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ABSTRACT

Considering printed Latin text, the main issues of Optical Character Recognition (OCR) systems are solved.
However, for degraded handwritten document images, basic preprocessing steps such as binarization, gain poor
results with state-of-the-art methods. In this paper ancient Slavonic manuscripts from the 11th century are
investigated. In order to minimize the consequences of false character segmentation, a binarization-free approach
based on local descriptors is proposed. Additionally local information allows the recognition of partially visible
or washed out characters. The proposed algorithm consists of two steps: character classification and character
localization. Initially Scale Invariant Feature Transform (SIFT) features are extracted which are subsequently
classified using Support Vector Machines (SVM). Afterwards, the interest points are clustered according to their
spatial information. Thereby, characters are localized and finally recognized based on a weighted voting scheme
of pre-classified local descriptors. Preliminary results show that the proposed system can handle highly degraded
manuscript images with background clutter (e.g. stains, tears) and faded out characters.

Keywords: Binarization Free, OCR, Ancient Manuscripts

1. INTRODUCTION

The dataset investigated consists of ancient glagolitic manuscripts which are degraded resulting from their
storage conditions. The Glagolica was created in 862 by Konstantin-Kyrill who is famous for creating the
Cyrillic alphabet.1 It is based upon the Greek alphabet and is today known as Church Slavonic. The principal
concept is to assist human experts when reading degraded manuscript pages. State of the art ocr methods
which are further detailed in Section 2 binarize images before extracting features for the recognition process.
However, if the detail in 1 (a) is considered, strokes and parts of faded out characters are missed when applying a
state of the art binarization on manuscript images of the investigated dataset. It can be seen in Figure 1 (c) that
a global threshold namely Otsu’s method2 falsely detects background clutter. As a consequence of the image’s
low dynamic range, character holes (e.g. w in the second row) which are useful for feature extraction, are not
found correctly. Applying a local binarization (see Figure 1 (d)) improves the character extraction. However,
background clutter still results in false objects. If the b or them of the last text line are considered, it can be seen
that even Sauvola’s3 method cannot extract faded out characters correctly. These two characters are correctly
recognized with the proposed system. Figure 1 (b) shows the classification results of the same manuscript
page when the proposed system is applied. Green characters with the corresponding character overlaid indicate
correctly recognized characters. On the other hand red highlights marked with an × illustrate false classification
results.

If Figure 1 is regarded it can be seen that despite the improvements of document binarization in the last
decades, still challenging datasets exist. Intuitively, the task of image binarization is easy for human observers:
mark all parts of characters and leave remaining image parts blank. However, if degraded manuscripts are to be
considered, binarization based on local gray values does not lead to correct results since gray scale information
is ambiguous for degraded characters. Hence, the same gray values are parts of characters and background
clutter. A solution would be to improve the binarization results by taking into account the image’s context.
But solving the binarization using context would solve character recognition at the same time. Fischer et al.4

call the segmentation of characters in cursive handwritings a “chicken-and-egg” problem. Since the characters
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Figure 1. A manuscript page’s detail (a), results of the proposed system (b), binarization of the page using Otsu’s method
(c) and the Sauvola binarization (d).

can be reliably segmented if they are recognized, but state of the art recognition systems require a correct
character segmentation. The same applies for ancient manuscripts if the binarization is considered. As previously
mentioned, modern binarization techniques are not applicable for the investigated dataset. That is why a system
is designed that is inspired by modern object recognition system. This allows for a late classification decision
meaning that no information is initially lost by image binarization.

Another issue arising when manuscript characters are recognized is the class diversity. In other words, the
classification task needs to differentiate in our case 36 characters which is even more for other scripts. But
the problem is not solely the number of classes, the characters’ shapes vary according to the scribe, neighboring
characters and writing materials. In addition to this, noise such as faded out ink or mold degrades the documents
which results in a challenging character recognition task. At the same time different characters such as v, d,
t exist that have similar shapes.

This paper is organized as follows. First related work about character recognition of ancient manuscripts is
discussed in Section 2. Subsequently the methodology of the proposed character recognition system is detailed
in Section 3. Then, in Section 4 the system’s results on degraded manuscripts are depicted. Section 5 concludes
the paper.

