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Abstract. In the context of forensic and criminalistics studies the problem of 
identifying the author of a manuscript is generally expressed as a supervised-
classification problem. In this paper a new approach for modeling a manuscript 
at the word and text line levels is presented. This new approach introduces an 
eclectic paradigm between texture-related and structure-related modeling  
approaches. Compared to previously published works, the proposed method 
significantly reduces the number and complexity of the text-features to be ex-
tracted from the text. Extensive experimentation with the proposed model 
shows it to be faster and easier to implement than other models, making it ideal 
for extensive use in forensic and criminalistics studies. 

Keywords: Collective decision, Author identification, Manuscript text,  
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1 Introduction 

The analysis of handwritten text, for the purpose of authentication and author identifi-
cation, is a tool that allows researchers to study text from many different points of 
view according to the number of authors, the type and quantity of characteristics ex-
tracted from the text, the classification algorithms used for its recognition, and so on. 
The analysis of manuscripts is at the core of graphoscopic analysis techniques and 
plays an important role in a number of practical problems, included, but not limited 
to, forensic and criminalist processing of evidence, validation of legal documents, 
historiography, psychological profiling, etc. 

Since the 1950’s several manuscript author identification and verification methods 
have been developed for forensic document analysis. Before the era of digital com-
munication, the wide range of implements and supports for writing motivated several 
approaches to characterize handwriting. Those approaches differ among themselves 
by their way of capturing data and by their dependence on the semantics of the written 
text.  

Computer aided manuscript analysis is a broad field of study that encompasses two 
main areas: Optical Character Recognition (OCR) and Writing Identification and 
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Verification (WIV). OCR has been widely studied and consists of recognizing charac-
ters from a digital image of a manuscript in such a way that the text may be inter-
preted word by word or even symbol by symbol [19].  

The WIV area deals with the recognition of a manuscript’s author, the relationship 
of several authors to different documents, the identification of document alterations, 
etc. In some WIV approaches it is necessary to know the semantic contents of the 
words that make-up the text (text-dependent methods) [20], and in others, the method 
does not depend on semantic contents (text-independent methods) [2].  

Computer-related characteristics extracted from the text may be texture-related or 
structure-related [3]. When extracting texture characteristics, the document is seen 
and processed as an image (not as a text), but when structural characteristics are ex-
tracted, a description similar to that given by a graphoscopic expert is sought in order 
to characterize the properties of the author’s writing style. 

This paper introduces a new approach to modeling handwritten text by extracting 
off-line static features from the manuscript at the line and word levels. This method 
allows the use of collective decision algorithms for author recognition tasks. The pro-
posed approach is independent of the semantics and represents a hybrid or eclectic 
approach between texture and structural characteristics. 

2 Related Works 

Recently, amongst already published papers are [1] and [4], where the identification 
efficiency is considerably reduced due to the high number of authors in the supervi-
sion sample. The paper [5] propose a manuscript’s texture analysis technique using 
Gabor’s filters and grey-scale co-occurrence matrices (GSCM) using the weighted 
Euclidean distance and a K-NN classifier [6] to identify 40 different authors. Authors 
in [7] propose the use of horizontal projections and morphological operators together 
with the texture characteristics of English and Greek words, using a multilayer per-
ceptron and a Bayesian classifier.  

The method proposed in [3] splits words into graphemes and at the same time 
combine the local characteristics extracted from regions of text. Finally they employ a 
commonly used model for information retrieval, known as vector space model, for the 
task of identifying the author of a manuscript. The research outlined in [8] presents an 
algorithm that extracts structural features from characters and graphemes, by means 
of a genetic algorithm, to look for optimal characteristics after extracting 31 characte-
ristics from each selected word and using a neural network classifier. In their doctoral 
dissertation [2] extract textural features from manuscripts and then use probability 
functions and an Euclidean and Hamming distance-based K-NN classifier to identify 
and verify the author. In [9] is extracted a set of structural features from text lines, as 
well as a set of fractal-based features, resulting in a 90% plus efficiency of author 
recognition.  

