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Writer Identication  
on Historical Glagolitic Documents 

Stefan Fiel und Robert Sablatnig

ABSTRACT

This work aims at automatically identifying scribes of historical Slavonic manuscripts. 

The quality of the ancient documents is partially degraded by faded–out ink or varying 

background. The writer identification method used is based on image features, which are 

described with Scale Invariant Feature Transform (SIFT) features. A visual vocabulary is 

used for the description of handwriting characteristics, whereby the features are clustered 

using a Gaussian Mixture Model and employing the Fisher kernel. The writer identification 

approach is originally designed for grayscale images of modern handwritings. But contra-

ry to modern documents, the historical manuscripts are partially corrupted by background 

clutter and water stains. As a result, SIFT features are also found on the background. Since 

the method shows also good results on binarized images of modern handwritings, the 

approach was additionally applied on binarized images of the ancient writings. Ex- 

periments show that this preprocessing step leads to a significant performance increase: 

The identification rate on binarized images is 98.9%, compared to an identification rate 

of 87.6% gained on grayscale images.

Keywords: Writer identification, historical documents

INTRODUCTION

This work deals with the automated identification of writers of ancient manuscripts. 

Currently, paleographers are performing this task mainly manually in order to localize, 

date or authenticate historical writings.1, 2 A large number of historical documents has 

been digitized in the past decade and has been made accessible to a growing number 

1 	 Itay Bar-Yosef, Isaac Beckman, Klara Kedem and Itshac Dinstein: Binarization, character extraction, and writer
	 identification of historical hebrew calligraphy documents, in: IJDAR 9 (2007), p. 89–99.
2 	 Marius Bulacu and Lambert Schomaker: Automatic handwriting identification on medieval documents,
	 in: 14th International Conference on Image Analysis and Processing (ICIAP 2007), Modena 2007, p. 279–
	 284.	
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of users – for example see Wolf et al.3 or Easton et alii4. By automating the task of writer 

identification, it can be applied to a vast amount of historical documents and thus become 

a valuable tool for paleographers.

The historical manuscripts investigated in this work originate from the 10th to 11th 

centuries and are written in Glagolitic, the oldest Slavic script.5 Writings belonging to 

five different manuscripts have been examined: Three books have been imaged at Mt. 

Sinai6 and the remaining writings were photographed in libraries in Austria and Italy. 

Scholars found that the investigated manuscript leaves were written by seven scribes, 

whereby two manuscripts were written by several different hands, while another manu-

script, which today is stored in two parts in different libraries, was written by one single 

scribe. In Figure 1 three examples of the manuscripts investigated are shown.

Recently, we proposed a writer identification method7 that has been designed for 

Latin texts. The aim of the current work is to evaluate the applicability of this approach 

to the Glagolitic writings examined. To the best of our knowledge this is the first time 

that a writer identification approach is applied to Glagolitic handwritings. Compared to 

modern handwritings, the scribe identification task is complicated by the circumstance 

that the writings are partially in bad condition, since characters are faded–out and the 

documents are degraded by background clutter.

While the majority of the writer identification approaches deals with modern 

handwritings,8 recently several approaches have been applied to historical writings: Ben-

sefia et al.9 use graphemes as features for the identification task. The approach is applied 

on a database consisting of modern handwritings, as well as on a data set, which contains 

3 	 Lior Wolf, Lior Litwak, Nachum Dershowitz, Roni Shweka and Yaacov Choueka: Active clustering of docu-
ment fragments using information derived from both images and catalogs, in: 2011 International Conference 
on Computer Vision (ICCV), Barcelona 2011, p. 1661–1667.

4 	  Roger L. Easton, William A. Christens–Barry and Keith T. Knox: Spectral Image Processing and Analysis of the 
Archimedes Palimpsest, in: 19th European Signal Processing Conference (EUSIPCO 2011), Barcelona 2011, 
p. 1440–1444.	

5 	 Heinz Miklas: Zur editorischen Vorbereitung des sog. Missale Sinaiticum (Sin. slav. 5/N), in: Glagolitica – 
Zum Ursprung der slavischen Schriftkultur, ed. by Miklas, H., Sadovski, V., and Richter, S., Wien 2000 (OAW, 
Phil.–hist. Kl., Schriften der Balkan-Kommission, Philologische Abt. 41), p. XV–XVI, 117–129.

