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ABSTRACT

This paper deals with the problem of reconstructing high-resolu-
tion text images from an incomplete set of undersampled, blurred,
and noisy images shifted with subpixel displacement. We derive
mathematical expressions for the calculation of the maximuma
posterioriestimate of the high resolution image and the estimation
of the parameters involved in the model. The method is tested on
real text images and car plates, examining the impact of blurring
and the number of available low resolution images on the final
estimate.

1. INTRODUCTION

High resolution images can, in some cases, be obtained directly
from high precision optics and charge coupled devices (CCDs).
However, due to hardware and cost limitations, imaging systems
often provide us with only multiple low resolution images. In ad-
dition, there is a lower limit as to how small each CCD can be,
due to the presence of shot noise [1] and the fact that the associ-
ated signal to noise ratio (SNR) is proportional to the size of the
detector [2].

Text data reconstruction from low resolution images is an in-
teresting problem encountered in many application areas. Current
approaches to the problem can be found in [3] (thehallucination
algorithm) and in the papers by Capel and Zisserman ([4], [5])
where the high resolution image is estimated using a Bayesian ap-
proach.

Mateoset al. ([6],[7]) proposed a new method to estimate a
high resolution image from low resolution images when no blur-
ring was present in the observation process [6] and when the low
resolution images are also blurred [7], a case that frequently ap-
pears in Astronomy (see [8] for instance) and Remote Sensing. In
this paper we apply this method to text data reconstruction (span-
ish car’s licence plates and text data captures) and we demonstrate
its performance when applied to this kind of data.

The paper is organized as follows. The problem formulation
is described in section 2. In section 3 the degradation and im-
age models used in the Bayesian paradigm are described. The
application of the Bayesian paradigm to calculate the MAP high
resolution image and estimate the hyperparameters is described in
section 4. Experimental results are described in section 5. Finally,
section 6 concludes the paper.

2. PROBLEM FORMULATION

Consider a camera sensor withN1 × N2 pixels and assume that
we have a set ofq shifted images,1 ≤ q ≤ L × L. Our aim is to
reconstruct anM1×M2 high resolution image withM1 = L×N1

andM2 = L×N2, from a set of low-resolution observed images.
The low resolution sensors are shifted with respect to each

other by a value proportional toT1/L × T2/L, whereT1 × T2 is
the size of each sensing element (note that if the sensors are shifted
by values proportional toT1×T2 or q < L×L, the high-resolution
image reconstruction problem becomes singular). In this paper we
assume that the normalized horizontal and vertical displacements
are known (see [9, 10] for details).

Let ~gl1,l2 be the(N1 ×N2) × 1 observed low resolution im-
age acquired by the(l1, l2) sensor. Our goal is to reconstruct~f ,
the (M1 × M2) × 1 high resolution image, from a set ofq low
resolution images~gl1,l2, with 1 ≤ q ≤ L2. We will denote byI,
the set of indices of the available low resolution images.

The process to obtain the observed low resolution image by the
(l1, l2) sensor,~gl1,l2, from ~f can be modeled as a two stages pro-
cess as follows. In the first stage, the optical distortion in the ob-
servation process is represented by~Bl1,l2, the(M1×M2)×(M1×
M2) point spread function defining a systematic blur, assumed to
be known, due, for example, to motion or out of focus blurring, de-
fects in the camera optics, etc. The second stage models the CCD
pixel resolution. Let~Hl1,l2 be an(M1 × M2) × (M1 × M2) in-
tegrating matrix that represents the way a set of pixels in the high
resolution image affects each low resolution pixel. In this paper we
use an~Hl1,l2 representing a linear space-invariant blurring system
with impulse response

hl1,l2(u, v) =

{
1

L2 u, v = −(L− 1), . . . , 0
0 otherwise

. (1)

Let now ~Dl1 and ~Dl2 be the 1-D downsampling matrices de-
fined by

~Dl1 = ~IN1 ⊗ ~et
l , ~Dl2 = ~IN2 ⊗ ~et

l , (2)

where~INi is theNi×Ni identity matrix,~el is theL×1 unit vector
whose nonzero element is in thel-th position and⊗ denotes the
Kronecker product operator.

