Improving super-resolution image reconstruction by

in-plane camera rotation

Stefan Bonchev
Faculty of mathematics and informatics
Sofia university
Sofia, Bulgaria.
stefan_b@fmi.uni-sofia.bg

Abstract — In a digital optical tmaging system, image
resolution is constrained by several factors, including
focus plane array pitch and optics. Super-resolution ap-
proaches aim at overcoming some of these limits by in-
corporating additional information of the object and/or
combining several pictures of the same object, taken
with some displacements between each other. This pa-
per considers the second class of methods. The obtain-
able resolution improvement in this case has an upper
limit, determined by the signal-to-noise ratio of the im-
age taken. Moreover, some fourier spectrum frequencies
below this limit are unrestorable. Here an approach is
introduced to overcome this by active control of the cam-
era movements. An experiment, verifying the approach
is presented.

Keywords: Super-resolution, Image restoration, Im-
age processing, Fourier spectrum

1 Introduction

Super-resolution presents set of methods for increasing
the resolution of an imaging system beyond some of
its inherent limits. Their aim is to reconstruct high-
resolution (HR) image of some object given a set of its
low-resolution (LR) images. Publications on the sub-
ject describe several approaches to the problem.

The simpler ones employ augmented interpolation of
a single input image only. In contrast to 'pure inter-
polation’, in them, the values of the pixels of the re-
sultant higher-resolution image are generated adding
some more information about its semantics. This in-
formation could be derived manually or automatically.
In [3], [19] and [10] several sets of hand-crafted rules
targeting edge preservation based on human intuition
are suggested. Another approach is to incorporate ad-
ditional information coming from real data. As an ex-
ample, in [18], edge preservation is done by a neural
network, trained on pairs of LR and HR images.

When employing these approaches, the additional in-
formation in the resultant image is pre-determined in
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some way. They may work well with a given class of
images (e.g. cartoons) but lack universality. Also, most
often, they lack efforts to get physically valid resultant
image.

Another set of approaches reconstruct an HR image
by fusing the information from several LR images by us-
ing some model describing physically the imaging pro-
cess. This could be achieved in several ways. The most
widespread way is to ’'invert’ the process of obtaining
a couple of LR images from a single HR one [5]. Here
each LR image serves as a constraint to the HR one.
This method has an advantage, as it could be naturally
extended by employing additional (statistically derived
or obtained in another way) prior information about the
desired image in the form of additional constraints [2].
Two ways of expressing the constraints for the HR im-
age are most commonly used, leading to the projection
onto convex sets (POCS) and maximum a posteriori
(MAP) approaches. In the POCS approach, each LR
image restricts the HR image within the limits of convex
set of the possible ones. Additional information about
the HR image is included easily, if it could be expressed
as such belonging-to-a-convex-set restriciton. The con-
vexity of the sets servers as a guarantee that subsequent
projections will converge to an image belonging to the
sets intersection. The MAP (or Bayesian) approach,
expresses each restriction as a functional on the HR
image. This enables wider types of additional infor-
mation to be included and works naturally with prior
information gathered statistically. The resultant image
in the MAP approach is derived by minimising these
functionals, usually in mean square sense. Also, some
other approaches exist - e.g the authors in [1] use non-
uniform interpolation followed by deconvolution, but
they lay beyond the scope of this paper.

An approach that fuses several LR images is harder
to implement and is computationally more expensive
than working with a single image only, but it has the
principle advantage of using the information about the
object coming from several of its images and hopefully



can result in better HR image.

In this paper, an improvement to a method from the
second class is suggested by controlling camera position
when taking frames. Similar successfull attempts are
done already, described in [4], where the optical sensor
is shifted using micro-actuators.

Here we suggest to take several sets of frames, rotat-
ing the camera between them. As it is discussed later,
this gives an advantage over using only sensor shift mo-
tions.

The orgainsation of this paper is as follows: In sec-
tion 2 some theoretical results about the limitations of
SR reconstruction are presented and discussed. A not
widely covered in the literature on the subject limita-
tion is pinpointed, that could not be overcome by in-
plane camera shifts only. In section 3 a mathematical
model of the imaging process is presented. Using it,
the advantage of translation-and-rotation over purely
translational motion is motivated. In section 4 some
experimental results are shown, confirming the validity
of the approach. Conclusion and some possible direc-
tions for future work are presented in section 5.

