A character degradation model for grayscale ancient document images
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Abstract

Kanungo noise model is widely used to test the
robustness of different binary document image anal-
ysis methods towards noise. This model only works
with binary images while most document images are in
grayscale. Because binarizing a document image might
degrade its contents and lead to a loss of information,
more and more researchers are currently focusing on
segmentation-free methods (Angelika et al [2]). Thus,
we propose a local noise model for grayscale images.
Its main principle is to locally degrade the image in the
neighbourhoods of “seed-points” selected close to the
character boundary. These points define the center of
“noise regions”. The pixel values inside the noise re-
gion are modified by a Gaussian random distribution
to make the final result more realistic. While Kanungo
noise models scanning artifacts, our model simulates
degradations due to the age of the document itself and
printing/writing process such as ink splotches, white
specks or streaks. It is very easy for users to param-
eterize and create a set of benchmark databases with
an increasing level of noise. These databases will fur-
ther be used to test the robustness of different grayscale
document image analysis methods (i.e. text line segmen-
tation, OCR, handwriting recognition).

1. Introduction

In this paper, we propose a local noise model to gen-
erate synthetically most common defects observed in
real old document images (see Figure 1). The main
interest of this model is to allow a creation of a large
number of grayscale images with different degradation
levels, and use them for benchmarking and comparing
the robustness of different grayscale document analysis
methods (i.e. text line segmentation, OCR, handwriting
recognition. ..). Our model allows to control easily the
intensity of the degradation.

Many degradation models have previously been pro-
posed. Loce et al [6] proposed a perturbation model of
the print reflectance modulation resulting from scanner
mechanical disturbances. In [1], based on the physics
of the image acquisition process, a ten parameter model
for character degradation is discussed. In [3], a doc-
ument degradation model which simulates 4 types of
noise is proposed by Zhai et al. This model is used
for testing the robustness of line detection algorithms.
A model, based on an adaptation of a bleedthrough
restoration method detailed in [7], is also presented in
[8]. This model is used to compare the robustness of
two OCR algorithms when the bleedthrough intensity
is increasing.

Our new degradation model is able to simulate the
most common degradations due to the age of the doc-
ument itself and printing/writing process, such as ink
splotches, white specks or streaks. The physical process
of printing consisted of soaking wood-character stamps
in ink and pressing it on the base (sheet of paper, parch-
ment. .. ). If stamps or base are not in a good condition
or the quality of ink is not good, ink-specks might ap-
pear (see the first letter “a”, “b”, and “s” in Figure 1) or
a letter looks “broken” (see the second letter “a” in Fig-
ure 1). Sometimes, both defects appear together (see
the letter “u” in Figure 1). This kind of noise mostly
appears in the neighbourhood of the characters.
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Figure 1. Examples of defects in real ancient
document

To select the centers of the degraded region in the
neighbourhood of the characters, we use the non-linear
local selection presented by Kanungo ef al. in [5], as a
part of a more general local degradation model for bi-
nary images which was further validated in [4]. Ded-



icated to binary images, this degradation consists in
adding “salt and pepper” noise, i.e. flipping pixels from
background to foreground and vice-versa, in the neigh-
bourhood of the characters. A flipping probability is
firstly computed as a function of the pixel distance to
the foreground boundary. The random perturbation pro-
cess then flips some pixel’s values (foreground pixel(1)
changes to background(0) and vice versa). Finally, a
morphological closing operation is applied for correlat-
ing the flipped pixels. Kanungo noise model works well
with binary images and is widely used to simulate the
presence of noise for assessing the performances of dif-
ferent document analysis methods, such as the feature
extraction [9] or symbol recognition contests' 2.

This paper is organized as follows: in Section 2, our
model is specified. Experimental results for visual val-
idation and OCR robustness tests are given in Section
3 while conclusions and future extensions of this work
are provided in Section 4.

2. Grayscale noise model

Our model, described in Figure 2, is composed of
a seed-point selection (which relies on binarized im-
ages because seed points are more likely to be selected
close to the characters), a noise region definition, and
a noise generation process (which is applied directly to
the grayscale images).
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Figure 2. Grayscale noise model

2.1 Seed-point selection

As the result of random perturbation process in Ka-
nungo noise model, the inverted pixels (from fore-
ground to background and vice versa) are called seed-
points (they are the centers of the noise regions that we
add to original grayscale images). To compute these
points, we use a binarization method such as Otsu to
get a binarized version Iy, of Ig.qy. Ipy, is the in-
put of nonlinear local noisy point selection (see Figure
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2). Consequently, the computation provides two sets of
seed-point that we use as input of our noise generation
process. The first set (Py;) represents the center of each
future degraded area where ink will disappear. The sec-
ond one (Fys) represents the center of each future de-
graded area where ink will appear. The five parameters
in the Kanungo noise model, 8 = («g, a, Bo, B,1) (see
[4] for more details) are used for controlling the amount
of generated seed-points.

2.2 Noise region definition

Each seed-point is a center of a noise region. For a
center C; of noise region in Ig.qy and C; € Pry, U Pyy,
the local gradient vector is calculated from the grayscale
levels, shown as in Figure 3-b. The size and dimension
of the noise region are related to the local gradient vec-
tor at the center. The shape of a noise region is consid-
ered as a parameter of our model. For example, in Fig-
ure 3-c, the elliptic noise region is given with 6 points
(IPsy| = 4,|Pys| = 2). Let v be the gradient value at
C; and V be the maximum gradient value of all seed-
points. Let a be the semi-major axis and b be the semi-
minor axis of an ellipse. We define a = ao * (1 + )
where ag is an input parameter controlling the size of
the noise regions, and b = a * (1 — g) where g is the
flattening factor (0 < g < 1), an input parameter con-
trolling the “flatness” of the noise regions.
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Figure 3. (a) Original image, (b) Local gradient
vector, (c) Ellipse noise regions (a9 = 5, g=0.3)
of 6 points (|Pypl, | Pyr|) = (4, 2).

