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Abstract. This paper presents a contribution to Word Spotting applied for digi-
tized Syriac manuscripts. The Syriac language was wrongfully accused of being 
a dead language and has been set aside by the domain of handwriting recogni-
tion. Yet it is a very fascinating handwriting that combines the word structure 
and calligraphy of the Arabic handwriting with the particularity of being inten-
tionally written tilted by an angle of approximately 45°. For the spotting proc-
ess, we developed a method that should find all occurrences of a certain query 
word image, based on a selective sliding window technique, from which we ex-
tract directional features and afterwards perform a matching using Euclidean 
distance correspondence between features. The proposed method does not re-
quire any prior information, and does not depend of a word to character seg-
mentation algorithm which would be extremely complex to realize due to the 
tilted nature of the handwriting. 
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1   Introduction 

The Syriac language belongs to the Aramaic branch of the Semitic languages. The 
oldest Syriac manuscripts can date back to the 1st century AD, however the literature 
itself flourished from the 3rd century AD onward, then began to decline in the 7th 
century in the face of Arabic culture [2].  

The documents we are interested in are old manuscripts. Most of the time these 
documents present much degradation that can be interpreted as noise in the context of 
text extraction and recognition. If we take into account the variability of the handwrit-
ing and the fact that the segmentation of the text into letters is most often not possible, 
we understand why classical OCR is useless. The word is then the smallest element 
we can identify.   

2   Related Work 

Very few are the people who launched themselves in the study of Syriac manuscripts. 
Besides the works of William Clocksin [1], no previous work has been published on 
Syriac handwriting recognition. Different approaches exist for handwriting recognition 
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in historical manuscripts. In our previous work, we were interested in global informa-
tion for document classification based on handwriting style [4]. In this paper, we focus 
on word spotting.  

Old documents can be treated as they are or a pre-processing can be performed, 
like binarization to highlight the text [5][6]. Most of the approaches focus on words 
and not letters [7][8][10][14], because of the problems of segmentation on manu-
scripts data. For most of the authors, a word level approach is better than a letter level 
approach. In this domain of old documents study, there are a lot of existing docu-
ments. It is not always that easy to have access to them and thematic studies on 
documents coming from a precise origin are especially interesting because they can 
take advantages of some constant characteristics of the database. In this paper we 
focus on Syriac documents. Other researches were made on the famous French writer 
Flaubert corpus [9] for layout extraction using Markov fields,  Manmatha [8][10] 
targeted manuscripts from the Georges Washington’s collection and Leydier targeted 
Medieval Latin manuscripts [7]. The purpose of their worls is to extract and recognize 
words using description based on  computed features. Terasawa et al. [11] also per-
formed word spotting inspired by an Eigen space method [11] or gradient [12]. In this 
case, word signatures are extracted from sliding windows. The relative levels of the 
gradient in the 8 main directions are computed in these sliding windows. This leads to 
features that are robust to scale changes. To overcome the morphological differences 
between the words, the matching is performed using a Dynamic Time Warping 
(DTW) algorithm. DTW is also used in [1] to match whole words. Another segmenta-
tion-free approach which uses HMMs and statistical language models for handwritten 
text recognition is described in [13]. 

3   Proposed Method 

The method that we propose consists of an eliminatory process. First we start with 
a preprocessing phase to select sliding windows of interest, unlike Terasawa et al. 
[10] who took into consideration all extractable windows. The elimination begins 
at this step: windows that do not respond to certain criteria are eliminated (the 
elimination process is further detailed in the following sub sections). Regions of 
interest are then detected. Afterwards, saliency coefficients of directional roses are 
extracted from sub windows within the regions of interest, and are matched to 
those extracted from the query word image using a point to point correspondence 
of the Euclidean distance. 

