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Abstract

In Archaeography, Philology, Forensics, and related research areas fragments of documents are very common.
These fragments are the basis for the subsequent reconstruction process, where the goal is to make the original
information spread over several fragments visible again. The fragments can originate from paper shredders, hand
torn pages or in the case of ancient manuscripts this is due to bad storage conditions, or other destroying facts. So
we can distinguish between an “on-purpose” destruction because the information contained on the pages should
not be readable anymore or a “time-induced” destruction for ancient documents which is unintentional. Neverthe-
less the reconstruction of document fragments is an interesting research question. This paper shows a preliminary
step for the page reconstruction namely the automatic orientation of snippets in order to eliminate the rotation
in the later reconstruction (puzzling) process. Furthermore features like paper color and the color of the inks
used are analyzed as a pre-classification step to find matching snippets. In the case of “on-purpose” destruction
there is no a-priori information on which fragment belongs to which page which makes a reconstruction based
on thousands of fragments from unknown sources difficult since the combinatorial effort explodes (NP-hardness).
Preliminary results on orientation and color segmentation are presented and show that these pre-processing steps

can be performed reliably and can be used for reconstruction and snippet classification.

Categories and Subject Descriptors (according to ACM CCS): 1.4.0 [Image Processing and Computer Vision]:
General—I.5.4 [Pattern Recognition]: Applications—Text Processing

1. Introduction

The reconstruction of destroyed documents is important in
different applications and sciences like forensics [UROS,
NSO7] and archaeology. The reconstruction of ancient
manuscripts that have been fragmented due to bad storage
conditions as well as the reconstruction of worth keeping
manuscripts or books that have been destroyed by disas-
ters (e.g. [Cur09]) need an automated solving of this task
to archive objects of historic and cultural value. Due to the
collapse of the historical archive of cologne a total of more
than 18 shelve kilometers have been overwhelmed by rub-
bish. Another example is the reconstruction of the man-
ually torn “Stasi-files” of Germany for historic investiga-
tions [NSO7]. Within this project approximately 600 mil-
lion snippets [NSO7] from about 45 million pages exist. It
is stated that the fields of forensics, tax fraud investigation,
customs investigation and the suppression of business crime
are in need of automated recovery algorithms.

The reassembling of torn documents is related to the
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traditional puzzle games like 2D pictorial cardboard puz-
zles [DDO7]. The main difference to canonical jigsaw puzzle
games [YS03, Tyb04] is the irregular shape of the fragments
and the content (mainly text in documents compared to im-
ages in jigsaw puzzles). Although manually torn documents
are processed as 2D puzzle, it is possible that paper tears in
different layers which causes overlapping parts of fragments.

2D puzzles furthermore can be divided into pictorial and
apictorial reconstruction methods [FG64]. In apictorial re-
construction problems only the shape of the fragments can
be considered as information to assemble a single fitting
structure. Compared to pictorial reconstruction problems the
shape as well as the information printed on the fragments
(e.g. in terms of printed pictures or text) are accounted to find
the correct solution. An instance of an edge matching puz-
zle [DDO07], where all puzzle pieces have the similar shape,
are shredded documents (e.g. [UROS5]), where all parts of the
documents exist of equal stripes. As a result, only the texture
information of the pieces can be used to solve the problem.
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Arising problems are the described mismatch of the outer
boundaries, fragments that belong to different pages or even
manuscripts/books. An additional problem is that it is not
known a priori if there are missing pieces or not [Tyb04]. As
a result, heuristics used to solve jigsaw puzzles like assem-
bling the outer boundary and afterwards the interior [BW89]
cannot be applied to torn documents. Therefore the aid of
pictorial reconstruction methods in combination with shape
matching algorithms can solve even large instances of this
problem [NSO7]. The complexity of puzzle problems (NP-
hardness, depending on the type of the puzzle) is presented
in [Tyb04, DD07].