6 	 Martin Lettner, Markus Diem, Robert Sablatnig and Heinz Miklas: Registration and Enhancing of Multispectral 
Manuscript Images, in: 16th European Signal Processing Conference (EUSIPCO08), Lausanne 2008, p. 1–5.

7 	 Stefan Fiel and Robert Sablatnig: Writer Identification and Writer Retrieval using the Fisher Vector on Visual 
Vocabularies, in: 2013 International Conference on Document Analysis and Recognition, Washington, DC 
2013, p. 545–549. 

8 	 Bulacu and Schomaker [n. 2], p. 279–284.	
9 	 Ameur Bensefia, Thierry Paquet and Laurent Heutte: Information retrieval based writer identification, in: 

Seventh International Conference on Document Analysis and Recognition (ICDAR 2003), 2003, p. 946–
950.	
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documents written by 39 scribes and originating from the 19th century. The results obtai-

ned on the historical database are significantly lower compared to the results gained on 

modern documents, which can be attributed to the presence of noise and slant amongst 

others.

Bulacu and Schomaker10 propose a writer identification system that combines textu-

ral and allographic features. The approach is tested on 70 medieval English documents 

that were written by 10 different scribes. The authors show that the combination of the 

feature groups leads to an increased performance. 

Brink et al.11 suggest to use the width of the ink trace along with directionality measu-

rements as features for writer identification purposes. The approach is evaluated on two 

his-torical handwriting datasets of English and Dutch documents. Similar to the approa-

ches mentioned above the dataset consists of manually cropped manuscript images.

Yosef et alii12 note that historical documents are generally in a poor condition, which 

impedes a proper binarization. Therefore, the authors propose a multi–stage binarization 

approach that is especially designed for ancient manuscripts. Afterwards, several selected 

letters are automatically found and used for the writer identification, which is based on 

style analysis. For the classification task, K–nearest neighbors and Linear Bayes classifier 

are compared, whereby the latter mentioned is better suited for classification.

While the approaches mentioned above are applied on binarized document images, 

Bres et alii13 perform writer identification on grayscale images. Therefore, the Hermite 

10 	 Bulacu and Schomaker [n. 2], p. 279–284.
11 	 Axel Brink, Jorrit Smit, Marius Bulacu and Lamert Schomaker: Writer identification using directional ink–trace 

width measurements, in: Pattern Recognition 45 (2012), p. 162–171.	
12 	 Yosef, Beckman, Kedem, Dinstein [n. 1], p. 89–99.
13 	 Stéphane Bres, Véronique Eglin and Catherine Volpilhac-Auger: Evaluation of Handwriting Similarities Using 

Hermite Transform, in: Tenth International Workshop on Frontiers in Handwriting Recognition, ed. by Guy 
Lorette, La Baule 2006. http://www.suvisoft.com Universite de Rennes 1.

Figure 1. Examples taken from the dataset. (From left to right) Euchologium Sinaiticum folio 22 recto 
(Writer 3), Psalterium Demetrii Sinaitici folio 10 recto (Writer 2), Codex Clozianus folio 8 verso (Writer 7). 

Portions taken from the same images, from top to bottom: Writer 3, Writer 2, Writer 7.
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transformation is used for denoising and identification of handwritings. The system has 

been tested on 1438 historical documents stemming from 189 different writers, whereby 

the writings are written in different languages and alphabets.

Recently, Wolf et alii14 proposed an unsupervised approach that is related to writer 

identification: In order to detect historical documents that have been taken from the same 

book, but have been dispersed, a semi–automatic clustering method is suggested. The 

approach is based on graphical models and image similarities are determined by using a 

Bag of Words approach. By using their technique about 1000 new connections between 

so far unrelated manuscript folios could be found and verified by scholars. Although the 

authors note that their approach is not entirely suited for writer identification, this result 

proves the valuable support that image processing techniques can provide for the paleo-

grapher.

