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ABSTRACT

Super-resolution reconstruction is the process of reconstruct-
ing a high-resolution image from multiple low-resolution images.
Most super-resolution reconstruction methods neglect camera re-
sponse function, exposure time, white balancing, and external illu-
mination changes. In this paper, we show how to extend traditional
super-resolution reconstruction methods to handle these factors.
We provide formulations for several different super-resolution re-
construction approaches. Experimental results are also included.

1. INTRODUCTION

Development of visual communications and storage capabilities
increase the demand to high-resolution images. High-resolution
images are required in digital cameras, surveillance systems, med-
ical imaging, aerial/satellite imaging, and high-de nition TV sys-
tems. In computer vision systems, degraded images may cause
having false decisions. High-resolution imaging is crucial in recog-
nition, detection, and classi cation applications.

Although pixels can be placed more densely in camera in or-
der to obtain higher resolution, producing denser sensor arrays
increase cost signi cantly. In addition, smaller pixel size results
in smaller signal to noise ratio because of shot noise, which is
roughly independent of the pixel size.

Alternatively, we can take advantage of the correlation among
degraded observations of a scene to construct a higher resolution
image. In order to achieve super-resolution, subpixel-accurate mo-
tion vectors that warp input images onto a target image must be
calculated. Image registration is followed by restoration step, which
models point spread function and subsampling. Such a multi-

frame resolution enhancement process is referred to as super-resolution

reconstruction in the literature [1].

Current super-resolution algorithms do not model some of the
common process of the image acquisition pipeline, such as expo-
sure time and white balancing. In a real life scenario, images in
a data set may posses different information of the dynamic range
of a scene due to the change in exposure rates and aperture sizes.
In every different lightning condition, camera parameters are au-
tomatically adjusted to capture the right portion of the scene’s dy-
namic range by automatic parameter adjustment units. Also more
detailed information can be obtained about a scene if images with
different camera properties can be combined properly.

The so-called high-dynamic range imaging has been an ac-
tive research area in the computer vision community. Debevec et
al. [4], Mann [7], Robertson et al. [9], and Candocia [2] have
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Fig. 1. The proposed super-resolution algorithm uses an imaging
model that includes dynamic range and spatial domain effects.

demonstrated how to improve dynamic range by combining im-
ages captured with different exposure times. However, the issue
of nonlinear sensor response, different exposures, and white bal-
ancing has not been addressed extensively in the super-resolution
research. Recently, we proposed a projections onto convex sets
based super-resolution algorithm that addresses the saturation in
pixel measurements and potential changes in illumination [6]. In
this paper, we show how to extend traditional super-resolution re-
construction methods with a better imaging model (Section 2). We
provide formulations for several different approaches (Section 3).
Preliminary experimental results are given in Section 4.

2. IMAGING MODEL

Incorporating the relative motion among observed images, super-
resolution algorithms model the imaging process as a linear map-
ping between a high-resolution input signal g and low-resolution
observations z;. (i = 1,..., N; N is the total number of observa-
tions.) The imaging process is formulated as

zi=Hiq, i=1,..,N, ®

where H; is the linear mapping that includes motion (of the cam-
era or the objects in the scene), blur (caused by the point spread
function of the sensor elements and the optical system), and down-
sampling. Therefore, super-resolution reconstruction is an inverse
problem where q is estimated from a set of observations z;. H;
can be space- and time-varying. In practice, H; is implemented in
three steps: spatial warping to compensate for motion, convolution
with a point spread function (PSF), and downsampling. Details of
H;i modeling can be found in the special issue of the IEEE Signal
Processing Magazine [1] and the references therein.

As mentioned earlier, the model in equation (1) is not a com-
plete model. The irradiance of the scene is multiplied by the expo-
sure time and then passed through a non-linear camera response



function. In color images, white balance is achieved by trans-
forming the color space and scaling each component. Exposure
time and white balancing can be modeled as gain and offset terms
in general. Another factor in imaging is the vignetting effect.
The luminance on the sensor array changes by cos*6 with re-
spect to the luminance on the optical center. (Let df be the focal
length and dp, be the distance of a point to the optical center, then
tan @ = dp/ds.) The vignetting effect could be included in H; as
a space-varying intensity scale factor.