3.1   Preprocessing 

The material that we will be working on consists of Karshuni manuscripts that are 
written with the Serto calligraphy. They were supplied to us by the Central Library of 
the Holy Spirit University of Kaslik in Lebanon. These manuscripts date from the 
beginning of the 19th century and were digitized with a resolution of 300 dpi. Figure 1 
shows a sample from these manuscripts. 
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Fig. 1. Sample image from a Karshuni manuscript written with the Serto calligraphy 

The manuscripts that we have contain mainly three color categories, the back-
ground which is a light yellow tone, the main text which is dark brown or rather 
black, and the emphasized words which are written in red. The preprocessing phase 
consisted converting the document in grey level preserving the contrast between the 
text and the background. A skew detection and correction of the line is then per-
formed using the Hough Transform. An upper and a lower baseline detection using 
horizontal projections are finally performed (see Figure 2). 

 

 

Fig. 2. Example of an upper and a lower baseline detection 

3.2   Selective Sliding Windows 

Once the upper and lower baselines are detected, the text line is divided into three 
regions (upper, middle, and lower). In each of these regions a sliding window of size 
32x32 pixels is passed along from left to right at a step of one pixel. Afterwards, an 
analysis of the content of the window is conducted: first we reject the windows hav-
ing less than a certain minimum density of black pixels; then we study the movement 
of the center of gravity of the black pixels. We only keep the window having a center 
of gravity that moved significantly along the x  axis compared to its predecessor; in a 
third elimination, windows that cover more than half their predecessor are eliminated.  

The size of the sliding windows and the allowable covering rate were chosen while 
taking into consideration the image resolution (300 dpi) and the thickness of the 
handwriting (10 pixels). 

3.3   Directional Roses 

The remaining windows are divided into four sub windows of size 16x16 pixels. We 
compute the autocorrelation function on each of these four windows. The patterns we 
obtain from this autocorrelation function represent the main directions in the four 
quadrants of the current window.  
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We summarize this information in a directional rose of eight directions. Each 16x16 
pixels sub window is represented by a signature of eight values resulting in a total of 32 
values for the current window. Figure 3 illustrates the sub window extraction process 
from a selected window taken from a word image from a sample line, and figure 4 
shows their respective directional roses. The length of a direction is obtained by summa-
tion of the grey levels of the autocorrelation function in this direction.  

To keep the most discriminative information, we only keep the relative variations 
of the different directions above the least represented direction, which is then set to 0. 
The salient direction is then normalized to 1, to reduce the influence of the dynamic 
of the original image.  Moreover, the use of the autocorrelation function for the local 
signature reduces the influence of noise or degradations because it is the main struc-
ture of the sub image that influences the result. We will give more details on this 
specific point later in this paper.  

As shown in figure 4, the directional rose highlights the dominant orientation in 
each sub window; the salient direction is quite obvious. This description is only based 
 

 

Fig. 3. Illustration of the sub windows extraction process and their corresponding autocorrela-
tion functions 

 

Fig. 4. Directional roses extracted from the four sub windows 
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on directional information. Even if this directional information is scale invariant, we 
do not keep this property in our signature because of the decomposition in four win-
dows that have a defined size. However, a normalization step can be performed as a 
pre-processing to fit the size of the letters in the guide lines of figure 2. Reduction of 
size introduces no loss of accuracy in the tests we perform because the size we de-
fined for the letters and thus for the words contains enough information. Increasing 
the size will lead to blurred images. This specific case is discussed latter in this paper.  

3.4   The Matching Algorithm 

Once the signatures of all the selected windows of each part of the query word image 
are extracted, the search begins in order to spot all their occurrences. They are com-
pared to all those of the test page, the most similar ones are detected, and the region 
with most agglomeration of sub windows similar to those of the query word image is 
considered as a possible match. However, a decision based only on this assumption 
requires some computation time due to the great number of comparisons to perform. 
Moreover, as the number of lines and thus windows increases, this first simple match-
ing is not very reliable due to superposition of matching candidates in all three parts 
of the line resulting in possible yet incorrect matches. 

