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Abstract

A number of researchers have been attracted to the idea of utilizing handwriting

of an individual as a behavioural biometric. Thanks to technological advances, it

is possible now to obtain handwriting information of an individual through hand

held devices such as tablets. These comprise an electronic pen/stylus, the tip of

which helps in capturing the dynamic information present in the handwritten trace.

Systems that make use of such textual content for identification of an individual are

termed ‘online’. In particular, the input is a set of strokes, each of which consists

of a sequence of points. The present thesis focusses on proposing novel descriptors

for a text-independent online writer identification system.

In the first part of the thesis, we represent the spatio temporal trace from a docu-

ment with descriptors derived from a codebook. To begin with, we adapt the Vector

of Locally Aggregated Descriptor (VLAD) approach, popular in the field of image

retrieval, for online writer identification. We demonstrate that the formulation of

VLAD, at times, presents an issue of reduced discrimination between writers. As

an alleviation to this drawback, we propose an improved descriptor, that relies on

scores of each of the attributes in a feature vector with regards of the proximity to

their corresponding values in the assigned codevector. Our approach is formulated

in such a way that for a codebook consisting of M codevectors, we concatenate the

descriptors from M − 1 codevectors to obtain the document descriptor.

The codebook used for formulating the codebook descriptors in our first pro-

posal is generated by applying the k-means algorithm. This however comes with a

limitation that each feature vector gets assigned to only one prototype. In order to

address this, we consider proposing the descriptors with respect to an over-complete
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dictionary obtained via a sparse representation framework. Such a strategy ensures

that the feature vectors are expressed as a linear combination of atoms that serve as

prototypes. Moreover, traditional sparse representation based classification schemes

in writer identification consider the pooling of the sparse coefficients by using ei-

ther of the maximum or average operation. Hence, in the subsequent two parts of

the thesis, we derive descriptors that aim to capture additional information from

the sparse coefficients, that in a way, surpass the performance of the max /average

pooled strategies.

In the second part of the thesis, we propose descriptors constructed from a set

of dictionary atoms obtained in a sparse representation framework to characterize

the segmented sub-strokes of the handwritten trace. These descriptors attempt to

capture the similarity of the attributes of each feature vector with the correspond-

ing value in the subset of dictionary atoms which possess a non-zero sparse coding

coefficient.

In the third part of the thesis, we propose descriptors that modify the max /aver-

age pooled strategies by incorporating prior knowledge that is learnt from the set of

dictionary atoms. More specifically, we associate each of the dictionary atoms with

a ‘saliency’ value, that quantify the degree of its importance with regards to the

dynamic characteristics of the enrolled writers. For the computation of the same,

we describe two methods that are primarily based on analysis of histograms. Added

to these contributions, we also propose an identification framework that makes use

of saliency values that are adapted to each writer enrolled in the system.

The efficacy of all proposed descriptors of the thesis are demonstrated on the

IAM and IBM-UB1 databases. The results obtained are found to be promising

when compared to prior works.
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1. Introduction

1.1 Introduction

In the recent decade, the concerns of security have led to the necessity of employing tech-

nology to identify a person. Person identification through the medium of biometric systems

refers to the recognition of individuals by their unique characteristics or traits [2]. A physical

or behavioural trait that exhibits the properties of universality, distinctiveness, permanence,

acceptability and accessibility may be regarded as a candidate biometric [3].

A survey of works from literature indicate that the biometric systems, in general, can be

categorized to either physiological or behavioural [4]. In the former, direct measurements of a

part of the human body are used for identification. Examples of such systems include those of

fingerprint [5], face [6], iris [7] and hand-scan [8], to mention a few. A behavioural biometric,

on the other hand, relies on features that are obtained from data captured from an action made

by a user. Some of the systems that belong to this category are those of signature [9], keystroke

dynamics [10] and gait [11].

Without loss of generality, the pipeline of steps followed in the design of a biometric system

bears semblance to that of a pattern classification framework. To begin with, we require data to

be captured from an individual for establishing his / her identity. This is followed by utilizing

an appropriate technique to derive discriminative or salient features from the captured data.

Subsequent to this, the matching is performed by contrasting the extracted feature sets to those

saved in the database. Based on the outcome of the comparison, a decision is made on the

authenticity / identity of the data.

Further to the above, it is worth emphasizing that a biometric system can be operated

in either of the two modes, namely identification or verification.

Verification mode: In this framework, the biometric system verifies the claim of an individual

by comparing his / her captured data to their corresponding templates pre-learnt and

saved in the database. Such systems are typically regarded as a one class problem, where

the positive samples correspond to data enrolled from the user in question. The decision

at the output is to either accept or reject the claim.
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1.2 Overview of writer identification systems

Identification mode: In this set-up, the system assigns the identity to the data by matching

it against templates of all users stored in the database. This entails a one to many

comparison to be made, which is typically accomplished by classifiers in a multi-category

setting.

The crux of the present dissertation is in the exploration of strategies for establishing the

identity of the user with his / her handwriting.

1.2 Overview of writer identification systems

As a behavioural biometric, the goal of writer identification is to determine the authorship

of a handwritten document by contrasting it against a set of enrolled samples with known au-

thorship stored in a database. This area of research falls under the broader field of automatic

handwriting recognition. However, there does exist a fine distinction between the two domains.

The main focus of handwriting recognition is to rely on invariant representations of the hand-

written content, typically achieved by reducing the extent of inter-writer variations. Contrast

to this, works on writer identification exploit the writer-specific variations for discriminating

the characteristics between the writers [12,13].

Some of the potential areas of application of writer identification include those of forensics,

security to intelligent, adaptive systems and digital libraries [13]. The techniques using sta-

tistical models provide a scientific insight for forensic document analysis [14]. In the context

of digital libraries, writer identification based systems are useful for indexing and retrieving

historical handwritten documents. Another interesting application worth mentioning is that

of intelligent environments such as smart meeting rooms, where such systems may be used to

annotate the handwritten notes with the writers identity [15,16]. This information in turn can

aid in cross-validating the results obtained from other modalities such as video and/or audio.

Added to this, writer identification systems also find utility in automatically generating tags

and meta-data in the pipeline of indexing, searching and retrieval.

On the basis of data acquisition, writer identification systems can be classified into either

offline and online.
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Offline: In offline writer identification, the handwritten patterns are captured on paper, scanned

using scanners and subsequently saved in form of digital images [17], [18], [19], [20], [21].

The scanned images provide a passive form of handwritten information that primarily

gives the spatial information in the form of image pixels. Accordingly, such systems make

use of techniques from the area of image processing for subsequent analysis.

Research works in the literature of offline writer identification suggest that they be-

long to one of the two approaches, namely textural based and allograph based methods.

In the former group, global description from the handwritten image data are utilized

for writer identification such as computation of ink width [22] and attributes like Local

Binary Pattern [19], Co-occurrence features [23] and Edge structure code [24] to name

a few. Conversely, the allograph based techniques consider the feature description com-

puted from the letter parts (allographs). While establishing the authorship of a test

document, these entail the use of a dictionary / vocabulary that are pre-learnt during the

time of training [21,25,26].

Online: The recent trend in technology has enabled the manufacture of hand-held devices

that provide a pen based input interface to capture the handwritten data [27]. These

primarily make use of an electronic stylus pen to record the data on a pressure-sensitive

screen. The pen keeps track of the trajectory information of the handwriting, such as

the (x, y) spatial location and time stamp. In the literature of handwriting analysis, the

processing of such data is referred to as ‘online’. Without loss of generality, the input to

such a system is a handwritten document consisting of a sequence of strokes, which in

turn contains a sequence of points.

Over the recent years there has been a steady increase in the use of such hand-held devices (Refer

Fig. 1.1) which in turn has inspired researchers to evaluate the utility of online handwriting data

as a biometric. Added to this, a vast majority of works in the literature of writer identification

pertain to an offline setting. Said in another way, there has been limited explorations being

made in the domain of online writer identification. This provides us the motivation to pursue
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1.3 Previous works on online writer identification

Figure 1.1: Tablet ownership (in %) among US adults 2010-15. Adopted from [1]

research directions in this field.

Another categorization of writer identification system is with respect to the textual content

- namely text dependent and text independent approaches [28]. In the former, a specific piece of

text is used for the generation of handwriting samples of a writer and the identification process

usually involves the use of a recognizer. Though the use of the knowledge pertaining to the

content of the data increases the accuracy of text dependent systems, they fail in scenarios where

text documents comprising different contents need to be contrasted. For such applications, text

independent writer identification systems become more applicable as they capture the style

information of handwriting. Such systems are designed to identify the writer irrespective of the

textual content.

