge-stopping functions in the regular-
ization term, because it suppresses the noise better while
retaining important edge information [6]. For this reason,
we will use the anisotropic diffusion formulation for the
regularization term:

prI(x,1)) = V- [g(IVI(x,t))VI(x, )] (4)
where g(x) is the edge-stopping function. In this paper
we use the Lorentzian edge-stopping function (gpor):
1

1+ &
where the parameter k is called the contrast parameter,
which controls the shape of the diffusivity function [6].

For the data fidelity term, we will use the L;-norm func-
tion due to its robust property according to [2]:

gLor(m) (5)

po(...) = [H + I(x,t) = To(x)] (©)
Finally the PDE of equation 3 is iteratively applied to up-
date the blurred and noisy image.

3. RESULTS

As a realistic experiment, we have grabbed 30 LR images
of 75 x 75 pixels with the Philips Inca Smartcam in rather
poor lightning conditions and we have enlarged the im-
ages 4 times in each dimension. The following parameters
are chosen: \ = 30, o, = 3.0 (this is the standard devia-
tion of the Gaussian blur kernel). The parameter selection
was based on trial and error, i.e. to produce the visually
most appealing results. To restrict the computation time,
we have limited the number of iterations for deblurring
and denoising to 50. The computation times are measured
on an AMD Athlon™ 64 processor 3000+.

Figure 4 shows the result of cubic B-spline interpolation.
Obviously, this non-SR technique is not able to make most
characters readable. Figure 5 illustrates the iterative back-
projection method (1BP), an SR technique proposed in [4].
Some characters are already more readable, but the result
is still very blurry.

Beside the use of (4) as regularization term, we also
plugged the bilateral total variation (BTV) prior as pro-
posed in [2] in our SR scheme for comparison. This BTV
regularization term is given by

P P
prev(I(x) = Y > M)~ T(x+(1,m))]
|l=—P m=—P
————
I+m>0
where the scalar weight o (0 < o < 1) is a weighting
factor for geometric distances and P is the window size
(typically P =2 or P = 3) [2].

(b)

Figure 4: (a) One original LR input image and (b) stan-
dard non-SR cubic B-spline interpolation.

Figure 6 shows the results of our proposed SR scheme with
the BTV prior and the proposed Lorentzian edge-stopping
function respectively. The result produced with the BTV
prior is better denoised in comparison with the Lorentzian
edge-stopping function. On the other hand, the use of the
Lorentzian function preserves important edges and impor-
tant features of the text. Moreover, from our experiments
we clearly observe that our anisotropic diffusion based SR
technique (9 s) is significantly faster than the IBP SR re-
construction (233 s) and the use of the BTV prior (18 s).

4. CONCLUSION

We presented a very fast and straightforward super resolu-
tion scheme based on anisotropic diffusion that gives very
promising visual results. The architecture of the hierar-
chical subpixel registration and the robust data fusion was
focused on speed. The choice of edge-stopping functions
in the anisotropic diffusion offers denoised images with
sharp edges and preservation of important features. Fu-
ture work includes automatic parameter estimation, better
(general) PSF estimation and noise estimation, the use of
more complex motion models, etc.



Figure 5: SR result with 30 LR images and the iterative
backprojection method [4] (computation time: 233 s).
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Figure 6: SR results with 30 LR images and the proposed
scheme using (a) the BTV prior (o« = 0.5 and P = 2)
(computation time: 18 s) and (b) the proposed Lorentzian
edge-stopping function (k = 1) (computation time: 9 s).
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