2.3 Noise generation process

In a noise region, the grayscale value of pixels is
changed in order to obtain a degraded region similar to
one observed in a real old document. For example, we
have the ellipse noise region given in Figure 4. Let ¢; be
the gray value at the center C;. ¢; is set to the average
grayscale value of all background pixels if C; € Py
and to the average of all foreground pixels if C; € Pyy.
For each pixel B; at the edge of ellipse, the average
value b; of its 8-neighbours (in the initial grayscale im-
age) is used for calculating values of all pixels in the line
C;B;. Let us consider any point P belonging to the
segment [C;, B;]. Let d;; be distance C; B; and d;;, be



Figure 4. Ellipse noise region

distance C; Pj;. To produce a noise as realistic as possi-
ble, we introduce a random number generation function
satisfying the normal distribution N (u,0?) for gener-
ating the new grayscale value of pixel Py in segment
[C;, B;]. The standard deviation ¢ is an input parame-
ter of our model whereas the mean p of this function is
calculated as in (1):

p=a+ (b — @)« (55) M

3. Experimental results
3.1 Visual validation of the model

For generating degraded images, it is possible to
tune kanungo parameters (oo, @, 5o, 3,7) in order to
change the number of seed-points (P, U Py¢). On
the other hand, users can only define the size of the
elliptic noise region (ag, g). In Figure 5, the ellipse
size (ap = 5,9 = 0.3) and initial parameters (og =
Bo = 1,7 = 0,0 = 0.6) are fixed while o and 3 are
progressively decreased. Obviously, when these two
parameters decrease, light specks (noise regions with
C; € Pyyp) appear and break the connectivity of char-
acters. Also, more dark specks (noise regions with
C; € Pyy) appear and make fat or connected characters.
Figure 5-d illustrates the importance of not generating
too many seed-points. The visual result might look “too

much” synthetic.
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Figure 5. Degraded images with the size of ellip-
tic region fixed (ag = 5,9 = 0.3) and o = 0.6.

Figure 6 shows several generated images with a fixed
number of seed-points and an increasing size of ellipse

(ap). In Figure 6-b, c, f, and g, the stroke becomes
thinner but is not broken with ag < 4. However, with
ao = 5 the stroke of character is completely broken in
Figure 6-d and h. In conclusion, the more a number of
seed-points increases or the larger degrading region be-
comes, the more degraded an image will be. Except the
case in which too many seed-points are generated, im-
age looks really similar to the real degraded one (more
results on?).
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Figure 6. Degraded images with the seed-points
fixed (|Pyy|, | Porl) = (2, 1) for “d”, (|Pys|, | Posl)
=(1,0) for “p”), and g = 0.3,0 = 0.6.

3.2 OCR robustness regarding our generated
character defects

The performance of OCR algorithms decreases when
the quantity of character defects increases. It is the rea-
son why we expect to verify if our noise model has a
coherent influence on OCR error rate. We perform two
tests with OCR algorithms (which are implemented in
the OCRopus software). For each generated image, the
text is extracted by OCRopus. The Levenshtein dis-
tance is then used to calculate the difference between
the extracted text in degraded image and the original
one. The further the distance is, the higher the error
rate is. In the first test, the database is divided into 8
categories of defect intensity. In one category, 10 im-
ages are created with the same parameter values. From
category 1 to category 8, the number of seed-points in-
creases (by decreasing the o and /3 parameters) while
the size of noise region is fixed. As shows in Figure 7,
the Levenshtein distance increases exponentially when
the number of seed-points increases. In each defect cat-
egory, the number of seed-points of each image is differ-
ent due to a pseudo-random function in the seed-points
selection step. Box-plots show that this function has no
influence on the increment of the error rate.

In the second test, we generate a database of 7 de-
graded images in which the size (ag) of a noise region

3http://www.labri.fr/perso/vkieu/content/demo.htm]
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Figure 7. OCRopus error rate evolution for an
increasing number of seed-points

increases progressively whereas the others are fixed.
Figure 8 shows that for a fixed number of seed-points, if
the size of an ellipse increases the error rate increases.
These tests show that OCR algorithm error rate gradu-
ally increases when characters becomes more degraded
as in the reality.
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Figure 8. OCRopus error rate evolution for an
increasing size of noise region

4. Conclusion

In this paper, we present a local noise model adapted
to grayscale ancient document images. Instead of flip-
ping a value of points between foreground and back-
ground on binary images (like Kanungo’s model), our
model generates grayscale noise regions defined as el-
lipses, where the level of degradation of each pixel is
computed by a Gaussian random function. This model
is not difficult to parametrize, so it might be widely ap-
plied to generate benchmark databases of different lev-

els of degradation for assessing or comparing the ro-
bustness of different image analysis methods towards
noise. Obtained images are very realistic and some of
the most common defects observed in real ancient doc-
ument images are mimicked. These defects might break
the connectivity of strokes or, inversely, increase the
connectivity. The evolution of the recognition rates of
a state-of-the-art OCR is coherent with different levels
of degradation that we generate. More work is needed
to formally validate the model and estimate the param-
eters. The model will soon be integrated in a software
dedicated to a semi-synthetic old document image gen-
eration.
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