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Abstract. Image restoration using resolution expansion
is important in many areas of image processing. This paper introduces a restoration method for low-resolution
text images which produces expanded images with improved definition. This technique creates a strongly bimodal image with smooth regions in both the foreground
and background, while allowing for sharp discontinuities
at the edges. The restored image, which is constrained
by the given low-resolution image, is generated by iteratively solving a nonlinear optimization problem. Lowresolution text images restored using this technique are
shown to be both quantitatively and qualitatively superior to images expanded using the standard methods
of linear interpolation and cubic spline expansion. Experimental results demonstrate that text images created
by this new algorithm improve optical character recognition accuracy more than images obtained by existing
expansion methods.
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1 Introduction
Text image resolution expansion has become increasingly
important in a number of areas of image processing. Optical character recognition (OCR) of document images
continues to be of great importance as we attempt to
become a paperless society. Restoring text from video
surveillance imagery is often crucial to law enforcement
agencies. Digital video compression algorithms can benefit from successful text resolution expansion techniques.
Video archival efforts also make use of OCR to assist
with indexing and retrieval. Text observed in these types
of images is often low-resolution and requires resolution
expansion in order to improve OCR performance. Common interpolation methods, which were not designed
specifically for text images, typically smooth over the important details and produce inadequate expansion. This
Correspondence to: P.D. Thouin

paper proposes a new nonlinear restoration technique for
text images, which creates smooth foreground and background regions while preserving sharp edge transitions.
There has been significant research in both the text enhancement and resolution expansion fields. Some text
enhancement efforts focus on fixing broken or touching
characters [18, 23]. Other methods [5, 24] use degraded
samples to model the image and then solve for the restored image using a recursive technique. To remove the
effects of noise, [11] uses a morphological filter and [1]
uses pixel patterns to improve OCR results. A variety
of methods have been proposed in order to improve contrast within text images including quadratic filters [13],
soft morphological filters [8], non-linear mapping [16],
and using a multi-resolution pyramid approach and fuzzy
edge detectors [14]. Numerous resolution expansion methods have been published in the literature as well [2, 3, 6, 7,
9, 12, 15]. Linear interpolation tends to smooth the image
data at transition regions and results in a high-resolution
image that appears blurry. Cubic spline expansion allows
for sharp transitions, but tends to produce a ringing effect at these discontinuities. The method proposed in
[4] uses relative displacements in image sequences to improve resolution.
A number of research efforts investigated combining
text enhancement with resolution expansion in order to
improve low-resolution text images. Shannon interpolation is performed with text separation from the image
background in [10] to improve the OCR accuracy of digital video. Deblurring is combined with linear interpolation in [19] to enhance document images obtained from
digital cameras. Both of these methods essentially perform the text enhancement and resolution expansion as
two separate steps. The proposed method computes resolution expansion using an algorithm specifically designed
to enhance text images to perform both of these steps
simultaneously.
The goal of resolution expansion is to create an expanded image with improved definition from observed
low-resolution imagery. Acquisition of this low-resolution
imagery can be modeled by averaging a block of pixels within a high-resolution image. Resolution expan-
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sion is an ill-posed inverse problem. For a given lowresolution image, a virtually infinite set of expanded images can be generated by the observed data. To solve
a high-resolution image that is optimal in some sense,
a Bimodal-Smoothness-Average (BSA) for score is introduced to measure how well potential expanded images exhibit desirable text-like characteristics. The BSA
score is defined as the weighted sum of separate bimodal,
smoothness, and average measures. Minimization of this
score is performed using a nonlinear optimization technique which results in a strongly text-like image. Text
images typically have bimodal distributions with large
black and white peaks, and images restored using this
new method are strongly bimodal as well. Images of text
are also usually smooth in both the foreground and background regions with sharp transitions only at the edges.
In addition, expanded images are constrained so the average of a group of high-resolution pixels is close to the
original value of the low-resolution pixel from which they
were derived. Low-resolution text images restored using
this new BSA score-based technique are shown to be superior, by measuring improvement in OCR accuracy, to
images expanded using standard methods.
The remainder of this paper is organized as follows.
Section 2 describes the problem of image resolution expansion. In Sect. 3, three text scoring functions are introduced which exploit properties of text images and set
a foundation for the image restoration method proposed
in this paper. Section 4 derives the technique used to iteratively solve for the functional minimum that results in
the restored image. Section 5 presents experiments using
this technique and quantitatively compares the proposed
method to other methods of image resolution expansion.
Finally, a summary of this proposed technique is given
in Sect. 6.
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Fig. 1. High-resolution imaging system with R × C elements
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2 Problem statement
The image acquisition process consists of converting a
continuous image into discrete values obtained from a
group of sensor elements. Each sensor element produces
a value which is a function of the amount of light incident on the device. For 8-bit grayscale quantization,
the allowable range of values for each sensor are integers
from 0 (black) to 255 (white). The sensors are typically
arranged in a non-overlapping grid of square elements,
smaller elements result in higher resolution imagery. A
high-resolution imaging system is shown in Fig. 1 where
the number of sensors is adequate to represent the desired text image. The majority of pixels within the image
are either white or black, with a small number of gray
pixels occurring at the edges. Figure 2 illustrates a lowresolution imaging system where the number of sensors
has been reduced by a factor of q = 4 in both the horizontal and vertical directions. This low-resolution acquisition results in significant blockiness and is insufficient
to accurately represent this image. Each sensor element
effectively averages the image within its section of the
grid, resulting in an increased amount of gray pixels.
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Fig. 2. Low-resolution imaging system with R/q × C/q elements