1.3 Previous works on online writer identification

Over the last decade, there has been considerable research in the area of text-independent

online writer identification under the category of allograph-based approaches 1. One of the

prominent works is that of the Gaussian Mixture Model-Universal Background Model (GMM-

UBM), developed in the context of research on smart room meeting room systems [16, 29–31].

1It may be noted here that textural based methods rely on the bitmap image and hence are not applicable
to online writer identification systems.
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The idea is to first construct the UBM from the training data corresponding to a set of enrolled

writers with the Expectation Maximization algorithm. Thereafter, the adaptation step is con-

sidered wherein individual GMMs are obtained for each writer by using only his / her training

data. During the testing phase, the document is assigned to the writer, whose corresponding

GMM provides the highest log-likelihood score. It is worth emphasizing that the GMM-UBM

approach for online writer identification has been inspired, primarily owing to its success in the

area of speaker recognition [32].

The development of online writer identification systems have also been motivated from the

domain of information retrieval [33, 34]. In these works, an industrial handwriting recognition

system is used to perform an automatic segmentation of an online handwritten document at the

character level. Different prototypes of the same character are generated by applying the tra-

ditional k-means clustering on feature vectors extracted from the online trace of the segments.

Following this, a fuzzy c-means approach is employed to estimate their statistical distributions

on an alphabet basis. With respect to generating the distribution, the concept of term fre-

quencies (tf) and inverse document frequencies (idf) from the field of information retrieval [35]

is proposed. Finally, the writer identity is established by comparing the distribution of tf-idf

vector of the test document with those of the reference documents with the minimum distance

classifier.

The preliminary exploration leading to the proposal discussed above can be found in [36,37].

In the first work, the authors represent the distribution of character prototypes using the tf

vector alone for writer identification. Said in another way, the idf vector was not incorporated

in this system. On a similar note, the fuzzy c-means algorithm was not investigated in the

paper [37]. This, in turn resulted in assigning each segmented character to only one particular

prototype, while building the distribution of handwriting styles.

Further to the work [34], the same authors in a subsequent publication [38] demonstrate

that the alphabet knowledge inherent in character prototypes can provide additional writer

cues with regards to their styles of writing and their identities. More specifically, an alphabet

information coefficient is proposed during the scoring of the handwritten document, that in

6

TH-2012_146102009



1.3 Previous works on online writer identification

turn results in improving the performance of the identification system.

Moving to other explorations, the authors in [39] propose an approach based on dynamic

features related to the movements during writing. The extracted feature vectors pertain to the

writing pressure, velocity and pen inclination obtained from the trace of twelve primary strokes

pre-identified for the Chinese script. Each type of stroke segment is modelled by four Gaussian

models - with the resulting mean and variance of each of them employed as templates during

identification.

As an improvement to the above proposal, the description of the stroke types are represented

in [40] by a set of histograms / probability distribution functions. The four dynamic attributes

being considered for histogram generation are pressure, azimuth, velocity and altitude respec-

tively. In addition, the authors propose a weighted sum rule for combining the matching scores

obtained from each attribute. However, a potential drawback of both the works [39,40] is that

the stroke types being selected may not generalize well to non-Chinese scripts.

A hierarchical two-stage approach based on shape primitives is employed in [41] for online

writer identification of Chinese and English texts. In the first stage, the statistics of the orienta-

tion and the pressure information in a shape primitive (captured as a probability distribution)

are employed to reduce the list of probable writers. In the second stage, the curvature of the

shape primitive of the selected writers is quantized to a fixed number of bins. Thereafter, the

mean and variance of four dynamic features (pressure, azimuth, altitude and velocity) in each

bin is employed for identification.

The utility of employing temporal sequence and shape codes to encode online handwriting

has been studied in [42]. Two temporal sequence codes, namely the stroke temporal sequence

code and neighbour temporal sequence code are employed to characterize the trajectory with

regards to speed and pressure respectively. The shape codes, on the other hand, serve to pro-

vide information about the direction of the trace. This method of encoding, in particular, was

found to be effective for cross-language (English and Chinese) writer identification. The idea

behind using sequence codes has been inspired primarily from the descriptor - Local Binary

Pattern used in image processing [43].
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In the work [44], the authors employ an unsupervised learning scheme called subtractive

clustering. This algorithm locates the high density regions in the feature space to capture the

frequent writing styles / prototypes of the author. Different to the k-means and fuzzy c-means,

it does not rely on the initial choice of seed points. The discovered prototypes are subsequently

employed to score the authorship of an unknown handwritten text.

In the work [45], the idea of multi-fractals are used to model the segmented graphemes /

sub-strokes. Subsequent to it, the authors utilize a weighting based on tf-idf framework. The

scoring of the tf and idf term is based on a frequentist approach, that in a way, characterises

the number of segmented grapheme patterns assigned to a given codevector in a codebook. In

addition, based on the grouping of the graphemes for Persian / Arabic script, separate code-

books are constructed for each of them.

A framework that follows a global approach based on utilizing the words as primitives is

investigated in [46]. Different sets of statistic and dynamic features are extracted from the

stroke, the space between strokes and the whole word. In the decision phase, the scores from

the Dynamic Time Warping algorithm and Support Vector Machine (SVM) classifier are used.

Furthermore, the influence of the number of writers as well as the number of words per writer

on the performance of the system is also studied.

An identification system using the Bayesian methodology is proposed in [28], wherein the

authors first identify the consistent primitives of the handwriting by using the clustering tech-

nique of k-means. Thereafter, the between-writer variations within consistent primitives are

exploited to determine the authorship of the handwritten text. This is accomplished by employ-

ing classifiers for each of the consistent primitives (clusters) and then combining the obtained

results to retrieve the most likely writer. The classifiers are designed using the labelled training

samples of writers that falls in each of the clusters. Through experiments in this work, the

authors demonstrate the utility of their approach across five different scripts.

A set of static and dynamic features adapted for embedded writer identification systems

with restricted memory and processing power is proposed in [47]. This set is reduced to a subset

by employing a feature selection approach. The resulting optimal number of features is then
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passed through a minimum distance classifier, Bayes classifier and their serial combination. The

same authors in a subsequent work [48] realize a method for dynamic writer identification by

exploiting the relation between static and dynamic information in a handwritten text. Here, the

correlation between the length and the direction of the handwritten segments between sample

points are used, together with pressure, altitude and azimuth.

A point distribution model is proposed for obtaining features (using projection) to discrim-

inate between the writers [49]. The objective of such a model is to learn the eigen-structure for

individual writers that, in a way captures their unique writing styles. During the identification

step, the sum of strengths of major eigen-modes (resulting from the projection) is employed as

a similarity metric.

The authors in [50–52] explore the utility of Beta-elliptic model for online writer identifica-

tion. This model provides a description that takes into consideration, the aspects of velocity

and trace of the handwriting trajectory. The efficacy of the obtained features are tested on

online Arabic words. On a similar note, in the system proposed in [53, 54], a multi-fractal

representation obtained from offline images of handwritten words is used in conjunction with

the online trace.

In the works [13,55], the authors assume that the writing styles of users are a shared com-

ponent of an individual’s handwriting. Keeping this view, a theoretical framework for the same

is proposed by utilizing the idea of Latent Dirichlet Allocation (LDA), popular in the area of

topic models. In a sense, each writer’s data is modelled as a distribution over finite styles that

are shared between the different writers. In a following exploration [56, 57], the same authors

extend the LDA to bring out a novel perspective for writer identification by introducing the

concept of accents. These refer to the distinctive writing characteristics unique to a group of

people, who share a common native script. With regards to the proposed methodology, the ac-

cent of the writer is predicted first. Thereafter, based on the selected accent, the authorship of

the handwritten document is determined. This approach reduces the complexity of the writer

identification task post accent-prediction step.

An empirical study on the the amount of data required to build the underlying models in the
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design of a writer identification system is presented in [58]. Here, the authors systematically ex-

amine data sufficiency bounds for the approaches of feature space models and writer-style space

models respectively. Based on extensive experimentation, they provide evidence to demonstrate

that the writer-style space model gives higher identification performance with lesser data costs,

as compared to those of feature space models.

Of late, deep learning based approaches have recently captured the interest of the online

writer identification research community. These methods learn the feature representation from

the handwritten data, thus alleviating the need of hand-crafted features. A Convolutional Neu-

ral Network based approach was presented in [59,60] where the authors employ a drop segment

method (influenced from the drop-out training strategy of [61]) to improve the generalization

capability. Further to this, for sufficient feature representation, a path signature feature map

is constructed from the pen-position information along the online trace of the handwriting.

