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Abstract—Handwriting identification technique is the basic need
for criminological examination, record approval, calligraphic
relics identification. It works in online and offline categories. The
proposed automatic offline text-independent writer identification
method works in three stages such as training, enrollment, and
identifications. In all the stages firstly, the handwriting image is
segmented into word regions (WRs) using an isotropic Laplacian
of Gaussian (LoG) filter. Then the features extracted from the
each word regions by using important feature extraction
techniques such as Scale Invariant Feature Transform (SIFT)
and Gray Lewel Co-occurrence Matrix (GLCM). Comparing to
GLCM, the SIFT method is more suitable and efficient to identify
the writer because it extract the structural features of
handwritten text. The proposed method is tested on real time
data collected of 42 samples (6 writers, 7 samples from each
writer). By the experimental result, the proposed method strongly
suggest that SIFT features are efficient in handwritten text
identification.
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. INTRODUCTION

In general, writing styles, shapes, and characters are different
from one person to another. Finding out the authorship of a
questioned document could provide valuable information for
an investigation this process is called writer identification.
This identification is works on offline text and this has several
applications they are criminological examination, records
approval and calligraphic relic’s identification etc. [1].

Handwriting identification technique is divided into online and
offline categories. The offline handwriting identification
includes text dependent technique and text independent
technique. Therefore, writer identification recently has been
studied and it has a wide variety of applications, such as
security, financial activity, forensic and used as access control.
Handwriting is a personal biometric that find unique persons
[2].

As a rule, on-line frameworks accomplish better execution
since they can utilize spatial and transient data about the
composition. Logged off frameworks, then again, are hard to
outline subsequent to the dynamic data about the composition
is lost amid the report obtaining. They likewise can be
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classified into content ward and content free. As the name
recommends, in the content ward strategies, the composition
tests contain a predefined content [3].

Broad researches have been led in this field. Furthermore,
progressions of universal author recognizable proof challenges
[4, 5] have been effectively sorted out. There will be two types
of texts; they are text-dependent which means the writing
samples are predefined one and another one is text-
independent which means any text to establish the writer
identity.

The samples of authors or writers depending upon the situation
they are writing and the mood of the writers. Plamondon et al.
[6] exhibited a thorough overview of early research writings as
for programmed essayist distinguishing proof. In early days
the identification or investigation is done manually which
takes more time and sometimes the given result is not
accurate. But today all work is done automatically using new
technologies and advanced methodologies. For identifying
hand writing images of writer or a person there will be mainly
two approaches texture-based approaches and Structured-
based approaches.

Texture means repeated pattern of pixels and structure means
something that is strong enough for construction. Writer
identification works on both text dependent and text
independent. Textures based methodologies take hand writings
as an uncommon composition picture and concentrate the
textural highlights for identification.

Hanusiak et al. [7], H Said et al. [8] and Zhu et al. [9] utilized
a method of “grey level co-occurrence matrix (GLCM)” to
getting the intensity values from the hand writing pictures. To
remove the unwanted noise and clarity purpose “Hidden
Markov Tree (HMT)” model is used for hand writing
identification.

Helli et al. [10] and He et al. [11] use new methods for getting
better results. They use a “wavelet-based” texture based
approach. Du etal [12] use a “Gabor and XGabor” method to
identifying handwriting images collected from different
authors. Along with this method “feature relation graph
(FRG)” method is used for automatic hand writing
identification.

Bertolini et al. [13] proposes new methods for identification
and verification of handwriting images. “Local binary pattern
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(LBP)” and “local phase quantization (LPQ)” are the two
texture-methods for identification and verification.

To improve the offline text-independent writer identification
the structure based approaches are more intuitionistic,
prominent and stable. In early time structure based approaches
are more popular.

Bulacu et al. [14] mainly work on the edges of handwriting
contents using “edge-based directional” method and
identifying the unique person. Here the features are extracted
based on the edges.

The rest of the paper is organized as follows. Literature survey
in section Il. Proposed algorithm in section Ill. Experimental
results are presented in section IV. Concluding remarks are
given in section V.

. LITERATURE SURVEY

Schomaker et al. [15] employed the coordinate of points of
handwriting image and these points collected to form feature
vector table. Firstly they normalize and fragment connected
component and these components are more in values. Means
these values create confusion for the system, for this purpose
the codebook is generated for storing calculated values.
Codebook generation is good habit for identifying images. In
processing stage large set of writers are used for handwriting
identification.