On modern handwritings Li and Ding15 proposed Grid Microstructure Features for 

Writer Identification. First the edges of the handwriting are extracted and on each pixel of 

the border the neighborhood is described. A feature vector is generated with the proba-

bility distribution of the different pixel pairs. This method won the »ICDAR 2011 Writer 

Identification Contest«.16 Jain and Doermann17 are using K–adjacent segment features in a 

Bag of Words framework for writer identification. The relationship between sets of neigh-

boring edges in an image is represented.

The current work is structured as follows. In Section 2 the methodology is introdu-

ced and in Section 3 the performance of the system is evaluated. Finally, in Section 4 a 

conclusion is drawn.

METHODOLOGY

As preprocessing step the document images are cropped to regions containing solely 

text. It should be noted that the manuscripts have been imaged in different places and 

their conditions are varying considerably. Thus, the background is heterogeneous – for 

example on several images there is a color chart in the background – or on other pages 

only a minor region of the parchment contains legible text, whereas the remaining cha-

racters are faded out. In order to remove the background, but also parchment regions 

14 	 Wolf, Litwak, Dershowitz, Shweka, Choueka [n. 3],p. 1661–1667.
15 	 Xin  Li and Xiaoqing Ding: Writer Identification of Chinese Handwriting Using Grid Microstructure Feature, 

in: Advances in Biometrics, ed. by Massimo Tistarelli and Mark S. Nixon, Berlin / Heidelberg 2009 (Lecture 
Notes in Computer Science 5558), p. 1230–1239.	

16 	 Georgios Louloudis, Nikolaos Stamatopoulos and Basilis Gatos: ICDAR 2011 Writer Identification Contest, in: 
2011 International Conference on Document Analysis and Recognition, Beijing 2011, p. 1475–1479.

17	  Rajiv Jain and David Doermann: Offline Writer Identification Using K-Adjacent Segments, in: 2011 Internatio-
nal Conference on Document Analysis and Recognition, Beijing 2011, p. 769 –773.	
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containing no characters or text with a considerably low contrast, the following simple 

approach is used for the extraction of the main text block: 

Text lines are found by using a text line detection method similar to the one pro-

posed by Yosef et alii:18 First, Local Projection Profiles (LPP) are applied to the image 

considered. Afterwards, the LPP image is filtered with a Gaussian column kernel and zero 

crossings of its first derivative are found. In a final step, a non–extremum suppression is 

performed in order to remove false positives. The zero crossings found are located at local 

minima and maxima and the minima encode the text lines. Afterwards, text lines with a 

length smaller than a predefined threshold are rejected and the bounding box containing 

the residual text lines is used for the cropping of the text region. Two examples for the 

cropping procedure are given in Figure 2. It can be seen that the main text block of both 

manuscripts is successfully extracted, but it has to be mentioned that only rectangular re-

gions are extracted from the images. In order to reject for example decorative elements – 

like initials – a more sophisticated layout analysis technique would be more appropriate. 

For the task of writer identification the method by Fiel and Sablatnig19 is used. This 

method is designed to work without binarization, on pages with uniform background, 

modern handwriting, and if there is not only handwriting on the page, with a segmenta-

tion of areas which contain handwriting. In contrast, the manuscripts examined are cor-

rupted by background clutter, faded–out ink, and water stains. Since experiments20 have 

shown that when applying the method on binarized images it can keep up with other 

state of the art methods, it is also applied to binarized images of the dataset. This method 

is described shortly afterwards.

18 	 Itay Bar–Yosef, Nate Hagbi, Klara Kedem and Itshac Dinstein: Line segmentation for degraded handwritten 
historical documents, in: Proceedings of the 2009 10th International Conference on Document Analysis and 
Recognition (ICDAR 2009), Washington, DC 2009, p. 1161–1165.	

19 	 Fiel and Sablatnig [n. 7], p. 545–549 (2013). 
20 	 Fiel and Sablatnig [n. 7], p. 545–549 (2013). 

Figure 2. Input and result images of the cropping procedure. (From left to right) Psalterium Demetrii 
Sinaitici folio 47 recto (Writer 1). Corresponding result image. Codex Marianus folio 2 verso 

(Writer 6). Corresponding result image.
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The21Glagolitic writings are suffering from the aforementioned degradations, and 

thus the images are binarized by employing a binarization approach suited for historical 

documents that has been proposed by Su et alii22 The algorithm starts with a calculation 

of a contrast image, whereby the pixels in this contrast image encode normalized intensi-

ty differences between the maximum and minimum gray levels within a local neighbor-

hood.