Low-resolution imaging can therefore be thought of as
block-averaging high-resolution images.
The effects of this block-averaging can be further observed by examining image histograms. Figure 3 plots
the histograms of an original text image and its blockaveraged image. The original image’s histogram is bimodal, which is common to text images. The peak occurs
at background (white) values, since the majority of pixels on a text page is background. There is a secondary
peak representing the black letters, which corresponds
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Fig. 3. Effect of block-averaging on histograms
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The value of LIr,c is the average of the high-resolution
pixels within the q ×q neighborhood. Equation (1) represents a typical image restoration problem where we are
required to restore the HIqr,qc based on the observed
LIr,c via the relationship described by this equation.
Since there are a great number of high-resolution images which may satisfy the constraint of the observed
low-resolution image given by (1), image restoration is
generally an ill-posed inverse problem.
3 The BSA algorithm scoring functions
The scoring function introduced in [20] is designed to
measure how well a group of pixels within an image represents the desired properties of text. This function, referred to as the BSA scoring function, is expressed as
the weighted sum of a bimodal score B, a smoothness
score S, and an average score A, each of which will be
discussed in detail in the remainder of this section. The
BSA score is defined as
BSA(x) = λ1 B(x) + λ2 S(x) + λ3 A(x)
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Fig. 4. Bimodal score for µblack = 50 and µwhite = 255

to a grayscale value of approximately 50 for this image.
Additionally, there are a small number of gray values
occurring between the two peaks, which represent the
gray pixels that exist at transitions from white to black.
The histogram of the block-averaged low-resolution image contains a greatly reduced number of black pixels
and an increased number of gray pixels caused by the
pixel averaging. The problem addressed in this paper is
to restore the high-resolution image HIqr,qc given only
the low-resolution image LIr,c , where r and c are the
number of rows and columns in the low-resolution image
and q is the resolution expansion factor. The image acquisition process of obtaining LIr,c from HIqr,qc is given
by
LIr,c =

0

(2)

where x is a block of pixels and λ1 , λ2 , and λ3 are Lagrange multipliers. Our goal is to design a BSA-based
algorithm which can iteratively solve for the block of
pixels x that minimizes the BSA(x) score given by (2).
The BSA score is a function of the bimodal, smoothness,
and average scores which are discussed in detail in the
following three subsections.