Further to the above works, a Recurrent Neural Network model with bi-directional Long

Short Term Memory based approach has also been proposed in the work [62]. In this research,

the authors represent the handwritten data of a given writer by a set of Random Hybrid Strokes

(RHSs). Each RHS corresponds to a randomly sampled short sequence comprising the pen tip

movements. These are then converted to a fixed-length vector for final classification by the

deep-learning framework. The posterior probabilities computed across the set of RHSs are fi-

nally averaged to establish the identity of the writer.

For sake of convenience, we also summarize in Table 1.1, the aforementioned explorations

in the literature of online writer identification.

1.4 Contributions of the thesis

In this thesis, we propose a number of novel writer descriptors for text independent online

writer identification systems. Different to previous explorations, our focus is in utilizing addi-

tional information from a pre-learnt codebook or sparse dictionary, that can provide cues in

deriving these descriptors. Our different proposals have been laid out in three main contributing

chapters and we elaborate on them in the following subsections.
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1. Introduction

1.4.1 Chapter 2: Exploration of codebook descriptors

In this part of the thesis, we derive a strategy that encodes the sequence of feature vectors

extracted at sample points of the temporal trace with descriptors obtained from a codebook.

These descriptors aim to capture the relative location of the feature vectors corresponding to the

handwriting samples of a writer with respect to their nearest codevector in the feature space.

The idea of the same comes from the intuition that the relative location of feature vectors of

the same writer are more or less aligned in near-by proximity in the feature space. However,

such a trend may not be prevalent when considering the feature vectors across different writers.

We begin by investigating on the merit of the Vector of Locally Aggregated Descrip-

tor (VLAD) approach, a codebook based descriptor popularly used in the field of image re-

trieval [63], for online writer identification. However, we demonstrate that at times, the for-

mulation of the VLAD is confronted with an issue, that can reduce the discrimination between

writers. This can occur when the point based feature vectors corresponding to the different

writers are not linearly separable in the Voronoi cell of a codevector - thereby affecting the

identification rate. To alleviate this drawback, we propose a set of descriptors with a modified

formulation aimed at improving writer discrimination beyond VLAD.

In our proposal, we first assign each feature vector belonging to a document to a specific

codevector based on distance criterion. The proposed descriptors take into consideration, the

scores of each of the attributes in a feature vector with regards of the proximity to their corre-

sponding value in the assigned codevector. We show in this Chapter that such explicit scoring

can provide useful cues for better discriminating handwritten samples of the different writers

enrolled to the system, when compared to the VLAD. We formulate our strategy in a way that,

for a given codebook size M , we employ the descriptors of only M − 1 codevectors to construct

the final descriptor by concatenation.

The performance of the VLAD and our proposed descriptor are evaluated on two publicly

available online handwriting datasets, namely the IAM and IBM-UB1 databases. The results

obtained demonstrate an improvement in writer identification rate over the system that uses

the conventional VLAD formulation. Moreover, since our devised descriptor has a dimension
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twice that of the VLAD, we consider reducing it to half. Despite this reduction, we report

improved results.

Apart from the above contribution, for constructing the codebook, and subsequently the

descriptor, we derive features by incorporating a gap parameter. This aids in capturing the

information from the sample points in the neighbourhood / vicinity of the point under consid-

eration. An empirical study is also conducted on the variation of the writer identification rates

for different values of the gap parameter.

1.4.2 Chapter 3: Exploration of sparse coding based descriptors

In the first part of the thesis presented in Chapter 2, the codebook used for formulating the

writer descriptor is generated by applying the k-means algorithm. This however comes with a

limitation that each feature vector gets assigned to only one prototype. As an alleviation to

this issue, we consider proposing the descriptors with respect to an over-complete dictionary

obtained via a sparse representation framework. Such a strategy ensures that the feature vec-

tors are expressed as a linear combination of atoms that serve as prototypes. To the best of our

knowledge, the use of sparse coding approaches for online writer identification have not been

addressed till date in the literature.

The traditional pipeline typically followed in works on sparse coding involve pooling the ob-

tained coefficients with either maximum or average operation. Though these methods do work

satisfactorily, we do believe that there can still be room for improvement. In the remaining two

Chapters, we demonstrate that exploring additional information from the sparse coefficients

can provide us with useful cues that can model the dynamic characteristics of the writer. The

incorporation of such information in turn leads to a better performance of the online writer

identification system.

Keeping in line with the above idea, in Chapter 3, we move on to proposing a methodology

to encode the sub-strokes of the online handwritten trace with descriptors derived from the set

of dictionary atoms obtained in a sparse coding framework. The usage of sparse representation

stems from the flexibility it offers over the hard clustering algorithms such as k-means in terms
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of representing the segmented handwritten sub-stroke of a writer as a combination of more than

one prototype / atom. The sub-strokes are segmented from the online trace of the handwritten

data in a pre-processing step.

Our work attempts at capturing the similarity of the attributes of each feature vector of a

sub-stroke to the corresponding value in the subset of dictionary atoms that contribute with a

non-zero sparse coding coefficient. More specifically, we derive descriptors from each of the dic-

tionary atoms, which incorporate the similarity scores of the attributes in a feature vector. The

scores are in a way, indicative of the reconstruction error obtained while employing a particu-

lar dictionary atom alone for reconstruction. The idea of computing similarity scores for each

attribute separately leads to a writer descriptor that captures the dynamic characteristics at a

finer level there by leading to performance improvement in the IAM and IBM-UB1 databases.

In addition to the above contribution, we consider several sets of histogram based attributes

/ features at the sub-stroke level for constructing the dictionary atoms and subsequently the

descriptors. We provide a thorough and comprehensive analysis of the histogram based at-

tributes by addressing the issue of the selection of the bin size to be used and their relation

to the writer identification rate. More specifically, we propose an entropy based strategy for

determining the appropriate bin size to be selected for the generation of these histograms. Con-

sidering that the descriptors of the sparse coding framework are constructed from the resulting

histogram feature sets, the selection of the bin size using our method ensures a good discrimi-

nation between the writers. This also gets reflected in the experimental results, where we show

a dependence between the bin size chosen by the entropy based analysis and the corresponding

writer identification performance.

1.4.3 Chapter 4: Exploration of saliency information in the sparse
framework

In this Chapter, we once again utilize the sparse coding strategy for identifying the author-

ship of online handwritten documents. The contribution is on the idea of exploring additional

information, that is related to quantifying the degree of importance of each of the dictionary
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atoms with regards to the dynamic characteristics of the writers. In this context, we define in

this work, the term “saliency” 2 for an dictionary atom - the value of which is learnt from the

sparse coefficients corresponding to the sub-strokes of the handwritten training data. In this

Chapter, we propose two different approaches at obtaining the saliency values.

(i) In the first approach, we make use of the entropy measure computed over histograms

generated from the sparse coefficients as a measure of saliency.

(ii) The saliency factor in the second approach is computed as a function of the sum pooled

sparse coefficients obtained from the feature vectors corresponding to the enrolled doc-

uments of the writers in the database. Our formulation used bears resemblance to the

inverse document frequency (idf) popular in the field of information retrieval.

The pre-learnt saliency values are incorporated on the traditional schemes of max and average

pooling of sparse codes, thereby resulting in a modified writer descriptor. It has been shown

through experiments on the IAM and IBM-UB1 databases that the modified writer descriptor

obtains improved performance when compared to the traditional max or average pooled writer

descriptor.

Further to the above, we also consider incorporating writer-specific adaptation of saliency

values, that quantifies how important a dictionary atom is for a given writer. We employ the

reconstruction error on the sub-stroke based feature vectors to derive a similarity score for each

dictionary atom with regards to a writer using only his / her handwriting. The obtained scores

across all the dictionary atoms are subsequently fused with their respective saliency values

to generate adapted values for the purpose of identification. In particular, we formulate an

ensemble of SVMs, wherein the descriptor to the SVM trained for a writer is based on the

saliency values adapted for that writer. The final decision on the authorship is proposed as the

maximum of the prediction score obtained from the SVMs.

2In this thesis on online writer identification, this term is not to be interpreted to that used by researchers
of the image processing and computer vision community.
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1.5 Conclusion

In this Chapter, we first provided an overview of biometric systems. Thereafter, we moved

on to a detailed discussion of online writer identification together with an elaborate survey

of prior works in the literature. The contributions of each of the working Chapters was also

highlighted, thus setting the roadmap to the present thesis.
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2. Exploration of codebook based descriptors

2.1 Introduction

It may be recalled from Section 1.3 that the research ideas being proposed in the literature

of online writer identification have been motivated largely from areas of speaker identifica-

tion [29,46] and information retrieval [13,33,34,55]. A contemporary area of research in image

processing is the problem of object retrieval. Techniques proposed in the recent years have

considered the use of descriptors obtained from a codebook - with the Vector of Locally Aggre-

gated Descriptor (VLAD) 1 being considered as a popular technique [63, 64]. Being an image

based approach, the codebook comprises a set of code vectors with the corresponding Voronoi

cells computed from a clustering algorithm on a set of interest point feature vectors such as

Scale Invariant Feature Transform (SIFT) [65]. In this Chapter, we attempt at adapting the

framework of codebook descriptors for online writer identification.