In this paper a pre-calculation of document snippets is de-
scribed to enable a clustering of the provided data as de-
scribed in [NSO7]: according to the printed or handwritten
text information the orientation is calculated. Additionally,
the color of the used inks and of the paper are analyzed. Fur-
ther statistical analysis e.g. handwritten vs. printed text, line
spacing, paper type (blank, lined, checked) can be analyzed
too. After this step the snippets can be further clustered ac-
cording to their color. As a result, the search space for the
shape matching is reduced.

The paper is organized as follows: Section 2 reviews the
state of the art of 2D reconstruction and skew estimation
methods. In Section 3 the pre-calculation of all snippets is
described, while in Section 4 the experimental results are
discussed. Finally a conclusion is given in Section 5.

2. Related Work

There are several studies for the automated assembly of
jigsaw puzzles, e.g. [NDHO8, CFF98, BW89]. A puzzle
related to archaeological problems is the one published
in [PPE*02]. In this paper fragmented wall paintings (1600
b.c.) are reconstructed by matching the fragments’ contours.
In [Kol08] the reconstruction of the Severan Marble Plan of
Rome, or Forma Urbis Romae (more than 1000 fragments,
destroyed in the 5th century) is treated. A boundary incision
matching method was developed, which uses topographic
features in addition to the boundary information [KolOS8]. It
is stated that a matching algorithm simply based on contour
matching did not lead to a solution.

For text documents the reassembly of strip-
shredded [PRO8, URO5] or cross cut-shredded [PRO09]
documents is the main research area in the forensic domain.
An approach that is dealing with the reconstruction of torn
paper is presented in [Ber0O8] (only the shape is considered,
texture information is not used).

Methods proposing algorithm for skew estimation include
techniques based on projection profiles [BK97, SZHZ07],
the Hough transformation [HFD95, AFO0] and methods
based on properties of the Fourier transform [PT97]. A sum-
mary and a classification of skew estimation algorithm is
shown in [Lv04, Hul98]. A drawback of projection profile

based techniques is that narrow lines do not produce a sig-
nificant peak [LSZTO07]. In [SKOO] the document image is
smoothed and then a bounding rectangle of the Connected
Components (CC) with a minimal area is calculated. The
orientation of the bounding rectangle determines the skew of
the document. According to [KFGO02] the problems of skew
estimation algorithms are the following:

e “Restriction of detectable angle range

e Restriction on type or size of fonts

e Dependence on page layout

o A specific document resolution is required

e High computational cost

e Limitation to specific application

e Large text areas are required

e [...] Furthermore, the proposed algorithms can estimate
the dominant skew angle and cannot deal with the cases of
handwritten pages where the text lines may not be parallel
to each other.”

The main benefit of the proposed algorithm is the possibility
to handle fragments of stamps’ size up to a mutual page size.
Additionally all points except the need of a large text area
and the fact of different orientated text lines are fulfilled.

Algorithms for determining the up/down orientation on a
text page are mainly based on statistical analysis of ascen-
ders and descenders, e.g. [Cap00, BKD95]. The main draw-
back is the dependence on the script as well as the language
used within a document. In [Ara05] an algorithm analyzing
the openness of characters is published, which can also be
applied to different scripts with a dominant directionality.
For a detailed description see [Ara05].

3. Methodology

To cluster the data and to support the matching algorithm the
orientation and the color of the inks/paper is calculated. The
orientation assignment is based on the gradient orientation
of each pixel which are accumulated into an orientation his-
togram. In addition, a color segmentation is performed and
the color of the ink/paper is analyzed.

3.1. Rotational Analysis

The rotation estimation of a given snippet is inspired by
Lowe’s SIFT [Low04]. Thus, the gradient magnitude m(x,y)
and the gradient orientation 6(x,y) of a snippet are com-
puted:

m(x,y):\/(L(x+1,y)—L(x—l,y))z-i-...
+(L(x,y+1) = L(x,y —1))?
1 Lx,y+1)—Lx,y—1)
R free e e I

where L(x,y) is the observed image. Subsequently an ori-
entation histogram is constructed with bins corresponding to

ey
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the orientation 8(x,y). Hence, each pixel is accumulated into
the bin corresponding to its orientation and weighted by the
gradient magnitude m(x,y). Peaks in the resulting histogram
indicate the main orientation of a given snippet.