3.1 The bimodal score
The typical distribution of a text image contains two
peaks, a large one at µwhite , which normally represent
the page’s background, and a secondary peak at µblack
representing the foreground text as shown in Fig. 3. From
the histogram of the given low-resolution text image, estimates of the means for the black and white distributions are calculated. These means are used to compute
the bimodal score B(x), which measures how far an image block x is from bimodal. The bimodal score used in
this paper is defined by
B(x) =

X

(xr,c − µblack )2 (xr,c − µwhite )2

(3)

r,c

where r and c are the row and column indices within the
block being evaluated.
The bimodal function for µblack = 50 and µwhite =
255 is plotted in Fig. 4. When a pixel value within x is
close to either µblack or µwhite , its contribution to B(x)
is minimal. The bimodal minimum score of B(x) = 0
means that the image is perfectly bimodal, the value of
every pixel is equal to either µwhite or µblack . Solving
for the block of pixels x that minimizes B(x) produces
a strongly bimodal image, which is one of the desired
properties of this proposed text restoration technique.
To minimize B(x), both the first and second derivatives
of the bimodal score will be computed. The score given
by (3) is differentiable, the partial derivative of B(x)
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with respect to pixel xr,c is

(1)

(1)

x1,1 x1,2 · · ·

∂B(x)
=4x3r,c − 6(µwhite + µblack )x2r,c
∂xr,c
2(µ2white

(1)

µ2black )xr,c

+
+ 4µwhite µblack +
− 2µwhite µblack (µwhite + µblack )

(4)

(1)

(1)

µ2

(1)

x2,q
..
.

(1)

xq,1 xq,2 · · ·

and the second partial derivative for the bimodal score
is
∂ 2 B(x)
=12x2r,c − 12(µwhite + µblack )xr,c
∂x2r,c

x1,q

µ1

(1)

x2,1
..
.
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xq,q

µ3

(5)

µ4

+ 2(µ2white + 4µwhite µblack + µ2black ) .
Partial derivatives of the bimodal score B(x) are independent of neighboring pixels. The estimated means of
the bimodal distribution, µblack and µwhite , are known a
priori and their appropriate constants can be precomputed.
3.2 The smoothness score
With the exception of edges, text images tend to be very
smooth in both the foreground and background regions
which results in neighbors with similar values. A smoothness score, which is computed for each block of pixels,
is introduced to measure this feature. For this proposed
algorithm, a simple statistic using only the four nearest
neighbors of each pixel is used. Other more sophisticated
smoothness measures could be implemented as well. The
smoothness score S(x) used by this technique is given by
X
[(xr−1,c − xr,c )2 + (xr,c−1 − xr,c )2
S(x) =
r,c
(6)
+ (xr,c+1 − xr,c )2 + (xr+1,c − xr,c )2 ]
where r and c are the row and column indices within the
block being evaluated. The minimum value of S(x) = 0
occurs when all pixels have identical values.
The first and second partial derivatives are calculated
in a straightforward manner. The first partial derivative
of this smoothing score with respect to pixel xr,c is
∂S(x)
= 8xr,c − 2(xr−1,c + xr,c−1 + xr,c+1 + xr+1,c ) .
∂xr,c
(7)

Fig. 5. Average score computation

3.3 The average constraint score
It is reasonable to require that the average of a group
of high-resolution pixels is close to the original value
of the low-resolution pixel from which they were derived. For each block of low-resolution pixels, an average score A(x) is used to measure how well the restored
high-resolution pixels meet the average constraint imposed by their corresponding low-resolution pixels. Figure 5 shows four low-resolution pixels whose values are
µ1 , µ2 , µ3 , and µ4 . The q×q group of high-resolution pixels that are being restored from pixel µ1 are represented
(1)
by {xr,c , 1 ≤ (r, c) ≤ q}. The average score for this
2 × 2 block is expressed by
A(x) =