Afterwards, high contrast pixels, which are located at stroke boundaries, are found by 

applying a global Otsu23 threshold. Those high contrast pixels are used in the final bina-

21 	 Markus Diem and Robert Sablatnig: Recognizing Characters of Ancient Manuscripts, in: Proceedings of IS&T 
SPIE 7531 (2010), p. 7531.	

22 	 Bolan Su, Shijian Lu and Chew Lim Tan: Binarization of historical document images using the local maximum 
and minimum, in: Proceedings of the 9th IAPR International Workshop on Document Analysis Systems, Bo-
ston, MA, 2010, p. 159–166.

23 	 Nobuyuki Otsu: A threshold selection method from grey-level histograms, in: IEEE Transactions on Systems, 
Man and Cybernetics 9 (1979), p. 62–66.

Figure 3. Binarization of a manuscript portion. (Left) Input image. (Middle) Contrast image. 
(Right) Binarization result.

Figure 4. Two Glagolitic characters v and d and their corresponding SIFT features. The second 
row are the generated histograms of the two marked features (colored blue). In the bottom row 
on the right the SIFT features are calculated rotational invariant, thus they both generate a similar 
histogram. On the left side the features are calculated rotational dependent, which makes the two 

characters distinguishable. By courtesy of Diem and Sablatnig.21 



13

MdE 2/2017 |Stefan Fiel and Robert Sablatnig |Writer Identication on Historical Glagolitic Documents

rization step: A pixel is classified as a foreground pixel, if the following two requirements 

are met: First, the pixel should be in the near of a predefined number of high contrast 

pixels. Second, the pixel intensity must be smaller or equal than the mean intensity of the 

high contrast pixels in a local neighborhood window. An example for the binarization of 

a Glagolitic writing is given in Figure 3. It can be seen that the majority of the characters 

is successfully segmented, although the parchment portion is corrupted by clutter and the 

foreground to background contrast is varying.

The method for writer identification is based on the Fisher Kernels, introduced by Per-

ronnin and Dance24 and improved by Perronnin et alii,25 which are calculated on Visual Voc- 

abularies. The first step is the application of the Scale Invariant Feature Transform (SIFT) 

from Lowe.26 These features have been modified by mirroring the angle of the keypoint, 

if the angle is larger than 180 degrees, proposed by Diem and Sablatnig27 for character 

recognition of Glagolitic characters. Figure 4 shows two Glagolitic characters and their 

SIFT features. It can be seen that the interest points are located in the middle of the cir-

cles and at the corners. Also the down sampled histograms, rotation invariant on the 

right side and rotationally dependent on the left side, of the highlighted SIFT features are 

shown. When the features are calculated rotation invariant, they are not distinguishable. 

In contrast, when the features are calculated rotational dependent they generate different 

histograms, allowing the distinction whether the features are located at the upper or the 

lower profile of the writing. It has been  shown that the upper and lower profile of a wri-

ting is a discriminative feature for writer identification. Since the background contains a 

lot of noise the contrast threshold for the SIFT features has been set to a higher level and 

also the edge threshold is lowered to reduce the number of edge-like features – compared 

to the parameters used in Fiel and Sablatnig.28

After the calculation of the SIFT features the visual vocabulary is generated. This is 

done on a separate training set to ensure the independence of the writers in the evalua-

tion set. For performance reasons a Principal Component Analysis (PCA) is applied on 

the features of the training set to reduce the dimensionality from 128 to 64. The visual 

words are represented by means of Gaussian Mixture Models (GMM). The amount of 

the GMMs has to be set in advance. Experiments have shown that for this task the best 

24 	 Florent Perronnin and Christopher Dance: Fisher Kernels on Visual Vocabularies for Image Categorization, in: 
IEEE Conference on Computer Vision and Pattern Recognition, 2007 (CVPR 2007), Minneapolis, MN, 2007, p. 
1–8.