Since reflected gradient vectors indicate whether a border
is black-white or white-black but do not make a statement
about the exact local orientation, 8(x,y) is computed on the
interval [—mt/2 /2] (see Section 4). Therefore, reflected
gradient vectors are accumulated to the same bins of an ori-
entation histogram which leads to improved peaks.

Figure 1: Gradient vectors of a manuscript image.

To determine the global orientation, simply the highest
histogram bin could be taken into account. However, if a
straight torn border is present in a given snippet, the high-
est peak would correspond to this border, not to text lines
in the snippet. In order to solve this problem, the highest
peak relative to its neighbors is taken into account rather than
the global maximum of the orientation histogram. For this
purpose, the histogram is smoothed with a gaussian (¢ = 3)
which discards small local maxima. Then the local maxima
I(x;) are detected in the smoothed histogram and again allo-
cated in the original histogram. Finally, the peak is detected
by:

p = max(l(x;) —median[l(x;_ ;) I(x;y;)]) 3)

where [(x;) is the i-th local maximum, p is the resulting peak
and j determines the interval of the local neighborhood.

So far the accuracy of the determined main orientation
depends on the number of bins in the orientation histogram
(e.g. 1° if 180 bins are used). In order to increase the ac-
curacy — independent to the number of orientation bins — a
2" order polynomial is interpolated to the peak and its two
neighbors. Hence, the main orientation of a snippet is deter-
mined by the maximum of the polynomial with an arbitrary
accuracy.

3.2. Quadrant Estimation

The orientation histogram determines the main orientation
within a quadrant [0 7t/2]. In order to determine the quad-
rant, the content of a snippet needs to be considered. Since
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Figure 2: Orientation histogram with spline interpolation

the best fitting ellipses are computed for content analysis,
the quadrant assignment is based on these. Therefore, the
snippet is thresholded using the Otsu [Ots79] binarization
and multiplied with its mask (see Section 3.4) which dis-
cards the background. Subsequently the best fitting ellipses
are computed for each blob by means of the normalized sec-
ond moments. A blob generally represents a word which is
guaranteed by a previous smoothing of the image.

In order to determine the quadrant, the ellipses are first
rotated relative to the main orientation. Than they are ac-
cumulated into an x and y bin depending on their angle. A
weight based on the angle, size and aspect ratio is assigned
to each ellipse. Thus, ellipses having a relative orientation of
45° have a lower weight than those with 1°. If the resulting
y bin is higher than the x bin, the snippet needs additionally
to be rotated by 90°.

Since the entropy of snippets can be low (only a few words
written), it is necessary to establish a confidence measure c.
This measure is defined by:

_ min(xb,yb) _ l
c= l max(uyp) 1 € >0 . 4)
0 otherwise

where (xp,yp) are the x and the y bins respectively and n is
the number of ellipses. This measure allows for a soft clus-
tering decision in the final matching algorithm.

3.3. Up/Down Orientation

The page up/down orientation determination is based on the
work of Caprari [Cap00]. Therefore the decision is based
on the frequency of ascenders and descenders of roman
letters and arabic numerals. The frequencies of the sin-
gle characters for English and German are shown in Ta-
ble 1 [Beu05, Lew05]. It can be seen that the occurrence of
ascenders is dominating. Capital letters, which will rise the
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asymmetry of ascender/descender and therefore enhance the
result of the given method, are not considered in this statis-
tics.