In the context of the present work, a codebook comprises a set of codevectors that repre-

sent the frequently occurring writing patterns among writers in an average sense [28, 34, 41].

We begin by investigating on the merit of the VLAD approach for online writer identification.

Specifically, we replace the SIFT feature vectors with the set of point based feature vectors along

the online trace of the handwritten data. However, we demonstrate that at times, the formu-

lation of the VLAD is confronted with an issue, that can reduce the discrimination between

writers. This can occur when the point based feature vectors corresponding to the different

writers are not linearly separable in the Voronoi cell of a codevector - thereby affecting the

identification rate. To alleviate this drawback, we propose a set of descriptors with a modified

formulation aimed at improving writer discrimination beyond VLAD.

Without loss of generality, the codebook descriptors (including the VLAD and our modified

proposal) are aimed to capture the relative location of the feature vectors corresponding to the

handwriting samples of a writer with respect to their nearest codevector in the feature space.

The idea of the same comes from the intuition that the relative location of feature vectors of

the same writer are more or less aligned in near-by proximity in the feature space. However,

such a trend may not be prevalent when considering the feature vectors across different writers.

1Further details regarding this method will be outlined in subsection 2.4.1.
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As a reiteration to the preceding discussion, we propose in this Chapter, a modified strategy

of encoding the sequence of feature vectors along the online trace of a document with descrip-

tors from a codebook. Based on a distance criterion, each feature vector of the document is

assigned to a specific codevector in the codebook. As we shall see in Section 2.4.2, the proposed

descriptors take into consideration, the scores of each of the attributes 2 in a feature vector

with regards of the proximity to their corresponding value in the assigned codevector. We

show that such explicit scoring can provide useful cues for better discriminating handwritten

samples of the different writers enrolled to the system, when compared to the Vector of Locally

Aggregated Descriptor (VLAD).

Apart from the above contribution, for constructing the codebook, and subsequently the

descriptor, we derive features / attributes by incorporating a gap parameter. This aids in cap-

turing the information from the sample points in the neighborhood / vicinity of the point under

consideration. An empirical study is also conducted on the variation of the writer identification

rates for different values of the gap parameter. We show that the use of the gap parameter

helps in reducing the degree of skew in the histograms of the feature thus enabling better per-

formance of writer identification system.

The performance of the VLAD and our proposed descriptor are evaluated on two publicly

available online handwriting datasets, namely the IAM and IBM-UB1 databases. The results

obtained demonstrate an improvement in writer identification rate over the system that uses

the conventional VLAD formulation. Moreover, since our devised descriptor has a dimension

twice that of the VLAD, we consider reducing it to half. Despite this reduction, we report

improved results.

We conclude the Section by enumerating the main research contributions of this Chapter:

• Proposal of a gap parameter for feature extraction.

• Adaptation of the codebook based VLAD framework to the online writer identification

2We refer to the feature values in a feature vector as ‘attributes’. The attributes computed at each sam-
ple point of the online trace are stacked to form a feature vector. Accordingly, elsewhere in the work, we
interchangeably use ‘features’ or ‘attributes’.
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scenario.

• Demonstration of a potential drawback with the VLAD framework.

• Proposal of a novel descriptor that alleviates the drawback of the VLAD.

• An empirical evaluation of the effectiveness of our proposal with several recent variants

of VLAD.

• Exploration of a reduced dimension variant of the descriptor and demonstration of its

performance in writer identification.

2.1.1 A block schematic of our proposal

Figure 2.1 presents a block diagram of the proposed writer identification system. The

temporal (x, y) sequence from a test document of unknown authorship is first passed through

pre-processing module. Thereafter, by incorporating a gap parameter, a set of attributes /

features are constructed at each sample point of the online trace in the feature extractor module.

The pre-learnt codebook is obtained by applying the k-means algorithm on feature vectors

pooled from several samples of handwritten documents of writers enrolled to the system. By

employing the codevectors, we compute the proposed descriptor that encapsulates the writer

specific characteristic of the handwritten test document. Finally, a SVM classifier is used to

retrieve the identity of the writer. The SVM has been trained using the descriptor corresponding

to the enrolled handwritten documents of the writers present in the database.

The rest of the Chapter is organized as follows: We discuss the details of the preprocessing

and the feature extraction modules in Section 2.2 and 2.3 respectively. The application of

codebook descriptors is discussed in 2.4. To start with, the adaptation of the VLAD for writer

representation is elaborated at length in sub-section 2.4.1 with its limitation. In order to resolve

the issue, we propose a modified codebook descriptor in sub-section 2.4.2. A brief overview of

the SVM classifier, that will be used for the experiments in this thesis is presented in Section

2.5. With regards to the results on the different experiments, we outline them systematically in
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Figure 2.1: Block diagram of the proposed text independent writer identification methodology, that
employs the descriptors from a codebook. The test data refer to paragraphs or text lines written by
the enrolled writers.

Section 2.7, subsequent to discussing the databases with their respective training and testing

protocols in Section 2.6.

2.2 Preprocessing

The preprocessing steps employed in this study are as follows.

• Isolated point removal: In order to eliminate such points, we consider a neighbourhood

Np around a sample point (say p) in the same stroke. Thereafter, we compute the

Euclidean distances 3 between p and all the other points in Np. If all the distances

are greater than a threshold, then it is regarded as an isolated point and subsequently

eliminated from the online handwritten trace. The threshold is computed empirically for

each document by considering the mean m and standard deviation σ of the Euclidean

distances calculated between consecutive sample points of a stroke. In our work, the value

of threshold is set to (m+ 3σ).

• Same time stamp removal: Due to possible timing issues in data capture, there could

be points with different x and y coordinates but with the same time stamp. As a result

3In lieu of Euclidean distance, City Block or Mahalanobis distance can also be used.
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of this, features dependent on the time stamp difference like speed could turn out to be

infinite. To avoid such values, we consider the x and y coordinates amongst the set of

points having same time stamp and average their values.

• Stroke merge: While analysing the online data, at times, we encountered that a hand-

written trace (which can be represented as a single stroke) is broken down to more than

one stroke. In such cases, we consider the time difference between the last point of a

stroke and the first point of the succeeding stroke. If the obtained value lies within a

threshold, the corresponding strokes are merged into a single stroke.

2.3 Feature Extraction

In this work, we consider a set of attributes / features, that are proposed at each sample

point of the online trace of the handwritten input. As we shall see in this section, a subset of

them are computed between a pair of points (pi,pi+r) in a stroke, where pi = (xi, yi) , r > 0.

Said in another way, these features are derived by incorporating the information of sample

points whose indices are spaced by a gap r. Accordingly, in this work, we hereinafter refer to

this value as a ‘gap parameter’. The use of r = 1 implies that we use consecutive sample points

for deriving the attributes - the values of which at times may be influenced by the unintentional

trembling of hand / jitter during the writing process [66]. Therefore we consider a higher value

of r for feature extraction. The choice for the higher value of r is justified in Section 2.7.2

by an empirical study that demonstrates its influence on the performance of the identification

system.

In addition to the above, we also consider the parameter r to capture the information in

the neighborhood around the sample point pi by deriving vicinity based features. Accordingly,

based on the preceding notion, we enumerate the proposed attributes / features below:

• Speed: computed at the sample point pi as:

vi =
∆(pi,pi+r)

ti+r − ti
(2.1)
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Here ∆(pi,pi+r) is the Euclidean distance between the sample points (xi, yi) and (xi+r, yi+r)

that are spaced with a gap r. The denominator ti+r − ti is the difference between their

corresponding time stamps.

• Writing Direction: The writing direction at pi is defined by two features, that denote

the the cosine and sine of the angle θi made by the line segment joining pi and pi+r with

the horizontal axis.

cos(θi) =
xi+r − xi

∆(pi,pi+r)

sin(θi) =
yi+r − yi

∆(pi,pi+r)

(2.2)

• Curvature: These two features / attributes relate to the cosine and the sine of the angle

φi, computed using the vectors pi+r − pi and pi − pi−r respectively.

• Vicinity aspect : is the height to width ratio of the bounding box encompassing the

2r + 1 sample points {pi−r, ...,pi, ...,pi+r} in the vicinity of pi.