25 	 Florent Perronnin, Jorge Sanchez and Thomas Mensink: Improving the fisher kernel for large-scale image clas-
sification, in: Proceedings of the 11th European Conference on Computer Vision: Part IV (ECCV‘10), Berlin/
Heidelberg 2010, p. 143–156.

26 	 David G. Lowe: Distinctive Image Features from Scale-Invariant Keypoints, in: International Journal of Compu-
ter Vision 60 (2004), p. 91–110.

27 	 Diem and Sablatnig [n. 21], p. 7531. 	
28 	 Fiel and Sablatnig [n. 7], p. 545–549.
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number of GMM is 100. It is assumed that the generation process of all SIFT features in 

all images of the training set can be modeled by a probability density function.29 The pa-

rameters of this density function can be estimated by an Expectation-Maximization (EM) 

algorithm. The EM algorithm estimates iteratively the three parameters of the different 

Gaussians. The advantage of using GMM for visual vocabularies instead of k–means, 

which is normally used for Bag of Words, is that the feature space can be described more 

precisely (see Figure 5). When using k–means for clustering strict borders are introduced 

and the distance of the feature to the cluster center and influences from other cluster cen-

ters are not taken into account. Since the GMM does not have any strict borders it overco-

mes these problems. After estimating the parameters for the GMM the feature vector for 

each image can be generated. This is done by calculating the SIFT features X = {xt, t = 1...T} 

for one image and then applying the PCA with the parameters calculated for the training 

set. Afterwards the Fisher Kernel is applied. It is computed by30

where GX
k  is the feature vector for one specific distribution k. wk are the weights of the k–th 

distribution, µ and σ are the means respectively the variation of the particular distribution. 
The results for all distributions are then concatenated, resulting in a feature vector of the 
image with ND–dimensions, where N is the number of distributions and D the dimension 
of the SIFT features (for this task N = 100 and D = 64 since we apply the PCA). As proposed 
by Perronnin et alii the vector is additionally raised by the power of 0:8. They also showed
that the cosine distance is a natural measure of similarity for the Fisher Vector.

29 	 Perronnin, Sanchez and Mensink, T [n. 25], p. 143–156.
30 	 Perronnin, Sanchez and Mensink, T [n. 25], p. 143–156.

Figure 5. Schematic partitioning of the feature space with k-means (dashed lines) and with GMMs (colors). 
Since GMMs do not have strict borders the features space can be described more precisely.



15

MdE 2/2017 |Stefan Fiel and Robert Sablatnig |Writer Identication on Historical Glagolitic Documents

EVALUATION

The dataset for the evaluations contains 361 images with Glagolitic writing on it. Se-

ven different writers have been identified on this pages.31 Table 3 shows the distribution 

of the writers in the dataset - along with the associated manuscripts. It can be seen that by 

far the most documents in the dataset were written by Writer 1 (207) whereas Writer 6 has 

only 3 pages. With 58 documents Writer 5 has the second most documents in the dataset, 

followed by Writer 3 with 40 and Writer 7 with 24. Writer 2 has 22 documents. The docu-

ments of Writer 5 are from two different manuscripts and the documents of Writer 7 are 

stored at two different locations. Additionally, the approximated average character height 

(in pixel) and the corresponding standard deviation (std) are provided in Table 3, in order 

to enable a comparison between the character resolutions of each writer. The character 

height per writer is approximated by averaging the median height of the segmented cha-

racters within a binarized page. It should be noted that this approximation is dependent 

on the performance of the binarization method applied. It can be seen that character reso-

Table 1. Distribution fo writers in the dataset.

Writer Id: 1 2 3 4 5 6 7

Psalterium Demetrii Sinaitici:

Euchologium Sinaiticum:

Missale Sinaiticum:

Codex Marianus:

Codex Clozianus:

207 22 40

7

7

51

3

24

Total: 207 22 40 7 58 3 24

Average Character height:

Std. of character height:

27.7

2.5

31.5

5.0

32.3

3.8

34.4

9.5

28.8

4.2

29.3

1.5

21.4

3.4

 
lution of the pages belonging to Writer 7 is considerably lower compared to the remai-
ning writers. Additionally, the character height is partially varying within a page due to 
decorative elements – such as initials – and warping effects. Exemplar pages with varying 
character heights can be seen in Figure 1. For generating the visual vocabulary 8 document 
fragments of unknown writers are used.