Stroke Letters Frequency  Frequency
English German
Descender  j,p,q.y 4.15% 1.12%
Ascender  b,d,fhk]Lt 27.92% 24.19%
Neither a,c,e,i,m,n,o,r, 67.93% 74.69%
S,U,V,W,X,Z

Table 1: Character frequency in English and Ger-
man [Beu05, Lew05]

Caprari analyzes the asymmetry of the line histogram
based on the ascender and descender frequency. Since the
algorithm is sensitive to the correct skew, the entire page is
divided into stripes. The dependency of the up/down rotation
to the relative rotation error has been tested on the dataset
with a varying amount of stripes (1,2,4,6,8). It turned out
that the best results are gained when a snippet is divided into
6 stripes (see Section 4).

3.4. Color Analysis

An additional feature that is used to cluster the given snip-
pets is the color of the paper as well as the main color of the
printed or handwritten text. It is obvious that different col-
ors of inks/paper belong to different documents. Color seg-
mentation for text extraction is a common field in document
analysis (see [MTGO05, HYT*04]).

To segment the snippets into background and printed
information, color spaces (RGB, CIE L*a*b* , HSV,
XYZ) [TTO03] have been tested. It turned out, that for the seg-
mentation of the background the luminance channel of the
CIE L*a*b* color space is the best choice (see Section 4).
Since all snippets are scanned using high-end devices the
recording conditions (e.g. illumination) remain stable for all
digitized images. Hence, the color temperature is not signifi-
cantly varying which allows for directly comparing captured
colors.

To determine a threshold the 1-D histogram of the lumi-
nance channel is calculated and smoothed. It is assumed that
the background (paper, parchment,...) has a higher lumi-
nance value than the foreground (writings, images) and the
luminance histogram therefore can be represented by two
gaussian distributions. As a result the two gaussian distribu-
tions representing the background p;, and the foreground p ¢
are fitted into the histogram using Expectation Maximization
(EM) [CJST07,HKMOS] to approximate a Gaussian Mixture
Model [CBGMO02]:

p(x|0)="Y oipi(x|6)) 5)
i€{b,f}

where o, represent the mixing weights and 0 represents the
parameters of the gaussian distributions p; [CBGMO02]:

(c18) = — e T ©)
(x ) — e G,
pi i o/
The threshold #/ for segmenting the background is set to
th = up, —20p, (N

whereas u represents the mean value, and ¢ is the stan-
dard deviation of the gaussian determined by the EM algo-
rithm. According to the definition of a normal distribution
this threshold includes approx. 95.4% of all background pix-
els. Figure 6 shows a snippets luminance histogram and the
fitted gaussians to determine the threshold. The background
color is calculated as the mean value of all RGB values in
the determined background region. Since edges of the writ-
ing or snippets have a continous color gradient (e.g. a blue
character fades out to the background color) the pixel val-
ues are weighted with the normalized gradient magnitude
values: 1 — ||m(x,y)|| (see Equation 1). Note that the calcu-
lations are done only in the snippet region, since a mask is
used to eliminate the region outside the snippet. Due to the
scanning process the snippets have a uniform illumination
and a defined background color. Subject to these limitations
the threshold to determine the mask image can be calculated
using a global threshold approach (e.g. Otsu [Ots79]).

The threshold for the text is determined in the Saturation
channel of the HSV color space and black/gray colors are de-
termined in the V channel. Each blob is analyzed separately
to determine the color of the writing by calculating the mean
values of the blob’s pixels for the R, G and B channel. To
reduce effects like the fading out of the ink at the borders
the pixel values are weighted in the same way as the border
pixels of the background.

After calculating the mean color value for each blob
(black/gray and color segmentation is processed separately)
the number of colors determined is approximately in the
range of 100 up to 200. Figure 3 shows two degraded charac-
ters to illustrate the problem of the determination of a single
color for a character and the importance of the weighting
with the gradient magnitude. Additionally it explains the oc-
currence of slight differences in the mean color of 2 charac-
ters written with the same color. It can also be seen that using
K-means for color segmentation in this application results in
an oversegmentation.

To reduce the quantity of color values a 3D RGB His-
togram is calculated. This is done by determining the local
maxima of the color histogram which is also known as hill
climbing segmentation [OAMO03, AEWSO08].