i=1

∂ 2 S(x)
= −2
∂xr,c ∂xr±1,c
∂ 2 S(x)
= −2
∂xr,c ∂xr,c±1

[µi −

q
q
1 X X (i) 2
x ]
q 2 r=1 c=1 r,c

(9)

where i is the index for the low-resolution pixels, µi is
(i)
the value of each low-resolution pixel, and xr,c are the
restored high-resolution pixels corresponding to pixel µi .
The initial high-resolution image formed by using pixel
replication always has an average score of zero because
it satisfies the constraint.
The first partial derivative for the group of highresolution pixels corresponding to pixel µi is equal to
∂A(x)
(i)

∂xr,c

The second partial derivatives are nonzero only when
∂ 2 S(x)
=8
∂x2r,c

4
X

=

q
q
2 1 X X (i)
[
x − µi ]
q 2 q 2 r=1 c=1 r,c

(10)

and the second partial derivatives are simply
(8)

and are equal to zero for all other combinations. The
first partial derivative of the smoothness score S(x) is
a function of the four neighboring pixels. The second
partial derivatives are non-zero only with respect to their
corresponding neighbors.

∂ 2 A(x)
(i)
(i)
∂xr,c ∂xr1 ,c1

=

2
q4

∀(r, c, r1 , c1 ) ∈ x(i) .

(11)

Both the first and second partial derivatives of the average score A(x) are non-zero only with respect to pixels within the q × q group of high-resolution pixels corresponding to the low-resolution pixel from which they
were expanded.
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Initially, each 4q×4q block of pixels x in the expanded
image is converted to a (4q)2 -long vector x using raster
scanning,
x[4q(r − 1) + c] = x(r, c)

for

1 ≤ r, c ≤ 4q .
(12)

A small distance away from x the BSA function can be
represented by its second order Taylor series approximation [17],
1
BSA(x + δ) ≈ BSA(x) + [∇BSA(x)]δ + δ T Hδ
2
(13)
and the change in BSA is given by
Fig. 6. Restored section of a 4 × 4 block of low-resolution
pixels

Fig. 7. Hessian matrix and diagonalized Hessian

4 Solving for the restored image
The goal of the restoration algorithm is to solve for the
image block that minimizes the scoring function BSA(x)
introduced in 2. Throughout this paper, a block x is defined both as a group of 4×4 low-resolution pixels and as
the 4q × 4q high-resolution pixels that are derived from
them. The 4 × 4 size was specifically chosen because it
contains enough pixels to adequately measure text characteristics but is not too large to be computationally
burdensome. The goal of resolution enhancement is to
create a restored image with improved resolution. This is
illustrated in Fig. 6 where a 4 × 4 block of low-resolution
pixels is expanded by a factor of q = 4 to create a 16×16
block of high-resolution pixels. Pixel replication, where
every value within a q × q neighborhood is identical to
the corresponding low-resolution pixel, is used for the
initial expansion. Each 4q × 4q block of high-resolution
pixels is restored independently using iterative optimization techniques described in this section to solve for the
block which minimizes the BSA score. At each iteration,
the first and second partial derivatives of the BSA scoring function are used to determine the image update.
To avoid block boundary discontinuities only the center
3q × 3q pixels, which are highlighted in Fig. 6, are updated. The entire image is therefore divided into blocks
that overlap by one quarter, or q × 4q pixels, and can
be restored independently. This iterative minimization
of the BSA score continues until convergence is reached
resulting in the restored image.