For the evaluation of the writer identification the method of the ICDAR 2011 Writer 

Identification Contest32 has been used. Each document in the database is taken as refe-

rence document and the distance to all other documents are calculated. Then two criteria, 

31  	 Miklas, [n. 5], p. XV–XVI, 117–129.
32 	 Louloudis, Stamatopoulos and Gatos [n. 16], p. 1475–1479.	
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namely the soft and the hard criterion, are evaluated. For the soft criterion the first N most 

similar documents are observed. If one of these documents is from the same writer as the 

reference document then it is considered as a correct hit. The result is the percentage of 

the correct hits for all documents. For the hard criterion all N documents have to be from 

the same writer. The soft criterion is evaluated with N equals 1, 2, 5, and 10. For the hard 

criterion N is 2, 3, and 4. It has to be noted, that since Writer 6 has only 3 documents in the 

dataset the hard criterion with N equals 4 cannot be satisfied. These evaluation methods 

have been carried out on the cropped dataset and also on the binarized cropped dataset.

Table 2. Evaluation of the soft criterion (in %)

Top 1 Top 2 Top 5  Top 10

grayscale dataset

binarized dataset

87.6

98.9

89.8

98.9

92.5

99.7

93.6

100.0

Table 2 shows the evaluation of the soft criterion on the dataset. It can be seen that 

the method performs better on the binarized dataset. The maximal difference is 11.3% for 

the Top 1, which means that the writer of 40 additional documents is identified correctly 

when using binarized data. Since the images have a non–uniform background, SIFT fea-

tures are not only located on the writing itself, but also on the background, holes in the 

document, and border of water stains. Also because only a simple cropping method is 

used parts of the book cover can occur in the images and SIFT features are also calculated 

there. These features influence the performance on the non binarized dataset. In contrast, 

by binarizing a document image parts of the image which are not text are deleted.

Table 3. Evaluation of the hard criterion (in %)

Top 2 Top 3 Top 4
grayscale dataset

binarized dataset

80.9

98.1

78.1

95.3

75.3

93.6

Table 3 shows the evaluation of the hard criterion. Again, the method performs bet-

ter on the binarized dataset. The maximal difference is 18.3% for N equals 7. Like when 

using the soft criterion features, which are not located on the writing itself influence the 

performance on the non binarized dataset. This time the influence is greater, since all 4 

most similar documents have to be from the same writer. Another possible effect is that 

documents with water stains are more likely to be considered as similar because of fea-

tures which are located on the boarder of these stains.

Figure 6 shows plots of the different distances for all documents to two reference 

documents. The distances are calculated on the binarized dataset. For the left plot the re-

ference document is page number 10 and for the right plot page number 353. The vertical 
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red lines indicate a change of the writer. The reference document has a distance of 0 to 

itself. For all other documents the distance is calculated using the cosine distance. It can 

be seen that documents written by the same writers as the particular reference document 

have a smaller distance than documents from other writers. There are also some outliers 

in the distances of other writers, which are pages where the binarization does not give 

exact results and parts of characters are lost or the border of the characters cannot be 

determined exactly.

Table 4 shows the mean precision per writer with varying N. For all documents of one 

writer the percentage of the documents in the first N in the ranking is calculated. For Writer 

4 and Writer 6 the evaluation was skipped if N was higher than the number of their do-

cuments in the dataset. 

Table 4. Mean precision of each writer with varying N. Cells which have no text are skipped because 

the corresponding writers do not have enough documents in the dataset for evaluation.

Top-N Writer Id

1 2 3 4 5 6 7

1
2
3
5

10
15
20

100
100
100
99.9
99.9
99.9
99.8

90.1
88.6
90.1
83.4
77.7
61.2
51.4

100
97.5
96.7
97

94.3
91.5
89.4

100
100
100
100

96.6
96.6
93.7
93.1
91

86.8
82.1

100
100

100
100
100
100
100
100
98.8

The documents of Writer 1 have a big influence on the result of the evaluation becau-

se, as stated above, the largest contingent of documents was written by this scribe. Thus, 

a further evaluation has been carried out. This time the documents of Writer 1 are not ta-

Figure 6. Distances of all images to two reference documents for the evaluation on the binarized 
dataset (left: page number 10, right: page number 353). The vertical red lines indicate a change 

of the writer.
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ken as reference document, but the corresponding images remain in the dataset, so these 

documents can still occur in the most similar pages of the other writers. 

