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ABSTRACT

Noise models are crucial for designing image restora-
tion algorithms, generating synthetic training data, and
predicting algorithm performance. However, to accom-
plish any of these tasks, an estimate of the degrada-
tion model parameters is essential. In this paper we
describe a parameter estimation algorithm for a mor-
phological, binary tmage degradation model. Inputs to
the estimation algorithm are the ideal and degraded tm-
ages. We search for the optimal parameter by look-
g for a parameter value for which the corresponding
noise pattern distribution in the stmulated image and
the given degraded image are most similar. The pa-
rameter space is searched using the downhill simplex
algorithm of Nelder and Mead. We use the p-value
of the Kolmogorov-Smirnov test of difference between
the two pattern distributions as the objective function
value. We show results of applying our algorithm on
document images.

Keywords: document degradation models, model val-
wdation, parameter estimation, Nelder-Mead, simplex,
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1. INTRODUCTION

There are numerous document image degradation mod-
els that have been proposed in the literature [7, 8, 1].
However, prior to using these models, it is important
to i) validate the models — that is verify that the sim-
ulations generated by these models are similar to real
world examples, and ii) provide algorithms for estimat-
ing the model parameters from real samples. The is-
sue of validation was address by Kanungo et al. [6, 5]
by converting the validation problem into a hypothe-
sis testing problem and then using a permutation test
to test the null hypothesis that a synthetic sample of
degraded characters and another sample of real sample
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of degraded characters come from the same underly-
ing distribution. Lopresti et al. [9] instead proposed
to study the differences in the error characteristics of
the OCR output for the real and synthetic samples.
This method, however, considers the degradation cou-
pled with the OCR system and not just the degradation
process.

The issue of model parameter estimation has been
studied to a lesser extent. Kanungo and Haralick [4]
reported results of some preliminary experiments that
they conducted to estimate the degradation model pa-
rameters using an objective function based on the power
function. They assumed that that an ideal document
image and the corresponding degraded image were given.
Baird [2] used the same power function approach to es-
timate the parameters of another physics-based degra-
dation model and Sural and Das [12] estimated the pa-
rameters of a two-state Markov chain document degra-
dation model using the power function approach. The
drawback of all the above estimation approaches is that
they assume that the degraded image and the ideal im-
age are perfectly aligned and that the character level
geometric groundtruth (bounding boxes) is available.
This, however, is a not easy to achieve since pixel-level
alignment of documents with arbitrary warping present
due to changes in printer and scanner speeds, is diffi-
cult.

In this paper we propose a parameter estimation
algorithm that does not require the degraded and ideal
images to be aligned and does not require character-
level geometric groundtruth either. The algorithm is
based on computing differences between distribution of
local patterns in the degraded and synthetic images. In
Section 2 we describe our document degradation model.
We outline the estimation algorithm in Section 3 and
provide simulation results in Section 4.



2. THE MORPHOLOGICAL DOCUMENT
DEGRADATION MODEL

In this section we briefly describe a document degra-
dation model for the local degradation that are in-
troduced when documents are printed, scanned and
digitized[7, 8, 5].

The model accounts for (i) the pixel inversion (from
foreground to background and vice-versa) that occurs
independently at each pixel due to light intensity fluc-
tuations, pixel sensitivity, and thresholding level, and
(ii) the blurring that occurs due to the point-spread
function of the optical system of the scanner. We model
the probability of a background pixel flipping as an
exponential function of its distance from the nearest
boundary pixel. The parameter «g is the initial value
for the exponential and the decay speed of the exponen-
tial is controlled by the parameter «. The foreground
and background 4-neighbor distance are computed us-
ing a standard distance transform algorithm [3] . The
flipping probabilities of the foreground pixels are sim-
ilarly controlled by Gy and 3. The parameter 7 is the
constant probability of flipping for all pixels. Finally,
the last parameter k, which 1s the size of the disk used
in the morphological closing operation [3], accounts for
the correlation introduced by the point-spread function
of the optical system.

The degradation model thus has six parameters:
© = (n, o, @, fo, B, k). These parameters are used to
degrade an ideal binary image as follows:

1. Compute the distance d of each pixel from the
character boundary.

2. Flip each foreground pixel with probability
p(0]1,d, g, x) = ape=d’ 4 7.

3. Flip each background pixel with probability
p(1|0a da 60a 6) = 606_ﬁd + n.

4. Perform a morphological closing operation with
a disk structuring element of diameter k.

The application of the various steps of the model is
illustrated in Figure 1. The procedure described above
works on bit-mapped images. Since there is no restric-
tion on the size of the image that can be degraded, or
the language of the written text, an entire document
page image can be degraded using this model.

3. THE ESTIMATION ALGORITHM

Our estimation algorithm is based on the assumption
that if the degradation parameters are estimated cor-
rectly, the local degradations in simulated image gen-
erated using the estimated parameters will look similar
to that of the real image. The way we capture this fact
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Fig. 1. Local document degradation model: (a) Ideal
noise-free character; (b) Distance transform of the fore-
ground; (c) Distance transform of the background; (d)
Result of the random pixel-flipping process (the prob-
ability of a pixel flipping is p(0|d, 3, f) = p(1]d, o, b) =
ape=: here a = B =2, ag = B = 1); (e) Morpho-
logical closmg of the result in (d) by a 2 x 2 binary
structuring element.