Then for each sensor the discrete low-resolution observed im-
age~gl1,l2 can be written as

~gl1,l2 = ~Dl1,l2
~Hl1,l2

~Bl1,l2
~f + ~nl1,l2 = ~Wl1,l2

~Bl1,l2
~f + ~nl1,l2,

(3)
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where~Dl1,l2 = ~Dl1⊗ ~Dl2, denotes the(N1×N2)× (M1×M2)
2D downsampling matrix and~nl1,l2 is modeled as independent
white noise with varianceβ−1

l1,l2. We denote by~g the sum of the
upsampled low resolution images, that is,

~g =
∑

u,v∈I

~Dt
u,v~gu,v. (4)

3. DEGRADATION AND IMAGE MODELS

From Eq. 3, the probability density function of~gl1,l2, the(l1, l2)

low resolution image, with~f the ‘true’ high resolution image,
p(~gl1,l2|~f, βl1,l2), is proportional to

1

Z(βl1,l2)
exp

[
−βl1,l2

2
‖ ~gl1,l2 − ~Wl1,l2

~Bl1,l2
~f ‖2

]
(5)

whereZ(βl1,l2) = (2π/βl1,l2)
(N1×N2)/2 andβl1,l2 the inverse

of the noise variance.
Since we have multiple low resolution images,p(~g|~f, β) =∏

(l1,l2)∈I p(~gl1,l2|~f, βl1,l2) and it is proportional to

1

Znoise(β)
exp

−1

2

∑
(l1,l2)∈I

βl1,l2 ‖ ~gl1,l2 − ~Wl1,l2
~Bl1,l2

~f ‖2


(6)

where
β = (βl1,l2|(l1, l2) ∈ I),

Znoise(β) =
∏

(l1,l2)∈I

Z(βl1,l2).

As prior model for ~f we use a simultaneous autoregression
(SAR) [11], that is

p(~f |α) =
1

Zprior(α)
exp{−1

2
α ~f t ~Ct ~C ~f}, (7)

where the parameterα measures the smoothness of the ‘true’ im-
age,Zprior(α) = (

∏
i,j

λ2
ij)
−1/2(2π/α)(M1×M2)/2 andλij =

1 − 2φ(cos(2πi/M1) + cos(2πj/M2)), i = 1, 2, . . . , M1, j =

1, 2, . . . , M2 and ~C is the Laplacian operator.

4. BAYESIAN ANALYSIS

Having defined the degradation and image models, the Bayesian
analysis is performed to estimate the hyperparameters,α andβ,
and the high-resolution image. In this paper we use the following
two steps:

Step I: Estimation of the hyperparameters

α̂ andβ̂ = (β̂l1,l2|(l1, l2) ∈ I) are first selected as

α̂, β̂ = arg max
α,β

L~g(α, β) = arg max
α,β

log p(~g|α, β), (8)

wherep(~g|α, β) =
∫

~f
p(~f |α)p(~g|~f, β)d~f .

The solution to this equation is obtained with the EM-algorithm
with X t = (~f t, ~gt) andY = ~g = [0 ~I]tX

Step II: Estimation of the high-resolution image

Once the hyperparameters have been estimated, the estimation
of the high-resolution image,~f(α̂,β̂), is selected to minimize

α̂ ‖ ~C ~f ‖2 +
∑

(l1,l2)∈I

β̂l1,l2 ‖ ~gl1,l2 − ~Wl1,l2
~Bl1,l2

~f ‖2, (9)

which results in

~f(α̂,β̂) = ~Q
(
α̂, β̂

)−1
∑

(l1,l2)∈I

β̂l1,l2
~Bt

l1,l2
~W t

l1,l2~gl1,l2, (10)