1
4BSA = [∇BSA(x)]δ + δ T Hδ
2

(14)

where δ is the small change to the image vector x,
∇BSA(x) is the gradient, and H is the Hessian matrix. The (4q)2 × (4q)2 Hessian is the symmetric matrix
of mixed partial second derivatives, which shows how a
change in two variables affects the BSA function.
To maximize this function, the variables in the Hessian matrix are diagonalized via eigen-decomposition.
Each eigenvector of the Hessian matrix is placed in a
separate column to form a unitary eigenmatrix E. That
is, the product of the eigenmatrix with its transpose is
equal to the identity matrix EE T = I. When the Hessian matrix is pre-multiplied by the transposed eigenmatrix and post-multiplied by the eigenmatrix, the resulting matrix E T HE is diagonal. Because the Hessian
is real and symmetric, it is always diagonalizable. As an
example, the Hessian matrix for an 8 × 8 block of pixels
is shown in Fig. 7. Because of the neighborhood dependence of the scoring functions, their contributions to the
Hessian are near the main diagonal. The similarity transform results in the diagonalized Hessian, E T HE, which
is shown at right. The Taylor series approximation to
the change in the scoring function 4BSA can now be
expressed in terms of the (4q)2 × (4q)2 Hessian matrix
H, its (4q)2 × (4q)2 eigenmatrix E, the 1 × (4q)2 gradient of the scoring function ∇BSA(x), and the (4q)2 × 1
small change in the image vector δ,
4BSA = ([∇BSA(x)]E)(E T δ)
1
+ (δ T E)(E T HE)(E T δ) .
2
With the following substitutions,
∇BSA0 (x) = [∇BSA(x)]E
0

T

δ =E δ
0

(15)

(16)
(17)

T

H = E HE .
Equation (15) can be simplified to
1
4BSA = [∇BSA0 (x)][δ 0 ] + δ 0T H 0 δ 0 .
2

(18)
(19)

The functional minimum is achieved by stepping in the
direction
δ0 = H

0

−1

∇BSA0 (x)

(20)
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Fig. 8a–f. Iterative text restoration example

in the transformed domain, which is simply δ = Eδ 0 in
the pixel domain. For each iteration, the image update δ 0
is determined. The iterations continue until convergence
is reached, resulting in a desired restored image. An example of this iterative image restoration process is shown
in Fig. 8. The original 4 × 4 block of pixels is expanded
by a factor of q = 4 using pixel replication to produce a
16 × 16 high-resolution image shown in Fig. 8a. As the
iterative restoration process proceeds in Figs. 8b–f, the
image becomes more bimodal and smooth resulting in
a greatly improved image. The majority of gray pixels
that occur between characters are replaced with either
black or white values, resulting in a strongly bimodal
distribution. The resulting image is also smooth in both
the foreground and background regions while maintaining the constraint that the average of each 4 × 4 block
of high-resolution pixels is close to the original value of
each corresponding low-resolution pixel. The minimiza-

tion procedure is completed in 30 iterations for this image and the BSA score is plotted in Fig. 9d. The individual bimodal, smoothness, and average scores are
shown separately in Figs. 9a–c. Initially, both the bimodal and smoothness scores are high because the image scores poorly for these measures. As the iterations
proceed, the image becomes more bimodal and smooth
and these two scores are reduced. The average score plotted in Fig. 9c originally has the minimum value at zero
because the constraint is met exactly. The average score
increases as the restoration proceeds, but this score is
still significantly smaller than the bimodal and smoothness scores. Minimization of the BSA score produces a
restored image that is the optimal combination of these
bimodal, smoothness, and average measures.
5 Experimental results
The proposed BSA restoration algorithm was compared
to several common expansion methods, including pixel
replication, linear interpolation, and cubic spline expansion. In linear interpolation, a linear fit is calculated between all pixels within each column, and then repeated
for all pixels within each row. These images naturally
tend to be smooth, without sharp discontinuities, producing blurry results. Cubic spline expansion [3] approximates the given discrete low-resolution pixels as a smooth
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continuous curve obtained from the weighted sum of cubic spline basis functions and resamples the curve to obtain the high resolution image. This method allows for
sharp edges but often overshoots at these discontinuities,
producing a ringing effect. The BSA text restoration
technique creates smooth foreground and background
regions and permits sharp edges at transition regions,
while maintaining the low-resolution average constraint.
Images restored with this technique are shown to be both
qualitatively and quantitatively superior to other common resolution expansion methods. Two experiments
were conducted to numerically compare the restoration
methods. The first experiment involved creating lowresolution images from high-resolution originals, expanding the low-resolution imagery, and then measuring the
distance to the originals. The second experiment involved
scanning low-resolution document images, expanding the
images with the various techniques, and using OCR accuracy to measure the success of the restoration.
The values for the three Lagrange multipliers, which
are weights in the BSA scoring function,