(e)

is by looking at the distribution of the neighborhood
patterns.

Let P be a set of neighborhood bit patterns and p
be an arbitrary element in the set P. For example, p
could be a 3 x 3 neighborhood with all 1s, or it could
be a 5 x b5 neighborhood with a 1 in the middle and
0Os everywhere else. Now we define pattern distribution
of an image R. Let Hpr denote a pattern distribution
so that Hg(p) where p € P is the number of times the
pattern p occurs in the binary image R. Using mathe-
matical morphology [3] we can define Hg(p) quantity
more precisely: Hg(p) = #{Ro p}.

Now let I be the ideal image and R be the given
degraded image. The problem is to estimate the model
parameter # such that if we degrade I with the model
with parameter fixed at #, we will get an image Sy that
looks similar to R. For our purposes, we say that two
images R and S are similar if the corresponding pat-
tern distributions Hg and Hg, are similar. We use
Kolmogorov-Smirnov test [10] to test the similarity of
the two pattern distributions. Finally,let KS(Hg, Hs,)
denote the KS test p-value for the null hypothesis that



the two distributions are same. We will use this p-value
as the objective function that the estimation process
tries to maximize. That is,

6 = max KS(Hg, Hs,). (1)

Notice that Sy is computed by simulation. Thus
derivatives of the objective function cannot be com-
puted in closed form. Hence, standard derivative ap-
proaches to maximizing K.S are not possible. Thus
we use the Nelder-Mead derivative-free optimization
algorithm [11] to maximizing K S. Furthermore, there
is no reason to believe that K5 is unimodal over the
model parameter space and so the Nelder-Mead algo-
rithm provides us with a local maximum. To circum-
vent this problem we do multiple random starts and
then pick the optimal solution corresponding to the
highest optimal value.

4. PROTOCOL AND RESULTS

We start with a 400 x 400 ideal binary image I shown
in Figure 2(a). The given degraded image R, shown in
Figure 2(b) was created using the model parameter § =
(0.0,0.6,1.5,0.8,2.0,3). The pattern set P was chosen
to be all the possible binary patterns in a 3 x 3 window.
Thus P has 512 patterns. The pattern histogram corre-
sponding to Figure 2(a)-(c) is shown in Figure 3(a)-(c).
Notice that some patterns occur more frequently than
others, and that the distributions of the ideal and de-
graded images are different. The search was done for
g, «, fo, B; and 1 and k were assumed known. The
Nelder-Mead algorithm was started 10 times with ran-
dom start locations. The objective function value (1
- pvalue) is plotted as a function of iterations in Fig-
ure 4. The best optimal solution is found to be 6 =

(0.0,0.64,1.57,0.96,2.02, 3), in Figure 2(c) we show the
image It generated using the optimal solution g. No-
tice that the pattern histogram corresponding to the
estimated image, which shown in Figure 3(c), is quite
similar to histogram of the original degraded image
shown in Figure 3(b).
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Fig. 2. (a) An typical ideal image; (b) A de-
graded image with parameters (0.0,0.6,1.5,0.8,2.0, 3);
(¢) Tmage generated using the estimated parameter

(0.00.64,1.57,0.96,2.02, 3).
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Fig. 3. Noise pattern distributions corresponding to
Figure 2(a)-(c). Each bin along the z-axis corresponds
to a different 3 x 3 point pattern.
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Fig. 4. Downhill simplex convergence for different
(random) starting locations.

[4]

[10]
[11]

[12]

T. Kanungo and R. M. Haralick. Morphological degra-
dation parameter estimation. In Proc. of SPIF Con-
ference on Nonlinear Image Processing, volume 2424,
pages 86—95, San Jose, CA, February 1995.

T. Kanungo, R. M. Haralick, H. Baird, W. Stuet-
zle, and D. Madigan. A statistical, nonparametric
methodology for document degradation model valida-
tion. IFEE Trans. on Pattern Analysis and Machine
Intelligence, 22:1209-1223, 2000.

T. Kanungo, R. M. Haralick, H. S. Baird, W. Stuet-
zle, and D. Madigan. Document degradation mod-
els: Parameter estimation and model validation. In
Proc. of Int. Workshop on Machine Vision Applica-
tions, Kawasaki, Japan, December 1994.

T. Kanungo, R. M. Haralick, and I. Phillips. Global
and local document degradation models. In Proc. of
Second International Conference on Document Analy-
sts and Recognition, pages 730-734, Tsukuba, Japan,
October 1993.

T. Kanungo, R. M. Haralick, and I. Phillips. Non-
linear local and global document degradation mod-
els. Int. Journal of Imaging Systems and Technology,
5:220-230, 1994.

Y. Li, D. Lopresti, G. Nagy, and A. Tomkins. Val-
idation of document defect models. IEFFE Trans. on
Pattern Analysis and Machine Intelligence, 18:99-107,
1996.

F. J. Massey. The Kolmogorov-Smirnov test for good-
ness. J. of American Stat. Assoc., 46:68-78, 1951.

J. Nelder and R. Mead. A simplex method for function
minimization. Computer Journal, 7:308-313, 1965.

S. Sural and P. K. Das. A two-state Markov chain
model of degraded document images. In Proc. of Int.
Conf. on Document Analysis and Recognition, pages
463-466, Bangalore, India, September 1999.