2 Limitations of super-
resolution reconstruction

The question of limitations of the super-resolution
process is not entirely covered in the literature. Using
space domain analysis, the authors of [2] show, that
the problem does not have a unique solution when the
zoom factor (the ratio between the LR and HR pixel
size) is integer. Also, they prove the problem is ill-
posed in other cases and its condition numer increases
rapidly with the increase of the zoom. In [11] a more
in-depth analysis is done and a conclusion is given that
the maximal theoretically attainable zoom factor is 5.7.

Both publications share the consideration that low-
resolution images are directly derived from the high-
resolution one. This consideration, despite useful in its
particular context, does not reflect the fact, that the
irradiation of the focal plane array presents a continu-
ous function (at the scale we are working at). Taking
this into account gives a more precise view of the pro-
cess and enables the proposed way to improve super-
resolution reconstruction.

In [20] a dependence of the maximum obtainable
zoom factor on the ratio of pixel size to pixel step is
derived. The criterion for determining this maximum
is based on the signal-to-noise ratio deterioration which
is due to attenuation of the high frequencies when in-
tegrating the irradiance over the pixel area.

In all publications the authors implicitly assume that
the boundary of the super-resolution zoom is a single
one, and that resolution could be achieved on all coarser
scales. Unfortunately, as the real data comes from in-
tegrating the incoming irradiance over non-zero sized

pixels, some frequencies of it’s spectrum are lost, re-
sulting in ’gaps’ in resolution under this absolute limit.
This effect could not be overcome by acquiring more
images under in-plane camera translations, as the set
of non-recoverable frequencies remains the same. How-
ever, as later shown, it could be avoided or mitigated
by in-plane camera rotation, as this kind of movement
reduces or eliminates the unrecoverable frequency set
under the presented imaging model.

3 Imaging model

3.1 Image formation and restoration

In the subsequent sections we will use the following
multi-frame imaging model: let’s have N images of a
single scene, and for the k-th one, the focus plane ar-
ray (FPA) registers some irradiance, which is integrated
over every pixel and results in a raster image repre-
sented by the r x s matrix of values y [m,n], m =
l...r, n =1...s, k= 1...N. The sensor resolu-
tion is determined by its dimensions divided by its pixel
count in horizontal and vertical direction, resulting in
the pixel size T' (without losing generality, we consider
square pixels only). This presents a good approxima-
tion of modern sensor matrices. If we imagine that we
have integrated I = I;(+) (the index is unimportant and
is arbitrary chosen) over a sensor with smaller pixels we
may get another, possibly bigger p x ¢ matrix of val-
ues z[i, j] representing in an image of the scene with
higher-resolution.

In the case, when the object’s lightfield is almost con-
stant between the frames and the change of camera’s
focal point position is small, we could assume, that

Ik(u,’U) - I((pk(uav)awk(uav)) (1)

where ¢, and 1, present an invertible map between the
HR and k-th LR image coordinates and have continuous
partial derivatives on the whole image or on a set of
‘image patches’. The question of finding ¢y and ¥y is
the subject of many research efforts, but goes beyond
the scope of this paper. Some approaches to acquiring
and using the model of motion we consider could be
found in [17] and [6].

In this case, as shown in [5], the super-resolution task
could be expressed as

y=Az (2)
in the space domain, or [12] as
F [yl = AF [7] 3)

in the frequency domain. Here 3 denotes a vector of all
LR pixel values, T - a vector of all HR pixel values, and
F [a] denotes the Fourier spectrum of a. As mentioned
in [20], by solving (2) or (3) one does - explicitly or
implicitly - de-aliasing followed by de-convolution.



It’s very common these tasks to be ill-posed or un-
derdetermined. The reason for this emerges from the
nature of the imaging process [2] and, when dealing
with real data, from sensor noise, quantization error
and error in determining ¢y and vy.

Some authors ignore the ill-posedness [9], some take
care of it. As an example, [13] and [14] employ special
set-theoretic approach for solving (2). Other authors
choose to use regularization, using smoothness [16, 7]
or domain speciffic functional [8].

The approach in this paper seeks improvement in
HR image reconstruction by influencing ¢y, and )y (thus
also A) by using active camera rotation.