2. RELATED WORK

In this section state of the art ocr systems for degraded documents are presented. It is not intended to give an
extensive overview on current ocr systems which was given by Plamondon et. al.5 and Vinciarelli6 but to depict
current developments on the recognition of historic manuscripts. Current ocr systems have three basic steps in
common which are shown in Figure 2. First a document pre-processing is performed. There the document’s skew
is estimated, the text layout is extracted and the document image is binarized. Subsequently, binary features
which will be further discussed in this section are extracted. These features are then classified by means of a
Neural Network (nn) or a svm. Some ocr systems have an additional step which is not illustrated in Figure 2.
They use a dictionary in order to correct spelling mistakes caused by character classification errors.

The approaches differ according to the data investigated. Thus, two general data sets are differentiated:
cursive handwritten documents and ancient manuscripts.
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Figure 2. General ocr system design.

Cursive Handwritten Documents Lavrenko et al.7 try to directly recognize words from the George Wash-
ington collection. Therefore, previously segmented words need to be normalized according to the slant, skew and
baseline. Then, scalar features such as the word’s width or aspect ratio and profile-based features (e.g. projection
profiles) are computed on the normalized word images. A Hidden Markov Model (hmm) with hidden states that
represent words is used to classify the words. Lavrenko reports a precision on the George Washington collection
of 0.603. This technique was later improved by Rath et al.8 who propose to use dynamic time warping in order
to compensate non-linear variations present in manuscripts.

Similar to the previously mentioned methods, a word recognition system is proposed by Frinken et al.9 They
compute statistical moments from sliding windows that are applied to normalized word images. A nn with one
hidden layer is constructed for the classification. In addition the a priori data distribution is trained by means
of semi-supervised learning that is fed with labeled and unlabeled data. Frinken et al.10 additonally combine
this methodology with hmm’s in order to improve the word recognition.

Ancient Manuscripts In contrast to the word recognition methods, Alirezaee et al.11 developed a character
recognition system for medieval Persian manuscripts. They extract statistical features such as Pseudo-Zernike
moments from previously binarized document images. In order to find features that are discriminant, the Fisher
Linear Discriminant is used which transforms the data such that the inter-class variance is maximized. The
resulting weight function is used for character classification.

Arrivault et al.12 propose a combined statistical and structural character recognition approach for ancient
Greek and Egyptian documents. Therefore two statistical features namely Fourier moments and Zernike moments
are extracted from binary document images. According to the dictionary’s size a Bayes or knn classifier is used
to label characters by means of statistical features. Structural features such as attributed graphs are computed
and classified for characters which are rejected during the classification of statistical features.

Another approach that aims at recognizing historical Greek documents is published by Vamvakas et al.13

Having binarized the image and segmented individual characters, zone features and character profile features
are calculated. The first of which are constructed by tiling the character image into zones and accumulating
the character’s pixel density to the normalized zone image. Unlabeled character features are then clustered
according to the features extracted. In a manual step, labels are assigned to the clusters and clustering errors
can be corrected. Finally, a svm is exploited for character classification.

In 2007 Ntzios14 developed a so-called segmentation-free character recognition system applicable for the
same documents. He extracts geometrical features from binarized images in combination with a watershed-like
algorithm that fills cavities. A decision tree is used for the character classification. Since the decision tree and
the feature extraction is highly script dependent, the approach does not show promising for generally recognizing
ancient manuscripts.
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Figure 3. The proposed system consisting of two major tasks: classification (upper row) and character localization (lower
row).

3. METHODOLOGY

In contrast to the systems introduced in Section 2 the proposed system has a fundamentally new architecture
which is designed to compensate the drawbacks that arise when dealing with ancient manuscripts. Instead of
applying a binarization so as to compute features, they are directly extracted from the gray-scale image.