In [10] a study can be found about handwritten text recognition, taking into ac-
count methodologies for working in-line and off-line. In [11] the IAM database is 
described in a general way and an analysis is made about the way in which images 
included were segmented. The last two papers include references that detail recent 
research work on manuscript analysis.  
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More recently, in [17] a segmentation methodology, in text lines and words, of 
handwritten documents is presented. Text line segmentation is achieved by applying 
Hough transform on a subset of the document image connected components. With 
careful post-processing steps authors claim to achieve an efficient separation of verti-
cally connected characters using a novel method based on skeletonization. They use 
several performance measures to compare the text line segmentation and word seg-
mentation results against the available supervision sample. Paper [19] shows a me-
thodology for off-line handwritten character recognition. The proposed methodology 
relies on a new feature extraction technique based on recursive subdivisions of the 
character image so that the resulting sub-images have an approximately equal number 
of foreground pixels. Feature extraction is followed by a two-stage classification 
scheme based on the level of granularity of the feature extraction method. 

Until today the most reliable results achieved in authorship recognition over ma-
nuscripts can be found in [3], [4], [5], [8], [12] and [17]. 

3 Proposed Model 

The basic idea behind the proposed model is to extract from the manuscript a different 
set of features at the line and word levels. The final model uses patterns that describe 
the manuscript at the paragraph level by selecting and averaging all features extracted 
from lines that comprise each paragraph. Extracted features are then processed at 
different stages by an algorithm that assigns a potential author to each paragraph and 
then decides the authorship of the whole manuscript by collecting all the evidence 
learned from each paragraph in the text.  

Manuscript images are first pre-processed in order to sharpen the digital image and 
remove noise. A binary image of the manuscript is obtained by thresholding over the 
green plane of the original color image with Otsu [13] and Khashman - Sekeroglu 
[14] methods. Finally, a geodesic reconstruction of each manuscript is obtained by 
erosion using the Otsu-processed image as a marker (see Figure 1). All features are 
extracted from the binary image of each manuscript. 

At the line level the space percentage occupied by the left margin, the right margin, 
the separation between subsequent lines, the general direction of the writing and the 
inter-word space are considered. Features extracted at the word level include the pro-
portions of the middle zone of the writing compared to that of the upper and lower 
zones, word inclination and the presence of a crest and an axis in all words. Figure 2 
shows the semantics of all features extracted at the line and word levels. 

 
 (a) (b) (c) (d) 

Fig. 1. (a) Sample manuscript color image, (b) Otsu-thresholding over the green plane, (c) 
Khashman – Sekeroglu thresholding, (d) final noise-free binary image 
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(a) Features at the word-level 

 
(b) Features at the line-level 

Fig. 2. Features extracted at different levels 

Each manuscript’s text line is represented by a 22-tuple with word-level and line-
level features. Word-level features are extracted from words with and without upper-
zone, as well as from words with and without lower-zone. All features are positive 
real or integer numbers, except for the Average inclination of words, which takes 
values in the interval [-1, 1] of real numbers. Nevertheless a good recognition method 
must be independent of the representation space for the objects. Table 1 sums up the 
features extracted at the word and line levels.  

Table 1. Features representing a line of text 

Word-level features Line-level features Average upper/middle zone ratio Average lower/middle zone ratio Average inclination of words Number of words in the line 

Left and right margins space percentage Current/previous line ratio Current/next line ratio Average inter-word space General direction of writing. 
4 Recognition Process 

The manuscript whose author is to be recognized is pre-processed and the aforemen-
tioned features are extracted to form several line and paragraph patterns and a 
weighted syntactic-distance function is used for comparison between patterns. The 
particular differentiated-weighting scheme used assigns a different feature weight 
value depending on the class being tested. This mechanism provides enough flexibili-
ty to accurately discriminate patterns belonging to classes where the same sub-set of 
features is relevant but with a different proportion in each case. Details about such a 
scheme and its use for author recognition can be found on [15]. 

Each text-line pattern is independently classified and then a collective decision rule 
is applied, issuing a final decision regarding the authorship of the text. This final deci-
sion may be one of the authors included in the supervision sample or an unknown 
author not included in the sample, if certain similarity thresholds previously estab-
lished are not met. Pseudo code of the specific procedure looks as follows: 
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1. For each pattern in the supervision sample, determine its class representativeness. 
2. Select only the most representative patterns to form a Reduced Supervision Sam-

ple. 
3. Compare each control pattern with the reduced supervision sample formed in step 

2. 
4. Calculate the average similarities of control patterns vs representative patterns. 
5. Use the highest average similarity as the final decision rule. 
6. If considered convenient, add the recently identified patterns to the supervision 

sample and recalculate the set of objects that are representative of each class. 