(a) Original Image

(b) Linear Interpolated Image

(c) Cubic Spline Interpolated Image

BSA(x) = λ1 B(x) + λ2 S(x) + λ3 A(x)
were determined experimentally. The rough order of
magnitude for the bimodal score given in (3) is q 2 d4
where q is the expansion factor and d is the difference
between two pixels. The smoothness score defined by
(6) is of the order 4q 2 d2 and the average score defined
by (9) is approximately of the order 4d2 . Throughout
these experiments the relative weights used were λ1 = 1,
λ2 = 10, 000, and λ3 = 1, 000, 000. The restored image is
solved for iteratively until convergence is achieved. For
the experiments described in this section, convergence
occurs when the average pixel change within a 4q × 4q
block of pixels is less than 0.5.
To qualitatively illustrate the differences between
these resolution expansion techniques, Fig. 10 shows resulting images obtained from linear interpolation, cubic
spline expansion, and the proposed BSA-based restoration technique. The word “applications” from an image
scanned at 100 dots per inch (dpi) using 8-bit grayscale
quantization is shown in Fig. 10a where significant blockiness is apparent. Linear interpolation by a factor of four
was used to create the image in Fig. 10b which is very
blurry and lacks good contrast. Figure 10c depicts the
resulting image from cubic spline expansion which has
better contrast but is still not sharp at the edges. The
image obtained using BSA restoration in Fig. 10d has
excellent contrast and sharp edges and is superior to the
images obtained using other interpolation methods for
this example.
The first experiment to quantitatively measure image restoration success involved creating low-resolution
images by block-averaging images as described by (1).
Restored images are then compared with the original
to determine the success of restoration numerically. The
mean squared error (MSE) was used to compare the various methods of image resolution expansion. The defini-

(d) BSA Restored Image
Fig. 10a–d. Text restoration results for low-resolution original

tion of mean squared error used in this paper is
R C
1 XX
(originalr,c − restoredr,c )2
M SE =
RC r=1 c=1

(21)

where R and C are the number of rows and columns in
the images. Restoration results for a severely degraded
41×376 section of a 3300×2544 image scanned at 300 dpi
are shown in Fig. 11. An averaging factor of q = 4 was
used to create a blocky image with a significant amount
of touching characters shown in Fig. 11b. The mean
squared error between this blocky section and the original is 1129.1. Linear interpolation produces the severely
blurred image in Fig. 11c which reduces the MSE only
slightly by 14.5% to 965.4. The resulting image obtained
from cubic spline interpolation in Fig. 11d is significantly
improved with a 40.9% reduction in MSE to 667.3, but
is still somewhat blurry. The BSA restoration produced
the best image shown in Fig. 11e by reducing the MSE
by 60.2% to 449.4.
These results clearly demonstrate several advantages
of this technique that was designed specifically for text
images. The BSA-restored image in Fig. 11e is strongly
bimodal and has both smooth foreground and background regions. There are sharp discontinuities at the
edges which are not observed in the linear or cubic spline
expansion results. The significant reduction in the
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amount of gray pixels produces superior character separation evident in the word “conform”. This gray pixel decrease also frequently results in sharper contrast within
a single character. The hole in the character “a” in the
word “that” which is hardly apparent in the blockaveraged image is vastly improved by the algorithm. A
comparative study of the reduction in mean squared error for the various image expansion techniques is plotted
in Fig. 12. The results for a group of five full-page images
that were scanned at 300 dpi and degraded with blockaveraging factor q = 2are shown in Fig. 12a. The average MSE for these five block-averaged images was 380.5.
Linear interpolation reduced the average MSE to 250.3
for these images for a 34.4% improvement. Cubic spline
interpolation reduced the average MSE to 113.7 for an
improvement of 70.3%. The proposed BSA restoration
technique was the most accurate for these images and
resulted in an average MSE of 77.4 for an 80.9% improvement. Figure 12b shows the restoration results for
a second group of five images again scanned at 300 dpi
and severely degraded by q = 4 block-averaging for an
average MSE of 1206. Expansion using linear interpolation reduced the MSE to 1055 for a 12.4% reduction and
cubic spline expansion resulted in an MSE of 722 for a
40.2% reduction. The best results were obtained using
the BSA algorithm which reduced the MSE to 474 for
an average reduction 60.7%.
As a final experiment, we used OCR accuracy to numerically compare our algorithm against existing reso-