The system is divided into two major tasks: classification and localization. Both tasks are based upon the
extraction of interest points which are computed by means of the Difference-of-Gaussian (DoG). This interest
point detector extracts blob like regions in different scales of an observed manuscript image. Thus, the x, y
coordinates as well as the scale s are provided for each region of interest. Using this information, local descriptors
are calculated that describe the respective regions by means of gradient vectors that rely on the pixels’ gray-scale
values. These local descriptors are directly classified using a multi-kernel svm. Having classified all extracted
image regions, one character consists of multiple pre-classified points. In order to assign one class label to each
character present in an image, the interest points need to be clustered. Therefore a character center estimation
is performed, which exploits the fact that each character produces a single interest point in a specific scale (see
Section 3.2). This estimation is used for an improved initialization of the k-means clustering which groups the
interest points according to the subjacent characters. Finally the information gained by the classification and
localization steps is merged together. The so-called interest point voting weights the class probabilities of all local
descriptors belonging to the same cluster and assigns the final class label to each character. Figure 3 illustrates
the two major tasks and gives an overview of the core methods. It can be seen that the character localization
and the classification are based on interest points. Both tasks are computed parallel as they do not depend on
each other.

3.1 Feature Extraction and Classification

The DoG detector which was introduced by Lowe15 is used for the localization of image regions where local
descriptors are computed. It was shown in16 that the DoG performs best on the investigated dataset. In order
to detect interest points invariant to scale changes of an image, a scale-space which was exhaustively studied by
Lindeberg17 is constructed. The scale-space of an image is computed by convolving the image with Gaussians
which have an increasing scale parameter (σ). A convolution using a 2D symmetric filter kernel is equivalent to
convolving the image with the same 1D kernel successively. This method accelerates the scale space computation
since the convolution with a 2D kernel results in O(HW ·M2) multiplications and additions where HW are the
image height and width respectively and M is the kernel’s size. Convolving an image with two perpendicular 1D
Gaussians results in O(HW · 2M) multiplications and additions which dramatically reduces the computational
effort considering that M is at least 3 and in our case: σ =

√
2⇒M = 9.
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Figure 4. The images show a Glagolitic a with interest points. The threshold of (a) is set to 0.007, in (b) it is 0.01 and
in (c) r is set to 10.

Having constructed the scale-space, regions of interest are extracted at every scale level by means of the DoG.
It is computed by differencing images of two nearby scale levels which approximates a Laplacian-of-Gaussians
(LoG). Having computed the DoG, interest points are located by finding the extrema in each scale level. Interest
points, which have a low contrast and are unstable on account of this, are rejected. Figure 4 shows two images
of a Glagolitic a where the black circles indicate the scale of each interest point and the radius indicates the
estimated orientation. Figure 4 (a) shows the interest points with a low threshold (0.007). In Figure 4 (b) a
threshold of 0.01 is applied which rejects interest points of lower scale levels since they are most likely caused by
noise.

For each interest point, detected by the dog, a descriptor is computed which considers the structure of the
local image patch. The size of the considered neighborhood depends on the scale factor σ which was determined
during the scale selection. The sift descriptors are computed according to Lowe.18 The aim of a local descriptor
is to maximize its distinctiveness, while at the same time maximizing its robustness against a certain set of image
distortions. Obviously, the distinctiveness of a descriptor decreases, when increasing its robustness against image
transformations.

The rotation invariance of sift is disabled up to 180◦. Thus, the same structure rotated by 180◦ results in a
different descriptor which increases its distinctiveness. Nevertheless, the local descriptors are still robust against
small (< ±40◦) rotational changes. The dependence on rotation is achieved by:

O = O− π ∀O > π (1)

where O is the main orientation of a given local descriptor. In Figure 5 a Glagolitic v is illustrated which
is a Glagolitic d rotated by 180◦. It can be seen that the interest points are located in the center of circles,
at corners and at junctions. The highlighted local descriptor is computed rotationally invariant and with a
rotational dependence up to 180◦. The histograms in the second row are down sampled local descriptors for a
more intuitive visualization. It can be seen in the second row of Figure 5 that the descriptors are similar∗ to each
other if the features are computed rotationally invariant. In contrast when the rotational invariance is discarded,
the same local descriptor produces a mirrored vector† for the v and d. This is why the rotational dependence
improves the system’s performance.