• Vicinity Curliness: is defined as the ratio of the length of the trajectory to the maximum

amongst the width and height of the bounding box in the vicinity of pi.

Each of the above features is normalized to zero mean and unit variance. Accordingly, we rep-

resent the set of NT normalized feature vectors for a document by {f1, f2, · · · , fNT
} = {fj}NT

j=1.

Here fj is the D dimensional feature vector whose attributes / features can be written as :

fj = [fj(1), · · · , fj(d), · · · , fj(D)]. It may be noted that the value of D is seven in our work.

2.4 Codebook description

Subsequent to the feature normalization, we generate a codebook comprising M codevectors.

For this, we concatenate the D dimensional normalized feature vector sequences corresponding

to the documents of randomly picked subset of writers. The k-means algorithm 4 is then applied

on this sequence resulting in the codevectors {µi}Mi=1 with µi =

[
µi(1) µi(2) · · ·µi(D)

]T
.

4In our implementation, we set the value of k to the size of the codebook M .
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We begin by outlining the formulation of the VLAD with its limitation - thereafter moti-

vating our proposed descriptor in subsection 2.4.2.

2.4.1 VLAD

Given a codebook {µi}Mi=1, each normalized feature vector fj is assigned to the nearest

codevector based on the minimum Euclidean distance criterion. Let the subset of normalized

feature vectors in {fj}NT
j=1 assigned to codevector µi be denoted as {fij}ni

j=1 where ni < NT and
M∑
i=1

ni = NT .

The idea of the VLAD is to aggregate the residuals / distortions (as defined in Equation

2.3) for each codevector with regards to all the feature vectors assigned to it [63]. Accordingly,

the descriptor Si for the codevector µi is:

Si =

ni∑
j=1

(fij − µi) 1 ≤ i ≤M (2.3)

The vectors {Si}Mi=1 are concatenated to give rise to the final descriptor S of dimension D×M ,

which is subsequently L2 normalized.

In the VLAD formulation, each of the components fij(d)−µi(d), 1 ≤ d ≤ D in the residual

vector fij−µi contribute equally to the aggregation process - with both high and low distortions

being given equal preference (refer Equation 2.3). This may be regarded as a limitation that

can affect the accuracy for the writer identification problem.

As a demonstration to the above drawback, we consider a toy-example schematic of a

Voronoi cell in Figure 2.2. This cell is shown to comprise two dimensional feature vectors

of four writers (denoted by different symbols). Clearly, the feature vectors corresponding to

writers 3 and 4 are linearly separable while those from writers 1 and 2 are not. The normalized

sum of residuals of feature vectors (from the VLAD framework) of writers 1 and 2 are depicted

by the blue and brown arrows 5. It is apparent that owing to their similar spatial orientation,

the separability between these writers is reduced. However, it can be noted that some of the

5For the present discussion, owing to the non-linear separable nature of writers 1 and 2, we focus on improving
their discrimination with regards to the identification problem.
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Figure 2.2: An illustrative toy-example for demonstrating the drawback of the VLAD. For more
details, kindly refer to the textual content in subsection 2.4.1.
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feature vectors of writer 1 (highlighted by the area in the black ellipse) are located closer to the

representative two dimensional codevector of the cell (denoted by a violet circle) as compared

to those of writer 2 . Hence it is worth assigning a higher score to such vectors - in a way so as

to increase the discrimination of these two writers. This is the crux of our proposal discussed

in the following subsection.

The VLAD framework aggregates the signed difference by considering how the feature vec-

tors are located spatially relative to their assigned codevector. This idea is extended further in

our proposal as follows: we separately score each of the distortion components by taking into

perspective whether they are positive or negative.

2.4.2 Proposed Descriptor

Given a document comprising NT points, we assign each of the feature vectors to their

nearest codevector. Let {fij}ni
j=1 denote the feature vectors contained in the Voronoi region of

codevector µi. By definition, ni represents the number of feature vectors and satisfies ni < NT

and
M∑
i=1

ni = NT .

We define two scores S+
ij (d) and S−ij (d) for the dth attribute of the jth feature vector assigned

to the codevector µi.

S+
ij (d) =


1

1+|fij(d)−µi(d)| fij(d) ≥ µi(d)

0 otherwise

S−ij (d) =


−1

1+|fij(d)−µi(d)| fij(d) < µi(d)

0 otherwise

(2.4)

1 ≤ i ≤M , 1 ≤ j ≤ ni, 1 ≤ d ≤ D

By notation, µi(d) represents the value of the dth attribute in the codevector µi. The negative

sign in the formulation of S−ij (d) is an implication of the value of fij(d) being less than µi(d).

Further to this, it may be observed from Equation 2.4, that we are essentially capturing in a

way the proximity of each of the attributes in a feature vector to their corresponding values in

the assigned codevector. In particular, the term |fij(d) − µi(d)| denotes the absolute value of
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the residual / distortion value between fij(d) and µi(d) 6. Note that, the more proximal the

feature attribute fij(d) is to µi(d), the higher is the absolute value of the score S−ij (d) or S+
ij (d).

With regards to obtaining the descriptor of the codevector µi, the scores obtained for the dth

feature attribute of the feature vectors {fij}ni
j=1 are accumulated and normalized with regards

to the values obtained from the entire document as follows:

S̃+
i (d) =

ni∑
j=1

S+
ij (d)

M∑
k=1

nk∑
j=1

S+
kj(d)

S̃−i (d) =

ni∑
j=1

S−ij (d)

M∑
k=1

nk∑
j=1

S−kj(d)

(2.5)

1 ≤ i ≤M , 1 ≤ d ≤ D

The numerator terms
ni∑
j=1

S+
ij (d) and

ni∑
j=1

S−ij (d) with 1 ≤ d ≤ D represent respectively, the aggre-

gation of scores from the positive and negative distortion values corresponding to a codevector

µi.

In our work, the normalized scores in Equation 2.5 for each of the D feature attributes are

concatenated as the descriptor Si for codevector µi.

Si =

[
S̃+
i (1) S̃−i (1) · · · S̃+

i (d) S̃−i (d) · · · S̃+
i (D) S̃−i (D)

]T
(2.6)

It is interesting to note from Equation 2.5 that the scores S̃+
i (d) and S̃−i (d) for the dth fea-

ture attribute obtained across the M codevectors sum to one. Owing to this constraint, the

document can be represented by concatenating descriptors corresponding to any of the M − 1

codevectors. In our work, we consider the descriptors of the first M − 1 codevectors. Put in

another way, the final descriptor S is the concatenation of {Si}M−1i=1

S =

[
S1 S2 · · · SM−1

]T
(2.7)

6Without loss of generality, the distortion / residual value can be positive or negative, depending on the sign
of the difference fij(d)− µi(d).
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We see that the dimension of S is 2×D× (M −1). On a passing note, in the scenario when

none of the points in the document are assigned to a codevector µi, the 2 × D entries of the

corresponding descriptor Si are set to zero.

For sake of completeness, we provide the intuition behind deriving scores for positive and

negative distortions separately with respect to the feature attributes in our proposal (refer

Equation 2.4). To substantiate our scoring approach, we consider the scenario wherein feature

vectors of two different writers, namely writer 1 and 2 are spatially oriented as shown in Figure

2.3. With regards to this illustration, we consider upon applying the scoring function of the

form of Equation 2.8 to all the attributes - irrespective of their sign of distortion to the assigned

codevector. It is quite straightforward to see that the descriptors for both these two writers

resulting from the scores would be very similar, thereby reducing the discrimination between

them.

Sij(d) =
1

1 + |fij(d)− µi(d)| (2.8)

1 ≤ i ≤M , 1 ≤ j ≤ ni, 1 ≤ d ≤ D

A better separation, however can be obtained when only one of the scoring functions S−ij (d) and

S+
ij (d) are chosen for fij(d), depending on the sign of the distortion fij(d)−µi(d). This ensures

the necessity of the scoring framework of Equations 2.4 and 2.5, that is used in our proposed

descriptor formulation.

2.4.3 Computational Complexity

Based on the preceding discussion on the VLAD and our proposed descriptor, we mention

in this subsection, the computation time complexities of each of them in Table 2.1. We present

our analysis with regards to each step of the two algorithms for a document of a writer. We see

that in contrast to VLAD, our strategy requires a few additional operations. The ‘n/a’ entries

in the Table indicate that the corresponding operation is not relevant.