3.2 Assumptions

The considerations in the following secions are made
under a number of assumptions about the particular
conditions under which the imaging process is done.
Some of them are inherent in the optical imaging pro-
cess, or are easily achievable. Other come from the
speciffic use of active camera concerned in this article.

Due to the non-ideal optical system, I could be con-
sidered a band-limited function. Also, as we choose the
sample count in T, we could think that it has enough
samples for the perfect linear reconstruction of I. As
mentioned above, we’ll consider I to be constant be-
tween frames. A way to extend the imaging model used
in this article to global linear changes of I is imple-
mented in [15]; non-global changes of I due to bigger
camera or object movements would shift the task from
restoring an image to restoring some properties of the
photographed object.

Also, we assume that the coordinate maps @y and ¥y
represent a translation followed by a rotation. This is
an acceptable approximation for the situation when the
real camera is subjet to a combination of the following
kind of movements: small translational movement par-
allel to the focal plane, small pan/tilt movement and/or
arbitraty rotation arround the camera principal optical
axis.

3.3 Imaging in the space domain

Under the assumptions mentioned above, the imag-
ing process could be modeled as a three stage one.
First, the coordinates of the intensity function I are
substituted leading to Ij(u,v) = I(pk(u,v), ¥i(u,v)).
Then I} is convolved with a 2D rectangle function and
finally sampled. This presents in another way the pro-
cess, when for the k-th image we get the intensity
yx[m, n] of the pixel with coordinates m,n by integrat-
ing I over its corresponding area.

Collecting the values of the pixels yi[m, n] for all k, m
and n into the vector ¥ we could write the equation

7= Al[l] (4)

where A presents a linear map from the space of I to
RS'I"N.

Under our assumption that I is perfectly linearly re-
constructible given HR image pixel values, (4) is equiv-
alent to the system of equations

AT =7 ()

where A is an u X (pg) matrix, u = srN, and T is
a vector of length pg presenting the collection of HR
image pixel values [5].

Given 7, (4) has (unique) solution for I iff (5) has
(unique) solution for Z. This also means, that the null
spaces of A and A are isomorphic and consequently, re-
ducing the dimensionality of the null space of A should
extend the set of recovarable images by reducing the
null space of A.

We can also write the similar to (5) equation for each
LR image:

AT =7, (6)

Up to row reordering, A equals the vertical concatena-
tion of Ay through Ay :

Ay Y1

Also, under the assumptions mentioned above, there
exist similar linear maps A; through Ay (correspond-
ing to A; through Ay respectively) such that

Taking into account that ¥ = A[I] presents the con-
catenation of j; = A;[I] for I =1 ... N, it is obvious
that the null space of A equals the intersection of the
null spaces of A; through Ay.

3.4 Imaging in the frequency domain

In the text below we denote the Fourier spectrum
of g by Fg]. As F presents linear invertible map,
the imaging process could be uniquely presented in the
frequency domain by the linear maps By, k =1...N
such that

FAL =B (FI)),k=1...M ©))
Also, there exists a map B such that
FAL =BF[1)),k=1...M (10)

As T is invertible and the null space of A equals the in-
tersection of the null spaces of Ay through Ay, the null
space of B presents the intersection of the null spaces
of By through By.
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For brevity, we’ll denote F [I] by I. When the
maps ¢ and 1, between the HR and the LR im-
ages’ coordinates represent translation, followed by ro-
tation, we could easily decompose By (k=1...N) as
B = 8. Vp. Wy, where §; reflects the sampling pro-
cess, Vi - the process of integration of the irradiance
over the pixel area and Wj, - the coordinate transfor-
mation expressed by ¢ and .

Under the assumptions in 3.2, W;, presents is a com-
position of image spectrum phase change, followed by
image spectrum rotation:

~ o~

[Wk‘(I)](u7’U) = (gl(u7’u)777l(uaU))'Ql(uvv) (11)

Here &, and 7y represent the effect of sensor rotation
(which results spectrum rotation) and Qj - the effect
of sensor translation (which results in spectrum phase
shift). The values of Q) are nonzero as they lay on
the unit circle in the complex plane, the coordinate ro-
taional map determined by & and 7y is invertible, so
the linear operator Wy, is non-singular. The null space
of 8 depends on translations between frames and un-
der our assumptions is a subspace of the null space of
Vi. We'll ignore it and concentrate on the latter.