Having computed the local descriptors, of a given manuscript image, each non-planar image region is described
by a high-dimensional feature vector. For the character recognition, the local descriptors are classified by means
of a one-against-all scheme. Thus, one svm is trained per character class, resulting in 25 classifiers. Besides,
the labels predicted for local descriptors, a probability is assigned by each classifier resulting in a probability
histogram. This strategy has two major advantages. On the one hand, the classifier is not too sensitive to noise
in the training data, as the criterion function is less complex when two class labels are assigned (e.g. a, not a).

∗Absolute difference: 0.155, r = 0◦

†Absolute difference: 10.39, r = 180◦
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Figure 5. A Glagoliticv andd with their local descriptors (first row). The down sampled features computed rotationally
invariant (right) and with rotational dependence up to 180◦ (left).

On the other hand, probabilities – which improve the subsequent voting – can be solely computed for a two class
problem.

The svm is based on statistical learning theory which considers the difference between the empirical risk and
the true overall risk. Hence, the size of the training data and the model complexity are incorporated. Thus, the
svm finds the optimal hyperplane which has a maximal margin to both classes. The margin 1/ ‖w‖ is defined
as the minimum distance of a feature vector to the separating hyperplane. This formulation leads to a dual
optimization problem. Since the optimization criteria are convex, they can be efficiently solved by Lagrange
multipliers. For the solution of the optimization problem, solely support vectors – which are generally a small
subset of the input data – need to be considered. Support vectors are feature vectors which are located on the
margin or – in case of no linear separability – on the wrong side of the hyperplane.

The linear svm were extended to non-linear classifiers by Boser et al.19 in 1992. Therefore the dot product
between the feature vectors (xTi xj) in the criterion function are replaced by kernel functions. Thus, the feature
space is transformed to a higher dimension. There, a hyperplane is computed according to the previously
mentioned scheme and then, the feature space is transformed back into the input space. This results in a non-
linear classifier in the input space, as the transformation was non-linear. Due to the kernel trick which was
proposed by Aizermann et al.,20 the higher dimensional space needs not to be evaluated explicitly, since the
inner product can be directly computed as a function.

The supervised learning is carried out with 20 sample images per character class which were manually
extracted from the codex and tagged. The parameters γ,C are determined for each character class individually
by means of 3 fold cross validations. The parameter γ controls the sensitivity of the kernel function. The cost
parameter C controls the flexibility of the classifier. If it is set too high, the model perfectly fits the training
data which reduces its generalization performance.

3.2 Character Localization

For traditional ocr engines the characters or words are localized implicitly in the binarization step. If handwriting
ocr engines are considered, an additional character segmentation step needs to be performed in order to detect
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Figure 6. Interest points’ scale distribution of a manuscript image (left). Three characteristic peaks can be seen which
represent high frequency structures, characters and lines. The red vertical line marks the minimum scale level of a feature
in order to be selected for the cluster initialization. Estimated character centers (right). Removed centers are displayed
as red circles, interpolated are white circles.

concatenated characters. In contrast, the proposed system has no information about the positions of characters
in a given image to the point of feature classification. Indeed, the positions of the classified features are known,
but as a feature does not necessarily represent a whole character, their position and size is unknown. The
character localization is based on clustering the interest points. This approach benefits from the fact, that
degraded characters are detected with local descriptors but not considered when the image is binarized. Thus,
even degraded characters can be localized. Another advantage is the low computational complexity, since solely
the interest points are considered.

The k-means clustering cannot estimate the number of clusters k. To overcome this problem the scales of
interest points are exploited. There exists at least one interest point that represents a whole character. In
other words, each character produces a single local maximum in a certain scale level. When this information
is extracted, the number k of the k-means can be estimated and at the same time initial cluster positions are
obtained that improve convergence. However, the scale levels representing a character need to be extracted in a
scale invariant manner.

In order to find the minimum scale level of features that represent a whole character, the scale distribution
of all features in a given image is regarded. Figure 6 shows the features’ scale distribution. There, the abscissa
shows increasing scales, particularly the radius of features measured in px. The ordinate gives the number of
interest points corresponding to the scale interval. It can be seen that most interest points are detected in scale
levels below 30px. This results on the one hand from the higher resolution which decreases with increasing scale
and on the other hand from the fact that manuscripts have high frequency features such as endings, junctions
and corners. The scale levels corresponding to characters – which we are interested in – are within the second
peak between 30px and 80px. The third and last peak corresponds to interest points that represent text lines or
low frequency features such as illumination changes or stains.