The calculation of the Euclidean distance of each of the NT feature vectors to the M

codevectors {µi}Mi=1 and their assignment to the closest codevector is common for both the
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Figure 2.3: An illustrative toy example for motivating the need of two scores for each attribute in
our proposal. For more details, kindly refer to the textual content
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Table 2.1: Comparison of the Computation Complexity of the proposed algorithm for a document of
a writer having NT feature vectors with the VLAD. Here n/a stands for “Not Applicable”, indicating
that the corresponding operation is not relevant for the VLAD. For the description of notation, the
reader may refer to the text.

Description
Proposed

Methodology
VLAD

Distance Computation
to each codevector

O(NT ×D ×M) O(NT ×D ×M)

Assignment to
nearest codevector

O(NT ×M) O(NT ×M)

Computation of:

Scores in Eqn 2.4 O(D × max
1≤i≤M

ni) n/a

Scores in Eqn 2.5 O(D × max
1≤i≤M

ni) n/a

Si O(D) O(D × max
1≤i≤M

ni)

S O(M) O(M)

algorithms and possess a complexity of O(NT × D ×M) and O(NT ×M) respectively. The

computation of the S+
ij (d) and S−ij (d) scores in Equation 2.4 across each feature attribute and

codevector for the proposed methodology incurs a time complexity of O(D × max
1≤i≤M

ni). A

similar comment does hold good for the calculation of S̃+
i (d) and S̃−i (d) scores in Equation 2.5.

It may be noted that these calculations are not applicable to the VLAD. Following this, the

computation of the descriptor Si for the codevector µi require a complexity of O(D× max
1≤i≤M

ni)

and O(D) for the VLAD and proposed methodology respectively. Finally, the descriptor S

obtained as a concatenation of {Si}Mi=1 has a complexity O(k).

Lastly, for better clarity, the pseudo-code of our proposed codebook descriptor derived from

the first M − 1 codevectors is shown in Algorithm 1.

2.5 Writer Identification

The codebook descriptors extracted from each enrolled document written by the W writers

are trained using the Support Vector Machine (SVM) [67] for obtaining the model parameters.
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Algorithm 1 Proposed Codebook descriptor generation

• Input:

– Document containing NT points.

– Codebook with a set of M codevectors {µi}Mi=1.

• Output:

– Codebook descriptor S.

• Algorithm:

For a given gap parameter value r, compute the D dimensional feature vector sequence
{fj}NT

j=1.

Assign each feature vector fj to the nearest codevector in the codebook.

% Descriptor Computation:

For every codevector in {µi}M−1i=1

Compute ni - the number of feature vectors assigned to codevector µi.
For every feature vector assigned to µi

Compute S+
ij (d) and S−ij (d) scores across the D attributes.

End For
End For

For every codevector in {µi}M−1i=1

Compute S̃+
i (d) and S̃−i (d) scores across the D attributes.

End For

Stack the S̃+
i (d) and S̃−i (d) scores across the D attributes to get Si.

Concatenate the descriptors {Si}M−1i=1 to obtain the final descriptor S.
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The SVM is a supervised binary classifier, that belongs to the class of maximum margin classi-

fier. Basically, the aim is to obtain the decision surface that maximizes the separation between

the positive and negative classes. In the following, we provide a brief description of the same

in the general pattern recognition setting.

Consider a training data set consisting of pairs (xi, li), 1 ≤ i ≤ NTr, where each input fea-

ture vector xi is labelled as li. The value of li corresponds to one of the binary labels {−1,+1}.

When the feature vectors of the two categories are linearly separable, the SVM minimizes the

cost function defined by:

J(w) =
1

2
wTw (2.9)

subject to the constraints

li(w
Txi + b) ≥ 1 1 ≤ i ≤ NTr (2.10)

Here w is the weight vector and b is the bias term. However, the more general setting is that

the categories to be recognized are not linearly separable. In such cases, the above cost function

is reformulated by introducing slack variables ξi ≥ 0 i = 1, 2, ...NTr. The SVM now finds w to

minimize

J(w) =
1

2
wTw + C

NTr∑
i=1

ξi (2.11)

subject to

li(w
Txi + b) ≥ 1− ξi (2.12)

The constant C is a regularization parameter. With regards to efficient implementation, the

SVM maps the training data to a higher dimensional feature space, via a mapping function.

This is the so-called ‘kernel-trick’ wherein, a kernel function is defined to obtain the optimal

hyperplane without explicitly using the mapping function.

With respect to multi-category classification, many approaches have been proposed in liter-

ature - the most popular being the one vs one and one vs all. In the former, for C1 categories,

a hyperplane is constructed for each pair, thus resulting in C1(C1−1)
2

binary classifiers. During

testing of new data, each classifier gives a vote of one to the winning category. Thereafter, the
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assignment of the category is made with respect to the one with the highest number of accu-

mulated votes. Contrary to this, in the one vs all scheme, a classifier is constructed by treating

all training data belonging to one category as positive and remaining as negative. This in turn

results in C1 two-category SVMs. The test data is assigned to the category that provides the

highest discriminant function.

For the experiments discussed in the thesis, we have employed a one vs all multi-class SVM

approach with the Radial Basis Function (RBF) kernel. The choice of this kernel is attributed

to its encouraging results with our strategy, amongst those available in LIBSVM Toolkit. As

far as the training is concerned, the parameters C and γ of the kernel are selected using grid

search.

2.6 Experimental set-up

In this section, we present an outline of the two databases used, together with their enrol-

ment and evaluation protocols adopted in our experiments.

2.6.1 Database Description

The IAM Online handwriting database consists of samples of 217 writers acquired from a

whiteboard [68]. To acquire a database of handwritten sentences contained in the corpus, the

texts in the corpus are split into fragments of about 50 words each. These fragments were then

copied onto forms on paper and each writer was asked to write down the text contained in

eight forms on the whiteboard. Figure 2.4 shows a sample paragraph of a writer from this

database. The online handwriting data collected contains x -coordinate, y-coordinate and time

stamp information.

The IBM-UB1 handwriting dataset contains online handwriting data from 43 writers, col-

lected on the IBM Crosspad [69]. For each document written by a specific writer, a summary

text - a one to two page essay on a particular topic, and a corresponding ‘query’ text was

generated. The ‘query’ text is a collection of approximately 25 words that attempt to distill

the essence of the summary text. Figure 2.5 shows a snapshot of a sample summary and query
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Figure 2.4: Sample paragraph of a user from the IAM Online Database.

(a) (b)

Figure 2.5: A snapshot of a summary and query text from the IBM-UB1 handwriting database

text. The basic attributes collected comprise the spatial x -coordinate and y-coordinate.

2.6.2 Training and testing protocol

In most experiments reported in this study, the following protocol is used for the IAM

Online Database. Out of the eight paragraphs written by each writer, four are chosen at

random for enrolment and the remaining are used for performance evaluation. In addition,

training paragraphs corresponding to a subset of 50 writers were picked at random for the

codebook generation.

For the IBM-UB1 handwriting data-set, we are using the protocol as suggested in [55] with

80% of the summary document paragraphs selected at random from each writer for enrolment
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and the rest for testing (including the query pages). With regards to the generation of the

codebook in the training phase, a set of four paragraphs from a subset of 15 writers are randomly

chosen.

Two types of training strategies are explored in this work, namely paragraph and text-

line level. For paragraph level training, a codebook descriptor is derived separately for each

paragraph of the online handwritten data where as for the text line level, the paragraphs are

split into individual text lines and thereof, a descriptor is obtained for each text line.

The selection of documents for enrolment, codebook generation, construction of descriptor,

followed by classification referred to as a trial is performed ten times. The average writer

identification rate (obtained over the trials) are reported for each experiment.

2.7 Performance Evaluation

In this section, we demonstrate results of experiments that present the utility of our proposal

in identifying the authorship of online handwritten documents.

2.7.1 Comparison with VLAD for varying codebook size M

In this subsection, we show the trends of the VLAD and our proposed framework with

regards to writer identification rates for varying sizes of codebook M . The average writer

identification rates for the two techniques is depicted in Figures 2.6 (a)-(d) for codebook

sizes ranging from 5 to 100 in steps of five. Note that the blue and red curves denote the

performance of VLAD and our proposal respectively. The sub-figures in the first column (a),

and (c) represent the paragraph level identification rates for the IAM and IBM-UB1 respectively.

Likewise, the text line level performance for these databases are plotted on the remaining sub-

figures of (b), and (d). For simplicity, we abbreviate the average writer identification rate as

IR.