Denoting v; as the additive noise term (due to shot noise and
thermal noise) and w; as the quantization error, the overall imag-
ing process can be formulated as

zi = f(aiHig+Bi+ Vi) +wi, i=1,..,N, (2

where f(t) is the nonlinear camera response function function, «;
is the gain factor, i is the offset factor, and H; is the linear map-
ping that incorporates motion, PSF, vignetting, and downsampling.
(See the block diagram in Figure 1.)

3. RECONSTRUCTION METHODS

In this section, we provide several approaches for solving . De n-
ing g(t) - f¥'(¢) and using a Taylor series expansion, equation
(2) can be written as

9(zi) 7 aiHiq + Bi + Vi + ¢’ (zi) wi. A3)
With this linearization, we can easily apply the standard linear es-
timation techniques.
3.1. Least Squares Estimation

For the least squares (LS) estimation, the following cost function
is minimized:
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This formulation requires taking the inverse of a large matrix.
Although it is possible to construct the matrix Hj, a more conve-
nient way is to think of H; as a linear operator that applies warp-
ing, blurring, and downsampling operations successively [11]. Sim-
ilarly, H; T can be implemented by upsampling the image (with
zero padding), convolving with the ipped PSF, and motion warp-
ing back to the reference frame. The Landweber iteration tech-
nique is suitable for such an implementation. At each iteration
step, the current estimate ¢ is updated as follows:

g(zi) i Bi

q" = q+kH; i Hiq @)

where k is a step size, which can be constant or updated adaptively
at each iteration.

3.2. Projections Onto Convex Sets - Vector Formulation

Projections onto convex sets (POCS) technique is a well-known
reconstruction technique. The POCS technique projects an ini-
tial estimate onto constraint sets iteratively to obtain a solution
that is consistent with all the constraints [3]. There are differ-
ent ways of de ning the constraint sets. One way is based on
considering the whole image as a vector. De ning the residual
ri = w i Hi@, each observation sets a constraint on the
reconstructed image ¢ such that the residual is in between some
lower and upper bounds. That is the constraint set is

Si:fq:b|-ri-bug, (8)

where by and by are the lower and upper bound vectors. (Note
that by and by, are functions of measured intensity z;. For satu-
rated regions, the bounds are not as tight as for the non-saturated
regions.) The corresponding projection operation can be imple-
mented as follows

1

o = a+ HT HHT ©)

where C
bu i ri, forri > by
di = 0, forby = ri = by (10)
by i ri, forri < by
. i T+hi
To avoid calculating HiH; , One may try to restore the
image iteratively as follows

q" = q+ kHj di, (11)

where k is a step size. This is not exactly a projection operation;
however, experimental results show that it works well.

3.3. Projections Onto Convex Sets - Pixel Formulation

When the constraint set is de ned for the whole image, the projec-
tion operation requires taking the inverse of a large matrix. When
the constraints are de ned pixel-by-pixel, it is easier to implement
the projection operation. Let (I1,l2) and (n1,n2) be the pixel
coordinates in low-resolution and high-resolution images, respec-
tively, and hi(l1, l2; n1, n2) be the linear mapping. The residual at
each pixel is now

g(zi(l1,12)) i Bi . =

ri(li,l2) = o hi(l1,l2; 11, m2)Q(n1, n2).
! ni:ng
(12)
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the projection operation can be formulated as

q @1,”2) = n17n2)
bu l1,lz) i r.(ll,l2)) for r.(ll,lz) > bu(h,lz)
O for b|(ll712) - 'r'|(l17l2) - bu(ll,lg)
(b|(l1,lg) i r.(ll,l2)) for r.(ll,lz) < b|(11712)
(14)
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Fig. 2. For a typical sensor response function shown on the left,
the total noise variance has a shape similar to the one on the right.
For saturated regions, the noise variance is larger.