4. Results

In order to generate the groundtruth, a tool was devel-
oped which allows for a manual assignment of the text
(print/manuscript), the paper (void/lined/checked) and the
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16 16

Figure 3: Original degraded characters (a) segmented char-
acters with determined color value

rotation angle. The annotated test set consists of 690 im-
ages containing torn documents of all classes. The snippets’
sizes range from 3. lem® to 378cm? at a resolution of 300d pi.
Thus, the document analysis system must be able to handle
snippets of a stamp’s size with hardly any content up to half
a DIN A4 page.

A cross validation of the manually tagged groundtruth
was performed on 150 images so that the variation of dif-
ferent operators can be analyzed. The resulting median error
of the rotational angle — which was annotated by dragging
a line in a given image — is 0.14° (gg.75 : 0.29°). The max-
imal error of 2.86° can be traced back to the fact that some
snippets do not have an obvious main direction (e.g. if hand-
written lines are not parallel to each other).

4.1. Performance of the Rotational Analysis

Based on this annotated test set, the rotational analysis de-
scribed in Section 3.1 is evaluated. Additionally, parameters
needed are determined so that a good generalization perfor-
mance of the methods is given. The relative orientation error
is computed by:

e1 = |[mod (0, 90) — mod (0, 90)|| (8)
e =min(ey, 90 —ey) 9

where o, is the manually determined rotation angle, o is
the computed angle and e is the final error. This error com-
putation considers solely the difference of angles within one
quadrant [0 7t/2] since the quadrant estimation does not con-
sider if a snippet is upside down or not.

The statistical moments of the relative angle error are
given in Table 2. In this evaluation 678 images are consid-

Number of images: 678
Mean error:  1.95°
Median error:  0.37°

o +6.13°
q0.25 0.160 —40.75 0.820

Table 2: Relative rotational errors.

ered even though the test set consists of 690 images as men-
tioned before. This arises from the fact that some snippets
exist (e.g. no content, no straight border) where the main
orientation cannot be assigned to.
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Figure 4: Different examples of rotated snippets. The first
snippet (a) has a relative orientation error of 0.11°, where
(b) has an error being 0.98° and (c) 18.58°.

The difference of 1.58° between the mean error and the
median error can be traced back to the fact that 32 outliers
exist where the rotational analysis completely fails. These
outliers push the mean error while snippets that are consis-
tent to the requirements have an error below 1°. Figure 4
shows three differently rotated snippets. In (a) and (b) snip-
pets are shown that are rotated correctly (Error < 1°). The
snippet shown in (c) is one of the 32 outliers. Since hardly
any text is visible in this example, the main orientation can-
not be assigned automatically.

In addition to the tests made concerning the relative ori-
entation, a test was performed on the quadrant estimation.
There, 47 (7.63%) images could not be rotated correctly as
a consequence of false binarization and errors of the relative
orientation estimation. In addition to the full testset, a set
consisting of 164 snippet images was created which contain
at least 5 partially visible text lines. On this test set 5 (3.05%)
snippets were not rotated correctly. If 5 images having a rela-
tive error above 5° are not regarded, the quadrant estimation
fails in 3 cases (1.89%).

The results gained with the method for determining the
up/down orientation are given in Table 3 when varying the
number of stripes. On the whole testset 9.04% were not cor-
rectly rotated even though images are present which contain
solely capital letters or less than a half textline.

Relative Error < 5°
5.37% (3/149)
3.36% (5/149)

1.34% (2/149)

)
)

# Stripes Total

10.98% (18/164)
8.54% (14/164)
7.32% (12/164)
6.71% (11/164)

6.71% (11/164)

1.34% (2/149
2.01% (3/149

(e e A R

Table 3: Results of the up/down orientation determination if
the number of stripes is changed.