Owing to the fact that the above plots are aimed at demonstrating, in general the trend

with different values of M , we employ the gap parameter r = 1 to derive the features for

obtaining the codebook descriptors. However, at the same time, it is to be mentioned that the

35

TH-2012_146102009



2. Exploration of codebook based descriptors

(a) (b)

(c) (d)

Figure 2.6: Trend of the average writer identification rate obtained for VLAD (shown in blue) and
the proposed codebook descriptor (in red) for varying size of codebook M . The sub-figures (a) and (c)
represent the performance at the paragraph level for the IAM and the IBM-UB1 respectively, while
those of (b) and (d) denote the same at the text-line level. Note that for this experiment, we use the
gap parameter r = 1.
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gap parameter value applied on the feature set does have an influence on improving the writer

identification rates, as will be demonstrated in the following subsection.

The inferences from the different plots of Figure 2.6 across the databases are as follows:

(i) For the varying codebook sizes being considered, our descriptor provides a better per-

formance than VLAD. This is owing to its ability to assign scores based on the residual

/ distortion values, thereby increasing the discrimination of the feature vectors of the

writers.

(ii) Taking into consideration, the trend of the performance of VLAD and the proposed

descriptor, we see that the average identification rate initially increases with codebook

size and becomes comparable at moderate sizes.

(iii) Owing to coarser quantization, small-sized codebooks do not adequately capture the

nuances that discriminate the features of different writers and hence the low average

identification rate.

2.7.2 Influence of the gap parameter

Recall from Section 2.3 that the features used for generating the codebook and the corre-

sponding descriptor for an input handwritten document is dependent on the gap parameter

value r. As a next experiment, we empirically show its influence on the variation of writer

identification rates at both paragraph and text-line respectively by evaluating on the proposal

discussed in Section 2.4.2. Tables 2.2 and 2.3 depicts the result of the same for values of

r ranging from one to six in steps of one for select codebook sizes. The entries in the Table

report the best average identification rates together with the size of the codebook employed to

achieve it.

Clearly, across all the databases, a higher value of r is found to be more apt in providing a

higher identification rate when compared to r = 1. The highest average identification rates with

our proposal (marked in bold) is obtained with r = 3 for the IAM and IBM-UB1. However

with increasing values of r, the performance of the writer identification begins to drop - as can
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Table 2.2: Average writer identification rates (in %) obtained with our codebook descriptor proposal
for different values of the gap parameter r at the paragraph and text line level for the IAM database.
The best average writer identification rate obtained is highlighted in bold

Codebook size M

r 5 15 25 35 45 55 60 65 70 80 90 100

1 86.56 90.61 93.98 95.02 96.15 97.37 97.59 97.36 97.16 96.18 95.66 95.03

2 88.94 93.91 95.22 96.18 97.38 97.95 98.07 97.80 97.56 97.26 97.13 97.01

3 90.62 95.97 97.38 97.82 98.22 98.53 98.82 98.56 98.68 98.58 98.48 98.41

4 89.58 94.48 96.92 97.41 97.96 98.49 98.70 98.51 98.25 98.14 97.95 97.84

5 87.96 93.72 95.94 97.16 97.76 98.05 98.28 98.19 98.11 97.91 97.69 97.46

6 87.41 93.37 95.25 96.80 97.15 97.34 97.68 97.53 97.44 97.27 97.08 96.96

(a) Paragraph level

Codebook size M

r 5 15 25 35 45 55 60 65 70 80 90 100

1 62.31 76.45 78.20 79.61 80.43 81.88 83.23 84.85 85.12 84.47 83.77 83.20

2 65.07 80.21 83.84 85.39 86.60 86.95 87.29 87.89 87.63 87.15 86.62 86.35

3 69.03 81.44 84.32 86.86 87.82 88.97 89.15 89.92 89.69 88.93 88.48 87.96

4 66.56 79.02 82.85 84.60 85.18 87.52 88.22 88.74 89.19 88.25 87.72 87.16

5 60.40 77.62 81.77 83.65 84.50 86.55 87.11 87.99 57.53 86.61 86.08 85.27

6 57.36 73.39 80.74 82.23 83.60 85.50 86.10 86.97 87.03 86.36 85.66 84.92

(b) Text line level
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Table 2.3: Average writer identification rates (in %) obtained with our codebook descriptor proposal
for different values of the gap parameter r at the paragraph and text line level for the IBM-UB1
database. The best average writer identification rate obtained is highlighted in bold

Codebook size M

r 5 15 25 35 45 55 60 65 70 80 90 100

1 63.10 70.19 78.45 83.19 88.84 91.66 92.72 91.50 91.39 90.59 90.25 90.06

2 64.86 72.33 81.78 85.30 90.38 93.56 93.83 94.13 93.74 92.93 92.58 92.16

3 66.30 74.02 83.06 87.43 92.88 95.39 96.10 95.90 95.79 95.63 95.29 94.93

4 65.49 73.63 82.07 86.92 91.63 94.49 95.62 95.47 95.27 94.96 94.87 94.72

5 65.27 73.12 81.97 85.68 90.50 94.29 94.44 94.15 93.85 93.72 93.43 93.12

6 64.40 71.03 80.92 84.44 89.66 93.06 93.41 93.67 93.49 93.18 92.95 92.75

(a) Paragraph-level

Codebook size M

r 5 15 25 35 45 55 60 65 70 80 90 100

1 57.00 72.11 73.66 74.80 75.76 76.62 76.91 77.45 77.13 76.70 76.25 75.39

2 59.55 73.77 75.59 76.57 77.09 77.96 78.66 79.15 79.45 78.92 78.14 77.80

3 61.80 74.99 77.64 78.14 78.88 79.67 80.40 80.95 81.59 81.31 80.94 80.53

4 60.96 74.46 77.22 77.78 78.39 78.76 79.81 80.93 81.32 81.03 80.62 80.26

5 60.41 74.16 76.71 77.20 77.66 78.52 79.44 80.79 80.54 80.32 80.03 79.84

6 58.92 72.94 74.04 75.83 76.37 77.04 77.84 78.19 78.56 78.16 77.61 77.02

(b) Text-line level
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be noted by the entries for r = 6.

A subset of features (speed, writing direction and curvature) in the set of features explained

in Section 2.3 capture the dynamic information of each point in a stroke where as the vicinity

aspect and vicinity curliness features capture the essence of the neighbourhood around the

point of interest. The relatively low identification rates at r = 1 could be attributed to the

vicinity based features not being able to capture enough neighbourhood information to be able

to discriminate between writers. Though the vicinity based features are able to capture the

neighbourhood information effectively at gap parameter values beyond r = 3, features such as

writing direction and curvature tend to lose the dynamic information as they are computed be-

tween points that may be far apart and therefore may not be able to capture the writer-specific

characteristics.

We also analyzed the performance trend of our proposal for different gap parameter values

from the viewpoint of the feature distributions. For sake of demonstration, we considered a

document, each from the IAM and IBM-UB1 database and extracted the velocity and vicinity

curliness features for the gap parameter r = 1 and r = 3 respectively. The extracted features

were then normalized by using the min-max normalization 7. The histograms were constructed

with the number of bins set at 20.

Figure 2.7 and 2.8 show the corresponding plots for the vicinity curliness and velocity

features of the two documents being considered. It can be noticed that at r = 1, majority of

the values are close to zero there by making the distribution skewed. For r = 3, however, we see

that the skewness is reduced. To explain the improved performance of our writer identification

system with r = 3, we refer to the study in [70, 71], where the authors demonstrate that the

performance of the k-means algorithm are affected by features with skewed data distributions.

In the context of our work, at r = 3, the corresponding histograms for both the velocity and

vicinity curliness features across the documents present a lesser degree of skew, as compared to

r = 1. This, in turn ensures that the k-means would do much better in clustering the features

7It is to be noted that the choice of the features and the min-max normalization scheme is used merely for
the sake of depicting the histogram plots.
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(a) (b)

(c) (d)

Figure 2.7: Illustration of the histograms for the velocity and vicinity curliness feature of a document
belonging to the IAM database. The plots are depicted for two values of gap parameter, namely r = 1
and r = 3. The histograms in sub-figures (a) and (b) present the velocity feature, while those of (c)
and (d) show the vicinity curliness feature for the two gap parameters respectively.

for the generation of the codebook, thus leading to descriptors that improve the performance

of the writer identification system. For completeness, in Table 2.4 we tabulate the values of the

skewness obtained with regards to the histograms of Figure 2.7 and 2.8.

Furthermore, for the implementation of the descriptors in Sections 2.7.3, 2.7.4 and 2.7.5

across the databases, we did analyze the influence of the gap parameter values on the writer

identification performance. Without loss of generality, it was empirically observed that the

value of the gap parameter resulting in the best average identification rate was again r = 3 on

both the databases.
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(a) (b)

(c) (d)

Figure 2.8: Illustration of the histograms for the velocity and vicinity curliness feature of a document
belonging to the IBM-UB1 database. The plots are depicted for two values of gap parameter, namely
r = 1 and r = 3. The histograms in sub-figures (a) and (b) present the velocity feature, while those
of (c) and (d) show the vicinity curliness feature for the two gap parameters respectively.
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Table 2.4: Values of the skewness obtained from the histograms of the features in Figures 2.7 and
2.8 at gap parameter r = 1 and r = 3.