where

~Q(α̂, β̂) = α̂ ~Ct ~C +
∑

(l1,l2)∈I

β̂l1,l2
~Bt

l1,l2
~W t

l1,l2
~Wl1,l2

~Bl1,l2

Note that the prior model in Eq. 7 plays an important role in
the estimation of the high-resolution image and the hyperparam-
eters. If we examine the matrix~Q(α, β) in Eq. 10 we note that
when fewer thanL × L low resolution observations are available
or when the shifts in those low resolution images do not satisfy
the conditions in [12] and [13] this matrix would not be invertible
without the presence of~C. It is therefore important to examine the
quality of the reconstruction and also the accuracy of the estimated
hyperparameters as a function of the number of low resolution ob-
servations,q. This is done experimentally, as described in detail
in the next section. It is important to note that the calculations
involved in findingα̂, β̂ and ~f(α̂,β̂) can be performed using the

general framework developed in [14].

5. EXPERIMENTAL RESULTS

A number of experiments were performed with the proposed al-
gorithm over different sets of images to evaluate its behavior as
a function of the number of available low resolution images. We
have experimented with two kinds of high resolution real images:
an spanish car’s plate and a text image. In both cases we have also
investigated the effect of blurring the high resolution images.

The first experiments were applied to Fig. 1a. That figure
shows a car’s plate captured with a Sony CCD camera. The full
resolution image was1360×1020 pixels in size. We have consid-
ered only the subimage that contains the region of interest (128×
64 pixels in size). This image was not blurred, and the integrat-
ing function in Eq. 1 was applied to the original image obtain-
ing ~u = ~H ~f . The high resolution image,~u, was downsampled
with L = 4, thus obtaining a set of 16 low resolution images,
ul1,l2(x, y) = u(L1x + l1, L2y + l2), x, y = 0, . . . , M1

L
− 1,

l1, l2 = 0, . . . , 3. Gaussian noise was added to each low resolu-
tion image to obtain a set of sixteen low resolution images,~gl1,l2,
with 40dB SNR. Figure 1b depicts the zero-order hold upsampled
image of~g0,0 for 40dB SNR.

We have ran the reconstruction algorithm on different sets of
q randomly chosen low resolution images with1 ≤ q ≤ 16. Fig-
ures 1c to 1i depict the estimated high-resolution images using 1,
2, 4, 5, 8, 12 and 16 low resolution images, respectively. Visual
inspection of the resulting images shows that the proposed method
clearly outperforms zero-order hold upsample even when a few
low resolution input images are used (for example, Fig. 1f shows
a high resolution image calculated from 5 low resolution images).



Note also that the quality of the high resolution estimated image
increases with the number of low resolution images (see Fig. 5)
but improvement is not significative from 8 to 16 low resolution
images. The visual quality of the estimated high resolution images
obtained using 8 and 16 low resolution input images (Fig. 1g and
h, respectively) are almost indistinguishable, which means that the
prior model assists in accurately recovering the high resolution im-
age even when little information is available.

a b c

d e f

g h i

Figure 1: Spanish car’s license plate capture: (a) high resolution
original image (b) upsampled low resolution image (c)-(i) recon-
struction using 1, 2, 4, 5, 8, 12 and 16 low resolution images.

We also investigated the performance of the algorithm when
the high resolution image is blurred. Using Eq. 3 the high res-
olution image was blurred using a Gaussian blur with radius 5
andσ = 5. Figure 2a depicts the high resolution -blurred- im-
age. Then, the integrating function in Eq. 1 was applied to the
blurred image obtaining~u = ~H ~B ~f . This high resolution im-
age,~u, was downsampled withL = 4, thus obtaining a set of
16 low resolution images,ul1,l2(x, y) = u(L1x + l1, L2y + l2),
x, y = 0, . . . , M1

L
− 1, l1, l2 = 0, . . . , 3. Gaussian noise was

added to each low resolution image to obtain a set of sixteen low
resolution images,~gl1,l2, with 40dB SNR. Figure 2b depicts the
zero-order hold upsampled image of~g0,0 for 40dB SNR.
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Figure 2: Blurred spanish car’s license plate: (a) high resolution
blurred image (b) upsampled low resolution image (c)-(i) recon-
struction using 1, 2, 4, 5, 8, 12 and 16 low resolution images.