3.4. Bayesian Estimation

We model vi and w; as zero mean independent identically dis-
tributed (11D) Gaussian noises with variances o2 and o, respec-
tively. This will result in an analytically trackable derivation. It
can be shown that the total noise, vi + ¢° (zi) wi, is also a zero
mean Gaussian noise with variance

o =0i+4" (zi)? ol (15)
A critical implication of this result is that the total noise vari-
ance o2 is a function of the camera response function and mea-
sured pixel intensities z;j. Equation (15) indicates that the total
noise variance is larger for saturated pixel values. (See Figure 2.)
Denoting K as the covariance matrix of the total noise, and
using a Gaussian prior for g with mean image u.q and covariance
matrix—""the maximum a posteriori (MAP) estimate of g mini-
mizes the following cost function:
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(16)

One technique to obtain the MAP estimate in equation (16) is
the steepest descent technique. The current estimate ¢ is updated
in the direction of the negative gradient of E(Q):

a'=qirre(9), an

where & is the step size, and r E(q) can be found using

P i . ¢
rE(Q) =i HIKi ' 9 g

i (18)
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The step size « in equation (17) can be xed or updated adap-
tively during the iterations. Hessian of E(qg) can be used for
changing . (In our experiments we utilized the Hessian to de-
termine « at each iteration.)

4. EXPERIMENTAL RESULTS

We captured 23 images with a Canon G5 digital camera. (Fig-
ure 3 shows six of these images.) Exposure rates and illumination
conditions are different for some of these images. Images are rst
registered using a feature based method. Feature points in the im-
ages are extracted using the Harris corner detector. Then these
control points are matched using normalized cross correlation. We

Fig. 3. Images of the same scene captured with a Canon G5 digital
camera.

use RANSAC to eliminate the outliers. We run RANSAC for the
second time on the inliers to obtain the homographies.

There are various methods available in the literature to esti-
mate camera response function [4, 9, 7, 8, 10, 5]. In our experi-
ments, we use the comparagram method in [8]. (We had captured
multiple images with known exposure times and used those to es-
timate the camera response function. Even if the exposure times
were not known, iterative estimation was possible [8]. The camera
response function can be determined up to a scale factor; therefore,
f(255) is set to one. To obtain a smooth function, a regularization

Iter of [1, j 2, 1] is used.) Estimated camera response function is
shown in Figure 4. For the new data set, we used the registered
images and previously calculated camera response function to es-
timate a; and (i parameters using robust least squares estimation.
Deviation of pixel values from the linear relationship based on «;
and g; is used to determine the variance o2.

Figure 5 shows the results for the LS (based on equation (7)),
the POCS (based on equation (11)) and the MAP algorithms. The
POCS and MAP algorithms performed similarly; the least squares
algorithm performed slightly worse than those. The MAP has pro-
duced the least artifacts due to the Gaussian prior. (We used bi-
linearly interpolated initial estimate as the mean image pq, and
identity matrix fae—") In all experiments, the point spread func-
tion was chosen to be a 5 £ 5 Gaussian window with standard
deviation of 1. The number of iterations were ve in all cases.

5. SUMMARY

In this paper, we showed how to model camera response function,
exposure time, and white balancing for super-resolution recon-
struction. We showed formulations for several approaches, some
of these algorithms were applied on a real data set. The improve-
ment in spatial resolution is evident. We should be able to achieve
better results as we increase the number of images in the data set.
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Fig. 4. Estimated camera response function is shown in logarith-
mic scale.
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Fig. 5. Image on top is a cropped region from one of the obser-
vations. Image on top-right is obtained with the LS algorithm.
Image on bottom-left is obtained with the POCS algorithm. Image
on bottom-right is obtained with the MAP algorithm.