Table 5 and Table 6 are showing the results of the evaluation on the databases where 

the documents of Writer 1 are not considered as reference document. Compared to the 

results with Writer 1 every evaluation has worse results. On the binarized dataset the per-

formance drops 2.5% for the soft evaluation, for the hard evaluation the maximal drop is 

7.9%. As expected, the fact that Writer 1 has by far the most documents in the dataset has 

an influence on the results, but at least for the evaluation on the binarized dataset the influ-

ence is tolerable. When regarding the evaluation on the grayscale dataset the difference is 

significant. For the soft Top 1 evaluation the performance drops by 16.7% compared to the 

soft evaluation on the grayscale dataset with Writer 1, but compared to the results on the 

binarized dataset the difference is 19.9% worse. For the hard evaluation this gap increases. 

That means on the grayscale images the method has performed better on the images from 

Writer 1 than on the other images. The reason for this is, that the manuscript where the 

images of Writer 1 originate from has, compared to the other manuscripts, the most uni-

form background and also the ink is not faded out or blurred. Due to the binarization the-

se factors do not influence the results on the binarized dataset, here the background is re- 

moved and the characters are clearly visible. 

Table 5. Evaluation of the soft criterion (in %) without the pages of Writer 1 as reference documents

Top 1 Top 2 Top 5 Top 10

grayscale dataset
binarized dataset

70.8
97.4

76.0
97.4

82.5
99.4

85.1
100.0

Table 6. Evaluation of the hard criterion (in %) without the pages of Writer 1 as reference documents.

Top 2 Top 3 Top 4

grayscale dataset
binarized dataset

55.2
95.5

48.7
89.0

42.2
85.7

One example for the correct identification of manuscripts written by the same scribe 

is given in Figure 7. The two portions shown – respectively the corresponding folios – are 

both belonging to a manuscript named Codex Clozianus, but the folios are stored in dif-

ferent libraries – namely libraries in Innsbruck, Austria and Trent, Italy. It can be seen that 

the writing on folio 8 recto has a higher contrast to the remaining background than the 

text on folio 3 verso. Additionally, the latter mentioned folio is corrupted by background 

stains. These circumstances lead to a poor binarization result. Nevertheless, the method 

is capable of determining that both folios were written by the same scribe, as can be seen 

in Figure 6 (right): In this plot, folio 8 recto of the Codex Clozianus is used as reference 
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document and the distances to the remaining folios of the same codex – including folio 3 

verso – are smaller than the distances to the other writings in the dataset.

CONCLUSION

This paper presented the first application of writer identification on Glagolitic docu-

ments. This is done by using the Fisher Vector on visual vocabularies. First SIFT features 

are calculated on the document image and with help of GMM, which has been generated 

in advance on a training set, the Fisher Vector can be generated. The documents are then 

ordered by their similarity to a reference document and the evaluations are carried out 

using the nearest neighbors. As input image a dataset with 361 images with Glagolitic 

writing is used, which were preprocessed by cropping the area which contains text. On 

the complete dataset the best performance, with 98.9% correct first nearest neighbor, 

was achieved by applying a binarization to the image. Since the method used has been 

designed to avoid a binarization step, the evaluation also has been carried out on the 

unprocessed images, which resulted in significant worse identification rates. The reason 

for this is that SIFT features are generated on the non–uniform background, water stains, 

and holes in the document. Also, since only a simple cropping method is used, features 

have been calculated on the book cover on some images. For work to come, the detection 

of the text region has to be improved, to calculate features only on the written text.

Figure 7. Two portions of Codex Clozianus. (From left to right) Folio 8 recto, stored at the 
City Museum in Trent, Italy. Corresponding binarization result. Folio 3 verso, stored at the 
Ferdinandeum museum in Innsbruck, Austria.Corresponding binarization result.
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