Since the interest points’ scale distribution is similar for all manuscript images, independent to the image
resolution, the number and localization of characters can be obtained by thresholding the interest points according
to the scale distribution. Generally more interest points are selected than characters are present in an image
owing to tests that showed improvements. This relies on the fact that background clutter – which produces
interest points – is clustered together with characters, if too few initial cluster centers are obtained. In order
to remove interest points that represent lines, solely interest points resulting from positive local maxima in the
dog scale space are considered (characters are generally darker than background).

The interest points that represent characters are now selected. However, more than one interest point still
represent one large character or more than one interest point is at the same location according to changing main
orientations. In order to overcome these erroneous localizations, an heuristic was developed that attributes to
the area of influence. The region of influence of each interest point can be estimated by a circle having a radius
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Figure 7. Probability histogram of two character clusters. A correct classification (left) and a false classification (right).
There, the probability is similarly high for three classes, one of which is the correct.

that corresponds to the point’s scale. Thus, interest points having a smaller Euclidean distance to their nearest
neighbor than the radius of the smallest scale selected in the scale estimation process are regarded. They are
erroneous due to the afore mentioned causes. These interest points could be simply deleted. But since a correct
character localization significantly improves the k-means, it proved to be better if the erroneous interest points
are linearly interpolated.

Figure 6 (right) shows the initial cluster centers (white rectangles). Erroneous interest points are denoted by
red circles and the corresponding interpolated points are white circles. It can be seen that the interpolation solely
needs to be done for large characters such as the glagolitic d. Interpolated interest points with no erroneous
points nearby, are those with multiple orientations. Note that this algorithm does not detect all characters at
the image border (e.g. h in the last text line). This results from the border effect of the convolution which
especially discards interest points having a high scale level (> 30px). Having found the initial cluster centers, a
k-means is applied which groups all interest points according to them.

3.3 Feature Voting

For the final character classification a voting scheme is applied. Therefore, all local descriptors of a cluster are
considered. Each descriptor was previously classified. Hence, a probability histogram exists that indicates the
class likelihood of each descriptor in the cluster. If these histograms are accumulated, the maximum bin indicates
the most probable class label. Figure 7 shows the final probability histogram of two degraded characters. Each
histogram bin stands for one of the previously trained character classes. The bin’s height indicates the probability
of a character being of the respective class. The right character is classified correctly, having a significantly high
class probability. In contrast, the probability histogram of a false classification is given in Figure 7 (left). There,
three class probabilities are similarly high.

Directly averaging the descriptors’ probabilities has drawbacks. To specify, descriptors which are larger than
a character describe the structure of more than one character. Additionally, descriptors of background clutter
are falsely clustered to characters. These incorrect descriptors adulterate the performance if a direct averaging
is applied. That is why a weighting is developed that regards these observations.

Thus, descriptors that are larger than characters should have a low weight. That is why a weight is established,
that linearly depends on the descriptor’s scale:

wi = 1− si
max

j=0...n
(sj + c)

(2)

where si is the ith descriptor’s scale and wi is the final weight. The constant c > 0 guarantees that the weight
wi is > 0 for all descriptors. Similarly the descriptors are weighted according to their distribution within the
character cluster. Instead of the scale si, the descriptor’s distance di to the cluster center is regarded. It turned
out, that a robust cluster center improves the weighting compared to the default center-of-mass. This is because
the robust center penalizes outliers (the center-of-mass shifts towards outliers). The robust cluster center is
defined as the median of all x, y coordinates in a particular cluster.

The probability histogram can be used to estimate the weakness of a character cluster. Therefore the
maximum class bin mb is considered. If another bin exists that has a higher probability than 0.875 · mb, it
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Figure 8. Examples of the datasets evaluated. The first row shows characters of setA, whereas the second row shows the
same examples from the dataset containing degraded characters.

can be assumed, that the character cluster is weak (e.g. background clutter, false classification). This method
allows to improve the precision and therefore the F1-score. The false classification in Figure 7 (left) would be
rejected since two bins are greater than 87.5% of the maximum bin.