The classification of the manuscript is a collective decision based on the lines con-
tained in a given text. The procedure for its classification looks as follows: 

1. Create a pattern for each text-line in the manuscript and classify it. 
2. The whole manuscript is labeled as the class which contains the majority of its 

line-patterns, allowing a maximum of classes.  

This multiple-pattern representation of each manuscript, along with the collective 
decision criteria used by the solution rule, establishes a new and not previously ex-
plored approach for this kind of problems. The resulting impact over the precision and 
general efficiency of the identification process can be seen on the next section. 

5 Experimental Results 

An ad hoc database was created with manuscripts written by 50 test subjects. Each 
subjected wrote three handwritten texts, always using print-type letters. Each manu-
script contains from 5 to 9 text lines, giving closely a total of 600 lines. Text contents 
were selected arbitrarily from non-technical books with no restrictions on the logic or 
semantics. Images of those manuscripts were digitally scanned at 300dpi with a con-
ventional scanner and all manuscripts were written with the same black ink pen and 
white paper.  

Three supervision and control samples were built for the experiments to take place. 
For experiment type #1, the supervision sample contains the most representative pat-
terns in each class. In experiment type #2 the total number of manuscripts is randomly 
divided between the supervision sample and the control sample. Finally, for experi-
ment type #3 only the least representative patterns from each class was selected for 
the supervision sample. In each experiment type the objects from the control sample 
are classified taking the supervision sample objects as a reference. Three class-
representative patterns were selected from each class within the supervision sample, 
according to the previously described procedure.  

The following rule was used for assessing the efficiency of the manuscript classifi-
cation: identification is considered correct if and only if the manuscript is classified in 
less than q classes and one of them is the correct one. Table 2 shows some experimen-
tal results obtained, for all three experiments types, when using a differentiated fea-
ture-weighting scheme. 
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Table 1. Results from the first experiment set 

Experiment  
type 

% of text-lines 
recognition 

% of manuscript 
recognition 1 1 2 2 3 3 

60.16 61.79 67.72 64.57 65.35 62.99 
72.22 72.22 88.89 94.44 88.89 83.33 

 
Although the percentage of correct text-line recognition seems unacceptably low, 
results only got better for the manuscript level, reaching levels higher than 80% in 
several cases. Although the classification at the line level was substantially altered, 
the impact of the differentiated feature-weighting scheme becomes evident in the 
results at a text level.  

A second set of experiments was carried out, considering the centroid of each class 
as the only representative pattern for that same class. This raised the effectiveness of 
the recognition for the line level and to a lesser degree for the classification of the 
whole manuscript (See Table 3). 

Table 4 shows this research’s results compared with those by other authors (taken 
from Bensefia et al. 2005). The comparison is summarized and some details are added 
on the type of methodology applied. 

Table 2. Results from the second experiment set 

Experiment 
type 

% of text-lines 
recognition 

% of manuscript 
recognition 1 2 3 

73.17 70.08 72.44 94.44 88.89 94.44 
Table 3. Comparison of manuscript’s author identification 

Publication Number  
of  

writers 
Supervision Sample Lexicon  

dependency 

Reported  
Performance 

(%) Said et al. (2000) [5]Zois and Anastassopoulos (2000) [7] Marti et al. (2001) [16] Bensefia et al. (2005 )[3] 
This paper 

40 50  20 88 
30 

Few lines handwritten text45 examples, the same word 5 examples of the same text Paragraphs / 3-4 words 
3 examples of the same
text 

NoYes  Yes No 
No 

95.0 92.48  90.00 93.0 / 90.0 
94.44 

6 Conclusions 

A collective decision algorithm with a differentiated feature-weighting scheme is used 
to identify the author of a manuscript by means of the individual classification of the 
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text lines that comprise the manuscript. The descriptive features used to make up the 
patterns representing such lines include features extracted at the word-level as well as 
at the line-level. When all the text lines have been classified, a final collective deci-
sion regarding the author of such text is applied. The highest efficiency percentages 
on identification are achieved in those experiments in which centroids are used as 
class representative patterns.  

A comparison with previously published works shows that the modeling approach 
herein proposed yields better results than previous related works, with the added ad-
vantage that the recognition process needs not to be dependent on the semantic con-
tents of the text. The implementation of these improvements may be extremely useful 
for the identification of authors of handwritten texts, mainly in forensic control situa-
tions as well as in authentication and security institutions. 
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