4.2. Parameter Evaluation

In the presented method, three crucial parameters need to be
determined (0,1, G). In order to improve the generalization
performance of the method, they are evaluated on the given
test set.
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First 0 is evaluated, which is the angle of the gradient vec-
tors. In Figure 5 four boxplots are shown. The first three
of which show the relative error of 6 when it is set to
(2m,m,mt/2). The last boxplot shows the before mentioned
cross validation so as to visualize the statistical error of
the groundtruth. Each rectangle of a boxplot is between the
qo.25 and qq .75 quantile of the error distribution. The red line
within the rectangle shows the median. The whiskers cor-
respond to the most extreme values below 1.5 times of the
interquartile range. Red crosses indicate statistical outliers.

Computing 8 between [—7n/2 1t/2] (second boxplot) re-
sults in the best performance, as a consequence of rea-
sons mentioned in Section 3. If 0 is computed between
[—7/4 m/4] orthogonal gradients are accumulated into the
same orientation bins of the histogram. This results in more
outliers if italic manuscripts are to be considered.

T 40>10 T 32510 T 49>10

errorin®

IS
T
N

+

=

manual error

T
2n rr 0 2

Figure 5: Evaluation of 0.

By evaluating the second parameter it turned out, that the
performance increases as the number of bins is decreased
from initially 180 to 90. This is because the polynomial in-
terpolation is more robust as the bin values are more stable
if ny, is reduced. Another aspect is, that especially the main
orientation of small snippets is more likely to be mistaken if
more histogram bins are used. When decreasing n, further,
the orientation histogram becomes too coarse (¥ = 0.35°
when n;, = 90, ¥ = 0.62° when n;, = 45) which leads to a
low performance on large snippets (e.g. half a DIN A4).

Varying ¢ of the gaussian filter kernel is especially cru-
cial because different features of a snippet are regarded if
the gaussian kernel is changed. Hence, noise reduces the
performance when a small ¢ (e.g. 0.5) is chosen. But with
increasing © the scale of the image is decreased resulting
in a coarser representation of the image which is especially
crucial for snippets with low content. The proposed method
performs best on the given test set if 6 is chosen to be 3.

4.3. Results of the Color Segmentation

The segmentation and determination of the background
color and the writing’s color was tested on the same set of
snippets used for rotational analysis (690 images).

Figure 6 shows the luminance histogram of the snippet
presented in Figure 7(a). The fitted gaussian distributions
representing the background and the foreground (writing)
are also shown in Figure 6. It can be seen, that the luminance
channel can be used to find a threshold value to segment the
background. The result of the background as well as the fore-

15 x10* luminance histogram

10r

0 02 04 0.6 0.8

[N

fitted gaussians
20

10F

0 0.2 04 0.6 08

[N

Figure 6: Fitted gaussians to determine the threshold for the
background

ground segmentation is shown in Figure 7. It can be seen,
that the method described in Section 3.4 clearly differenti-
ates color from black/gray text components. A different ex-

Figure 7: Segmentation result of a snippet: (a) original im-
age, (b) segmented background, (c) segmented colors and (d)
segmented black/gray ink.

ample of a snippet is shown in Figure § presenting the seg-
mented image regions and the final mean colors calculated.
Up to now, the evaluation of all images was based on visual
criteria. However, for an improved evaluation, groundtruth
data will be provided by manually annotating colored text.
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Figure 8: Segmentation result of a snippet: (a) original im-
age, (b) segmented colors, (c) segmented black/gray and
(d)final image colors

5. Conclusion

In this paper a prerequisite, namely the calculation of char-
acteristics of snippets, for a combined shape and pictorial
approach that solves the tearing paper problem is presented.
The tearing paper problem deals with the re-assembling of
torn documents.

To minimize the search space for matching the follow-
ing calculations are performed on each snippet: a rotational
analysis to determine the alignment and the color of the
ink/paper is distinguished. Without this information only the
shape information can be used, which cannot solve large in-
stances of the problem.

As future work additional methods to determine charac-
teristics like the type of the writing (handwritten vs. printed),
the line spacing and the paper type (blank, checked, ruled)
will be developed. Furthermore a matching heuristic that
uses the information provided by the introduced methods
will be developed.
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