Bulacu et al. [14] proposed to characterize the individuality of
writer’'s using “edge-based directional feature” extraction
method. Edge based means it consist of edge direction
distribution and edge-hinge distribution. To find the writers
individuality they proposed effective and new techniques for
writer identification. Here they use texture based approaches
for defining property of methods of the handwritten samples.

Helli et al. [10] proposed “Gabor and X Gabor filter” and
“feature relation graph (FRG)” methods. The first method
extracts features from handwriting content of images and the
second method is used represent the extracted features. Using
Gabor and X Gabor filter method the writer identification is
done. Here the filters are used to improve the images of
handwriting. Feature relation graph is constructed for every
handwriting image for identification.

Bertolini et al. [13] proposed a method for identification and
verification of handwriting images. Here they use both “local
binary patterns (LBP)” and “local phase quantization (LPQ)”
method. The “LBP and LPQ” apply on handwriting images to
extract textural features of given images. The given image is
converted into binary images and calculates local key points.
The quantization is applied to given images.

Jain et al. [2] proposed a method of” K-adjacent segment
means (KAS)” for writer identification. Here the standard
databases are used to test the proposed method and results are
analyzed. In this method codebook is generated for mean
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values and the identification is done comparing with trained
images.

Djeddi et al. [12] proposed a new method of identifying
writers, which is concentrated on connected components. Here
the image segmented then codebook is generated to identify
the writers. With fixed window size the image is segmented
and features are extracted from segmented images. Codebook
features are used to represent different writers.

Vuurpijl et al. [17] proposed a new method for writer
identification that uses an “edge based” feature extraction to
recognize writers. This method gives best result for large
amount of text and considerably it gives higher dimension.
Cheung et al. [18] proposes new method for offline

Text- independent writer identification which uses a mixture
of global features and local features. They work on the “Gabor
feature and LBP feature “extraction method. The two basic
commitments are: to begin with, we appear in area 3 that meta-
information and content characteristics on the web page
containing the picture give a helpful appraisal of the likelihood
that the picture is in class, and thereupon can be utilized to
effectively rank pictures in the downloaded pool.

Ill.  PROPOSED METHOD

A. The Framework of the Proposed Method

The proposed method comprises of three stages: training,
enrollment, and identification, as appeared in Fig. 1. The
proposed system consists of four stages. The stages are
enrollment, training and identification.

Firstly, the handwriting sample image is segmented into word
regions. After getting the word regions the scale invariant
feature transform (SIFT) algorithm is applied to word regions.
The SIFT is extract the key points, scales and orientations and
key descriptors. The key descriptors generated after key points
are computed. In all the stages the word segmentation is
common.

In the training stage, firstly the SIFT features are extracted
from word regions and the SIFT descriptors (SDs) are
calculated. These descriptors are collected and generate the
codebook. This codebook is wused in enrollment and
identification stages. In the enrollment stage, two features,
called SIFT descriptors signature (SDS) and scale and
orientation histogram (SOH), are extracted from SIFT
descriptors and Scale and orientations of word regions of the
enrolling handwriting image and stored for identification. In
the identification stage, the SDS and SOH are extracted from
the input handwriting images and respectively matched with
the enrolled ones to get two matching distances, which are
then fused to form the final matching distance for decision. As
shown in Fig. 1, there are four main parts in the framework,
ie. word segmentation, codebook generation, feature
extraction, and feature matching and fusion.
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Fig.1.The framework of the proposed method

B. Word Segmentation

In early days the handwritten image is identified manually
[19], which is exceptionally time consuming and tedious. To
do handwriting image analysis segmentation is important.
Recently many methods are introduced for handwriting
identification in word level.

In word segmentation firstly the given image is divided into
segments and extract the structural features of given image.
Some authors are segmenting the full text lines, it does not
support for skew handwriting images. To overcome this type
of failures here we use a Laplacian of Gaussian (LoG)
filtering.