4. RESULTS

The subsequent experiments will show the strengths and drawbacks of the new character recognition methodology
proposed. Two different experiments were carried out in order to analyze certain aspects.

For the first experiment degraded characters were extracted from the investigated dataset. The evaluation
discussed in Section 4.1 aims on the one hand at showing the system’s performance when degraded characters
are present in manuscripts. On the other hand an evaluation is given that solely considers the classification step.
Thus, errors introduced by the character localization are not considered in this experiment. In order to show
the performance decrease resulting from degraded characters, a second data set is evaluated that contains intact
characters similar to those used for training the svm.

In Section 4.2 the system is evaluated by means of manually annotated ground truth data. Thus, the system’s
results on real world data are obtained. Using a synthetic character localization that was especially designed for
the evaluation allows for an exact error computation on both major steps (classification, localization) individually.

4.1 Character Evaluation

By extracting single characters, it is possible to evaluate solely the classification step illustrated in Figure 3.
Therefore two datasets are constructed that consist of single characters which were annotated and extracted
from the Cod. Sin. Slav. 5n.

The first dataset (setA) consists of 10 classes having 10 – 12 samples (totally 107) which are well preserved.
This dataset is a reference for the evaluation with degraded characters. The second dataset which is referred to
as setB contains 25 character classes with ≈ 9 characters per class (totally 198). Degraded or partially visible
characters where extracted to construct this set. It is used to demonstrate the systems’ behavior when degraded
characters need to be recognized.

Figure 8 shows examples of both datasets. It can be seen that some characters such as d, t and v are
similar to each other. The degraded characters in the second row differ strongly from those of setA. They are
hard to read for humans.

The setA is evaluated first in order to show the method’s performance on undistorted data. Therefore, 10
svm kernels are trained using 10 samples per class. Then all 107 test characters are evaluated. The voting is
the same as described in Section 3.3 except for the fact, that the clustering needs not to be performed. For the
character classification an overall precision of 98.13% is achieved. Thus solely 2 characters‡ out of 107 are falsely
predicted. Both confused characters consist of two circles and a connecting stroke (see Figure 8 second and last
column) which produce similar descriptors.

‡A v b is mistaken with a d a and a d b is mistaken with a v b.
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Figure 9. Comparison of the class precision between setA and setB. The precision is computed on the descriptor level
(1550 descriptors where evaluated).

For a direct comparison of both datasets, the same ten classes where extracted of setB. Certainly the same
classifier is used in both test setups. In contrast to setA the degraded characters in setB have a lower precision
which is 78.89%. Additionally, the ratio between local descriptors detected and descriptors classified is lower
which is in this case 39% compared to 60% in setA. These numbers indicate that it is harder for the system
to classify degraded characters. On the other hand the system can cope with uncertainty which arises from the
fact that fewer descriptors are classified in this case.

Figure 9 compares the per-class precision of both datasets. It can be seen that the results of the degraded
dataset are highly correlated§ with those of setA. This draws the conclusion, that the interclass variations do
not significantly change if characters are degraded. The performance decrease when degraded characters are
regarded is on average 27.16%± 11.24%.

In addition to the comparison of setA and setB, all 198 degraded characters where evaluated. Even though,
25 different classes are predicted in this evaluation (+15 classes), the precision decreases slightly by 7.17%. Thus,
the overall precision is 71.72% when descriptor voting is applied on degraded characters. The ratio of detected
descriptors and those classified is now 26% which is decreased by 13% compared to the previous test on the same
dataset with 10 classes. Since the performance decrease is lower than the complexity increase, the system proofs
to be capable for classifying degraded manuscripts.

4.2 System Evaluation

In this section the evaluation of the proposed system is given. In order to evaluate the system, 15 different
pages containing 1055 characters are extracted from the Cod. Sin. Slav. 5n. The pages where chosen randomly.
They contain faded-out ink, degraded characters and background noise. For groundtruthing, each character was
brushed with a gray-value that corresponds to its class index.