3.5 Motivation for in-plane camera ro-
tation approach

The effect of the integration over a square pixel of
size T x T on the spectrum Wy (F[I]), expressed by Vj,
is:

VWil (D)), v) = Wi (D)](u,0).Lw,v)  (12)
where

L(u,v) = sinc (u/T) .sinc (v/T) (13)

Changing the multiplication order and substituting
coordinates, we can express the eﬁec/t\ of integration on
I for the k-th image as multiplying I(w,t) by

Li(w,t) = L& (w,0)m; Nw,t)) (14)
In this proces, the frequency of T with coordinates (w,t)
is lost if either u = & '(w,t) or v = n; ' (w,t) equals
to exact multiple of 7 as it has zero image. However,
when there is a rotation between the frames, some or
all of the zeros of Li(-,-), k = 1...N will not overlap
in the band where I is non-zero. This leads to reduc-
tion (in the sence of subset) of B;’s through By’s null
spaces intersection and therefore to reduction in the
dimensionality of the null space of B. As under our as-
sumptions the later is isomorphic to the null space of A
this could bring better image reconstruction possibility.

4 Experimental results

Here we present the results of two experiments, one
with simulated low-resolution images, derived from a

Figure 1: LR image set generated simulating camera
translation and in-plane rotation

o

Figure 2: portion of the original 256x256 pixel image

real-world photo and the other using a synthetic res-
olution test target. In the first experiment, two sets
of low-resolution images were generated from the 256
by 256 pixel high-resolution image (fig.2). The first set
contained ten 81 by 81 pixel images simulating transla-
tional camera motion; the second - ten 81 by 81 pixel
ones, with the camera making two in-plane rotations
(fig.1). Then, the image was restored by iterated back-
projection leading to LMS solution of 5. The absence
of noise in the simulated set-up made regularisation un-
needed. The resulting PSNR ratios between the origi-
nal and the restored image are 35,06 and 37,45 db for
the translational and translation/rotation cases. Note
the lack of the net’ artifact (fig.3) in the case when the
camera makes rotations (fig.4); in this case, the visible
artifacts in the lower right corner are due to the area
non being covered by all LR images.



Figure 3: portion of the same image, restored from 10
81x81 images under translational motion

Figure 4: portion of the same image, restored from 10
81x81 images with two rotations

Figure 5: An 80x40 simulated LR resolution test target
image

In the second experiment two sets of 30 resolution
test target 80x40 pixel images were synthesized again

I

Figure 6: Another of the 80x40 simulated LR resolution
test target images set

Figure 7: Restored 400x200 HR resolution test target
image, no camera rotation

|

Figure 8: Restored 400x200 HR resolution test target
image with camera rotation

simulating only camera translation for the first and
translation-and-rotation for the second. One of the LR
images is shown on fig.5. From them, 400x200 pixel
HR image was restored; the usage of this large magini-
fication factor is to avoid aliasing effects in the restored
image. In the case of purerly translational camera mo-
tion, shown on fig.7 the ’gaps’ in resolution, stemming
from the null space of A could be easily seen. The
mitigation of this effect is visible on fig.8, verifying the
correctness of the proposition in the previous section.

5 Conclusions and future work

5.1 Conclusions

In this paper, we have considered the task of super-
resolution by fusing the information from several low-
resolution images. The model used considered that the
array of optical sensors is irradiated by a continuous op-



tical flux I(-,-). We have identified an obstacle in the
super-resolution reconstruction of images, namely the
loss of certain fourier spectrum frequencies. This ob-
stacle is brought by non-zero pixel size and cannot be
overcome by taking more snapshots under (local) trans-
lation only. A way to solve it by in-plane rotating the
camera between taking images was proposed. Some ex-
perimental results with synthetic data were presented,
showing the viability of the method.

5.2 Future work

It would be interesting to investigate the case
of other camera motions, corresponding to ¢ and
Yrrepresenting locally affine transform. The question
of finding optimum rotation angle(s) and number of LR
images is interesting as well. Also, by finding the at-
tenuation of some frequencies that are part of the null
spaces of high to low resolution transition operators for
some of the images will give the possibility for better
high resolution image reconstruction.
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