BSA

400

200

0

1

2

3
4x4 Degraded Text Images

(b) 4x4 degradation
Fig. 12a,b. Comparison of MSE reduction for various
restoration techniques

lution expansion methods. A set of 122 full-page journal documents from the University of Washington English Document Image Database I CD-ROM [22] were
used. These binary documents were initially printed by
a laser printer with 300 dpi resolution. Each page was
then scanned using 8-bit grayscale quantization at 75
dpi to create low-resolution original images. These 75 dpi
resolution pages were then expanded using various resolution expansion methods by a factor of four to create
300 dpi images which were processed by Caere’s OmniPage Pro 7.0 commercial OCR package, the world’s
best-selling desktop OCR software. For all cases within
these experiments, both spline interpolation and BSA
restoration produced superior results to linear interpolation, therefore the linear interpolation results will not
be discussed further. The resulting text files were com-
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Fig. 13a–d. Sample OCR results for spline vs BSA

pared to the ground truth provided by the University of
Washington CD-ROM using the OCR Accuracy Report
Version 5.3 software [21] developed at UNLV-ISRI. There
were a total of 339,575 characters in these 122 images.
Cubic spline interpolation resulted in 36,959 character
errors and the BSA-based method had 30,668 character
errors for an overall improvement of 17.0% for this set
of images.

A sample section of two restored images and their
corresponding OCR results are shown in Fig. 13. Figure 13a shows the resulting high-resolution image obtained using cubic spline expansion. The text file created by OCR is shown in Fig. 13b where mistakes have
been highlighted. For this example, the OCR results for
the cubic spline image had 7 areas where mistakes were
made. The same image paragraph was expanded using
the proposed BSA method resulting in the image in
Fig. 13c which has better contrast than the corresponding cubic spline image. OCR results are improved as
well, only 4 mistake areas are highlighted in Fig. 13d.
An example where cubic spline expansion produced better OCR results is in the word “Preisach.” The top and
bottom of the “s” character were darker than the middle section in the original image. The BSA algorithm
caused the dark top and bottom regions of the “s” to be
separated and resulted in an “i” for this example.
OCR character accuracy for all 122 document images is plotted in Fig. 14 for cubic spline interpolation
and BSA expansion. The original 75 dpi images were
of such low resolution that the commercial OCR package, which performs optimally on 300 dpi images, frequently failed to recognize any characters within the
low-resolution document images. The results are sorted
based on the spline OCR results which are shown as a
solid line. For each image, the BSA result is plotted as an
“X” if the OCR accuracy is worse than spline and plotted
as an “O” where the accuracy has been improved. The
BSA restoration resulted in improved OCR accuracy for
72% of the images in this test set. Even in the cases
where cubic spline resolution expansion improved OCR
more than the BSA algorithm, the images produced by
the BSA were typically more visually appealing. Cubic
spline expansion from 75 dpi originals to 300 dpi images
required approximately 10 s of CPU time for each document. The same expansion required about 5 min for
BSA restoration. For the images in this experiment, the
expansions produced by the BSA algorithm produce superior OCR accuracy results compared to other existing
methods.
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