 

Fig. 5. Detection of regions of interest 

In order to surpass the confusion problem, we proceeded by a pre detection of re-
gions of interest where possible occurrences may be located. This was done by study-
ing the movement of the gravity centers of the selected windows in each part of the 
query word image. The positions of the gravity centers are plotted, and a search is 
conducted to find portions of the plot that are similar to the query plot based on a 
minimum Euclidean distance. As a result, confusion is removed as shown in figure 6.  

Normalized saliencies coefficients are extracted from the query word image and 
are compared to the ones extracted from the regions of interest. The matching is based 
on a minimum Euclidean distance, and the correct occurrences are those which have 
the largest number of matched coefficients in the three superposed parts. 
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Fig. 6. Ambiguity removal 

4   Results 

The results we obtain using the combination of these two indicators (directional sig-
nature of the windows and pre selected area of interest using gravity center motions) 
are really promising because, on the tested pages so far, we always find the two or 
three occurrences of the query word in the top first best matches.  

It is difficult to present at the moment, a quantitative evaluation of our method be-
cause we do not have yet a real ground truth on our documents. It is not that easy to 
build it because we have to search manually for words and their occurrences in the 
documents. We only did this work for some words yet and as mentioned earlier, the 
results are correct in every tested case so far. A more complete set of test is in pro-
gress to give more quantitative results.  

Moreover, we tested our indicators in different situations and especially situations 
involving degraded documents. These degraded versions correspond to the two most 
common degradations to digitized manuscripts. The first is excessive and lossy com-
pression, and the second is poor resolution. 

4.1   Excessive Compression and Poor Resolution 

Librarians and book keepers have a tendency to over compress the manuscripts im-
ages. In most cases, lossy JPEG compression is chosen. Since the degradations result-
ing form this compression are irreversible, many people proceed by a restoration 
phase that consists of a smoothing of the artifacts, sometimes even an attempt to re-
cover the dissolved portions of the texts usually by morphological approaches as used 
in [16] or by active contours as attempted in [15] and [17], as a result they fall most of 
the time in a paradigm which is “restore to recognize and recognize to restore”. This 
is why many approaches fail in front of the degradations introduced by excessive 
JPEG compression. 

The poor resolution type of degradations is introduced either by having manuscripts 
with large pages, and in an attempt to fit them into a standard size page, librarians and 
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book keepers tend to reduce the resolution of the digitizer, or just like in the preceding 
degradation, it is done only by fear of not having enough storage capacity for all the 
documents. We imitated this degradation by downscaling a test image and afterwards 
rescaling it back to its original resolution using cubic interpolation.  

4.2   Results on Degraded Images 

Figure 7 illustrates the ambiguity removal and the ability of finding all occurrences of 
the query word image. Just as the case for the previously degraded test image, the  
 

 

Fig. 7. Ambiguity removal on over-compressed image after interest regions extraction 

 

Fig. 8. Ambiguity removal 
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results for the rescaled test image support the robustness of the algorithm in the face 
of another type of degradation. Figure 8 reveals the ambiguity removal and the ability 
to find all occurrences of the query word image after the regions of interest detection.  

The results prove the effectiveness of these features and their consistency in find-
ing all occurrences of the query word image within reasonable iterations and process-
ing time. The selective sliding windows, the region of interest detection, the feature 
extraction, and the matching algorithm were all performed exactly the same as in the 
word spotting in the original test image which we take now as a reference for the 
performance comparison 

6   Conclusion 

In this paper we presented a word spotting algorithm to assist the indexing of Syriac 
manuscripts. Our method does not require any prior information for the spotting proc-
ess. It is also fully independent from any word to character segmentation algorithm. 
Moreover, the way the signature is computed leads to a less sensitivity to noise and 
degradations that are really common on that type of documents such as an excessive 
JPEG compression and a rescaling for low resolution documents images. An exten-
sion of this method could be used as a basis for a classification algorithm for the 
automatic separation of the three calligraphies. 
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