Once again, we ran the reconstruction algorithm on different
sets of randomly chosen low resolution images. Figures 2c to 2i
depict the estimated high-resolution images using 1, 2, 4, 5, 8,
12 and 16 low resolution images, respectively (the same numbers
as in Fig. 1). Visual inspection shows again that the estimated
high resolution images are much better than the zero-order hold
upsample even when a few low resolution input images are used.
The quality of the high resolution estimated image also increases
with the number of low resolution images images (see Fig. 5).

We have also tested this method to improve low resolution text
images. In Fig 3a we show a high resolution image (256×64 pixels
in size). Initially, we did not blur this image and we obtained a set
of 16 low resolution images (adding Gaussian noise with 40dB
SNR) in the manner we have already described. Then we ran the
reconstruction algorithm on different sets of randomly chosen low
resolution images.

a b
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e f

Figure 3: Text data capture (PDF viewer capture): (a) high resolu-
tion image (b) upsampled low resolution image (c)-(f) reconstruc-
tion using 1, 8, 12 and 16 low resolution images.

Figure 3b depicts the zero-order hold upsampled image of~g0,0

and Figs. 3c-f depict the estimated high-resolution images using 1,
8, 12 and 16 low resolution images. Visual inspection of the re-
sulting images shows that the high resolution estimated images are
considerably better than zero-order hold upsample (Fig. 1b). We
need, however, a greater number of low resolution input images
than in the previous experiments to obtain a high resolution image
with good visual quality. In any case, the improvement is not sig-
nificant with the number of low resolution images from 12 to 16
(see Fig. 5).

Finally, the high resolution image shown in Fig. 3a was blurred
using a Gaussian blur with radius 2 andσ = 2. Figure 4a depicts
the high resolution -blurred- image. The integrating function in
Eq. 1 was applied to the blurred image, downsampled withL = 4
and Gaussian noise was added to each low resolution image. We
obtained a set of sixteen low resolution images with 40dB SNR.
Figure 4b depicts the zero-order hold upsampled image of~g0,0 and
Figs. 4c-f depict the estimated high-resolution images using 1, 8,
12 and 16 low resolution images, respectively (the same numbers
as in Fig. 3).

Visual inspection of the resulting images shows that the esti-
mated high resolution images are considerably better than the zero-
order hold upsample and that the quality of the high resolution es-
timated image also increases with the number of low resolution
images (see Fig. 5). The improvement, however, is not as high as
when the high resolution image is not blurred.
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Figure 4: Blurred text data capture: (a) high resolution blurred
image (b) upsampled low resolution image (c)-(f) reconstruction
using 1, 8, 12 and 16 low resolution images.

Results are summarized in Fig.5. The performance of the pro-
posed algorithm was evaluated by measuring the peak signal-to-
noise ratio (PSNR) defined as PSNR= 10 × log10[M1 × M2 ×
2552/ ‖ ~f − ~f(α̂,β̂) ‖

2], where~f and ~f(α̂,β̂) are the original and

estimated high resolution images, respectively. PSNR evolution
against the number of low resolution input images is shown in
Fig. 5 for 40 dB low resolution images. Numerical results show
that the proposed method provides a clear improvement when se-
vere noise is present and most of the improvement is achieved
when a low number of input images is used. This makes clear
the importance of the prior model in the information recovering
process. This method works well even when the image to be re-
constructed is blurred. In this case, the improvement obtained with
the number of low resolution input images is not as significant as
when the original image is not blurred. We speculate that the num-
ber of required low resolution images to estimate a good high res-
olution image is inversely proportional to the scale of the objects
present in the image (just comparetextandcar’s plateimages).

Figure 5: PSNR evolution with the no. of low resolution images

6. CONCLUSIONS

A new method to estimate a high resolution image from an incom-
plete set of blurred, undersampled low resolution images has been

proposed. The approach followed can be used with any number of
low resolution images, since the prior model accurately recovers
the high resolution image even in the case where just one or very
few input images are provided. The proposed method has been val-
idated experimentally with text image sequences. We have shown
that the number of low resolution images depends on the scale of
the objects present in the image.
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