Word segmentation has following steps:

1. Taking a one input image and convert it into binary
image using Otsu’s algorithm.

2. Getting every connected component (CCs) and
calculate the average height.

3. Isotropic LoG filter is applied to binary image.

4. Binarizing the filtered image using Otsu’s algorithm.

5. Allocating each associated words of binary image to
the associated.

6. Combining the Semi word regions to get the word
local points.

7. Collect all the connected components and finally get
the segmented word.

C.SIFT

Scale invariant feature transform (SIFT), exhibited by Lowe
[20] for particular distinctive scale invariant features
extraction from images, has been widely and successfully
applied in many fields [21].
This algorithm has following steps:

e Scale-space construction,

e Key point localization,

e Orientation assignment,
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o Key point descriptor extraction.

After the word segmentation the SIFT algorithms is applied to
word regions of input handwriting image. Here the above steps
are carried out one by one, firstly the word regions of the
segmented word takes as input.

The Gaussian pyramid is applied to decompose the input
handwriting and this pyramid of each part is called an octave.
The levels are decomposed until the words are completed. In
second and third step the local key points and scales are
detected. In the fourth step the descriptors of key points are
calculated.

D. Codebook generation

From a given image, many word regions (WRs) are acquired
after word segmentation. For each WR, we apply the SIFT
algorithm to recognize various key points, scales and
orientations. Fig. 2 shows the key point localization, scale
space description, key point descriptors and orientations.

We may get a large number of key points from different
handwriting images expansive and differing measure of key
focuses from various handwriting images.

It is difficult to maintain the key points for this reason
clustering is done. This cluster consists of SDs and SOs of
given hand writing images. We cluster the SDs of the key
points extracted from the training samples into N categories
and represent each category with its center, which is called a
code. The greater part of the N codes frames a SD codebook
with size N.
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Fig.2.(a) key points (b) key point descriptor (c) scale space (d)
orientations.

In this work, the progressive Kohonen Self Organization
method (SOM) clustering algorithm [22], which has been
effectively utilized for codebook generation offline text-
independent writer identification.

E. Feature Extraction

Once we get the SIFT keys and their descriptors we go for
extracting the features. In feature extraction the signature of
the descriptors are calculated and histograms are displayed in
the form of graph. SIFT Descriptor Signature (SDS)
Extraction and Scale and Orientation Histogram (SOH)
Extraction are used to extract the features.

F. Feature matching and fusion
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Give two handwriting images as input, signify their SIFT
descriptors signature and Taking two input images we
compare the SDS and SOH of the handwriting images .

IV. EXPERIMENT AND RESULT

Using scale invariant feature transform (SIFT), the accuracy,
recall, precision and time is calculated. Here six writer’s
samples are used and each writer consists of seven different
samples.

Accuracy is used to calculate the overall correctness of the
model and it is calculated as the ratio of the sum of correct
classifications, as determined using the following equation.

TP = True Positive
TN = True Negative
FP = False Positive
FN =False Negative

These are the notations, which are used to calculate the
Accuracy, Precision and recall.

(TP+TN) / (TP+TN+FP+FN)

The precision is the portion of the positive cases that were
predicted correctly, and equation is

Precision = TP / (TP+FP)

Accuracy =

The recall is the proportion of the correctly identified positive
cases, and it is calculated using the equation.

Recall = TP/ (TP+FN)

The table 1 shows the accuracy, recall, and precision and
feature extraction time of six persons using seven samples of
each person handwriting images. Comparing the values of
SIFT and GLCM methods for most of the persons handwriting
identified accurately by SIFT.

Table-1 Performance of the SIFT feature extraction

Writer [ Accuracy (%) Recall Precision Time(sec)
SIFT GLC SIF GLC SIF GLC SIFT | GLC
M T M T M M
1 100 | 0.8571 1 1 1 08333 | 16.11 | 25.11
2 83.33 [ 0.7142 | 083 0.8 1 0.8 1310 | 23.73
3 100 85.71 1 0.8571 1 1 15.66 | 25.01
4 100 | 85.71 1 1 1 [ 08333 | 1807 | 29.46
5 100 100 1 1 1 1 16.11 | 27.54
6 100 100 1 1 1 1 16.95 | 27.61

V. CONCLUSION

This paper proposes a method for automatic offline text-
independent writer identification based on SIFT. The SIFT
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method is a one of the structural based approach, in which key
points are detected and description of are computed. Here SDS
and SOH are extracted from the given handwriting images.
Compare to the texture based approach like GLCM. The SIFT
feature extraction method gives the better result. It is a word-
level feature extraction of handwriting identification and also
it is more suitable for identifying individual writers.
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