In order to demonstrate the effect of the character localization, an artificial clustering is implemented. This
is based on the annotated groundtruth where cluster centers are defined as the center-of-mass of each blob. As
constraint solely interest points being within a character blob are considered. The evaluation with artificial
clustering allows to separately regard the localization and classification step on the same dataset. Thus, the
error introduced by clustering can be extracted. The system achieves a F0.5-score of 0.772 on the investigated
dataset. If artificial clustering is applied, a F0.5-score of 0.805 is achieved. This directly draws the conclusion
that the F -score is decreased by 0.033 because of the character localization. The test setup shows additionally
that the character clustering has hardly any influence on the system’s precision (difference: 0.005). In contrast

§correlation coefficient: 0.719



the proposed k-means decreases the recall rate by 0.075. This results from clustering errors which increase the
False Negatives rate as characters are not localized correctly.

F0.5-score recall precision #
with clustering 0.772 0.673 0.832 1055

no clustering 0.804 0.748 0.837 1055
Table 1. System’s recall, precision and F -score when the proposed system and groundtruth clustering is applied.

Character Quality Evaluation The dataset used for the discussed evaluation comprises normal and degraded
characters. This is done to guarantee a statistically representative dataset of the investigated manuscripts. In
the subsequent discussion results are presented that show the system’s performance on good and degraded
characters which were manually annotated beforehand. It is intended to show the system’s behavior when
solely good characters are considered and to draw conclusions about the character localization when degraded
characters are considered.

Table 2 shows the system’s recall, precision and F -score on the investigated dataset. The investigated dataset
contains 142 degraded characters which are 13.5% of all characters evaluated. If normal characters are regarded,
a F0.5-score of 0.79 is achieved. In contrast, degraded characters have a lower performance (namely: 0.38). This
arises mainly from the fact that the recall is low due to 64 False Negatives which draws the conclusion that 45.1%
of degraded characters are missed. When comparing these numbers to previous tests discussed in Section 4.1
where degraded characters were extracted, a performance loss can be observed. On the one hand it can be
attributed to the fact that no recall was obtained in this test since False Negatives do not exist if characters
are manually extracted. On the other hand the interest point’s threshold was chosen to be lower (0.009) which
results in more interest points that improve the precision.

F0.5-score recall precision #
normal 0.792 0.732 0.862 913

degraded 0.382 0.296 0.539 142
setB 0.712 - 0.712 198

Table 2. System’s recall, precision and F -score when normal and degraded characters are considered. The last row shows
the character evaluation from Section 4.1 with degraded characters.

5. CONCLUSION

This thesis presents a new methodology for character recognition of ancient manuscripts. The approach which is
inspired by recent object recognition systems exploits local descriptors directly extracted from grayscale images.
Multiple svms with Radial Basis Function (rbf) kernels are used to classify the local descriptors. The character
localization is based on clustering interest points previously extracted for the computation of local descriptors.
A scale selection that adapts to the observed manuscript image allows for the cluster center initialization.

The proposed system was evaluated on real world data extracted from the Cod. Sin. Slav. 5n. A dataset was
created that consists of highly degraded glagolitic characters. Experiments on this dataset proofed the system’s
capability to recognize degraded characters and the difference to well preserved characters. Additional tests with
annotated ground truth allowed for extracting errors introduced by clustering and those of the classification.

The presented character recognition system does not need any pre-processing of document images. In contrast
to existing systems, a new architecture was designed that focuses on degraded manuscript images. Since ancient
manuscripts – in contrast to modern – exhibit stains, faded-out ink and rippled pages, new challenges are faced
when trying to recognize characters of ancient documents. The degradations can be attributed to bad storage
conditions, on purpose destruction and the ravages of time. As a consequence to the mentioned degradations,
a binarization is not applicable for ancient manuscripts. This fact is stated by other authors and was further
discussed in Section 2. But nevertheless, features that are extracted from binary images suffer from misclassifica-
tions that occur within the binarization step. Thus, false predictions within the binarization propagate through
all subsequent processing steps.
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