Feature
IAM database IBM-UB1 database

r = 1 r = 3 r = 1 r = 3

Velocity 4.82 2.25 3.61 2.14

Vicinity curliness 4.63 1.56 2.83 1.63

2.7.3 Comparison to variants of VLAD

The experiments outlined so far considered the original VLAD framework described in [63]

for writer identification. Nevertheless, there have been variants of this and hence, for sake of

completion, we compare our proposed scheme with them. In Table 2.5, we outline the results

of this empirical study at paragraph and text-line level.

For sake of convenience, we have abbreviated each of the variants as follows:

• VLAD+ L2-Norm [72]: This is the version of the VLAD discussed in Section 2.4.1. It

comprises accumulating the D residual vectors across the M codevectors of the codebook

- thus leading to a D ×M descriptor S, which is then L2 normalized.

• VLAD+ Power-law [63]: Each of the individual aggregated distortion Si(d) in a residual

vector Si are transformed with the function sign(Si(d)) × |Si(d)|α, where 0 ≤ α ≤ 1.

Thereafter, they are accumulated across the M codevectors, followed by a L2 norm. Our

experiments were run for different combinations of (α, k) and thereafter the best average

identification results reported in Table 2.5.

• VLAD+ innorm [64]: This version is similar to VLAD+ L2-Norm scheme, except that L2

norm is performed for each of the descriptors Si.

• VLAD+ SSR [64]: Each of the aggregated distortion Si(d) in Si are transformed with the

function sign(Si(d))×
√
|Si(d)|. Thereafter, they are accumulated across all M codevec-

tors and normalized with L2.
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Table 2.5: Summary of the best average writer identification rate (in %) with different variants of
VLAD and our proposal for the IAM and IBM-UB1 databases. The size of the codebook M employed
in each case is indicated.

Descriptor
Type

IAM database IBM UB1 database

Paragraph level Textline level Paragraph level Textline level

IR M IR M IR M IR M

VLAD+L2-Norm [72] 97.31 55 87.46 60 92.76 65 78.16 60

VLAD+Power law [63] 98.03 50 88.34 55 94.97 60 79.84 65

VLAD +innorm [64] 97.73 50 88.09 55 93.85 60 79.06 65

VLAD+SSR [64] 97.96 55 88.23 60 94.36 55 79.56 70

VLAD+RN [73] 97.72 50 88.04 60 93.71 55 78.90 65

Proposed Descriptor 98.82 60 89.92 70 96.10 60 81.59 70

• VLAD+ RN [73]: This version is similar to VLAD+ L2-Norm, except that L2 normalization

is performed separately for each residual vector fij − µi, prior to accumulation.

With regards to the performances, our proposed descriptor does better across both the databases.

The reason for the improvement is owing to the fact that it deviates from the VLAD variants

by considering the proximity criterion for scoring rather than relying on the residual distortion.

2.7.4 Empirical study with a reduced version of our descriptor

Despite the proposed codebook descriptor outperforming the VLAD (discussed in Section

2.4.1) at both paragraph and text line levels, it comes at the cost of increased feature vector

dimension. Note that for a codebook size M , the dimension of VLAD and our descriptor is

D ×M and 2 × D × (M − 1) respectively. As a circumvention to this issue, we attempt at

judging the writer identification performance by utilizing the codebook descriptor with a lower

dimension as follows:

We consider only the contributions from the S̃+
i (d) scores of each of the D attributes in the

M −1 codevectors {µi}M−1i=1 . Note that, we could have as well considered only the scores S̃−i (d)

for making the D×(M−1) dimensional codebook descriptor. The performance of the resulting
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Table 2.6: Summary of the average writer identification rates (in %) for the best performing codebook
size corresponding to the different descriptors. Note, that for our work, D = 7, as mentioned in Section
2.3.

Descriptor Dimension
Paragraph Level Text line Level

IR M IR M

VLAD D ×M 97.31 55 87.46 60

Proposed 2×D × (M − 1) 98.82 60 89.92 70

Proposed D × (M − 1) 98.47 65 89.10 70

(a) IAM Database

Descriptor Dimension
Paragraph Level Text line Level

IR M IR M

VLAD D ×M 92.76 65 78.16 60

Proposed 2×D × (M − 1) 96.10 60 81.59 70

Proposed D × (M − 1) 95.12 60 80.57 65

(b) IBM-UB1 Database

D × (M − 1) codebook descriptor was then evaluated for varying sizes of codebook. However,

we present only the best average identification rates obtained along with the corresponding

codebook size in Table 2.6 across all the databases for the paragraph and text-line level

respectively.

The reduced dimension variant of our proposal works better than the VLAD. Likewise,

when comparing to the full dimension 2×D× (M − 1) descriptor, we see that it trails behind

in performance by up-to around 1%. Nevertheless, this trend may be acceptable, owing to the

fact that the reduced dimension descriptor does not contain the complete feature description

described in Section 2.4.2 for the handwritten paragraph / text under consideration.

Even though comparable identification rates are reported with large-size codebooks, the

D× (M − 1) reduced dimension descriptor gets outperformed by the one with 2×D× (M − 1)

dimension at smaller sizes. To validate further, we present the performance trend for varying
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Table 2.7: Average paragraph level writer identification rates (in %) on the IAM obtained for varying
codebook sizes with the different descriptors.

Codebook
size M

VLAD
(D ×M dimension)

Proposed descriptor
(2×D × (M − 1) dimension)

Proposed descriptor
(D × (M − 1) dimension)

5 88.96 90.62 84.85

10 92.03 94.12 92.46

15 93.85 95.97 94.31

20 94.93 96.66 95.53

25 95.58 97.38 96.30

30 96.14 97.92 97.04

35 96.96 97.82 97.20

40 97.02 98.11 97.44

45 97.11 98.32 97.70

50 97.19 98.45 97.97

55 97.31 98.63 98.22

60 97.24 98.82 98.38

65 97.18 98.68 98.47

70 97.10 98.56 98.28

number of codebook sizes (less than 20) at the paragraph level (Table 2.7) for the IAM

Database. We see that for the codebook comprising five codevectors, the proposed D× (M−1)

dimension descriptor performs worse than the VLAD. This degradation in performance at small

codebook sizes is largely attributed to the omission of the S̃−i (d) scores during the construction

of the descriptor. A small codebook size implies relatively larger Voronoi cells and the process

of this omission leads to a prodigious loss of information thereby lowering the identification

rate. However, this problem of the reduced D × (M − 1) descriptor is alleviated at higher

codebook sizes (values of M greater than 20) due to the relatively finer Voronoi regions that

help in a better discrimination between writers.

To summarize the preceding discussion, either of the proposed descriptors of dimension

D × (M − 1) or 2 × D × (M − 1) would suffice in providing a comparable performance at

large size codebooks. However for small codebook sizes, the higher dimensional descriptor does

better in discrimination as can be inferred from the entries in Table 2.7.
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We wish to state that though the above discussion was presented for the IAM, we nonetheless

see a similar trend across the IBM-UB1 database - with either of the descriptors as a choice at

higher sizes of codebook.

2.7.5 Performance with a variant of writer descriptor

Recall that the derivation of the writer descriptor in Section 2.4.2 is formulated in a way

that, for a given codebook size M , we employ the descriptors of only M − 1 codevectors to

construct the final description for the online handwritten document. In addition, we also

explored a variant of the descriptor, whereby the descriptors from all the M codevectors are

considered for describing the handwritten document. This formulation is based on considering

only the scores of the attributes of the feature vectors assigned to a particular codevector.

Mathematically speaking, the normalized score of the dth attribute (1 ≤ d ≤ D) for the ith

codevector µi is computed as:

S̃+
i (d) =

ni∑
j=1

S+
ij (d)

ni∑
j=1

S+
ij (d) +

ni∑
j=1

|S−ij (d)|

S̃−i (d) =

ni∑
j=1

|S−ij (d)|

ni∑
j=1

S+
ij (d) +

ni∑
j=1

|S−ij (d)|

(2.13)

1 ≤ d ≤ D, 1 ≤ i ≤M

Subsequent to obtaining the above scores, the descriptor is computed by following steps similar

to those described in Equations 2.6 and 2.7. The final descriptor computed across all the M

codevectors leads to a writer descriptor of dimension is 2×D ×M .

The evaluation of the above descriptor at the paragraph and text line levels for the IAM

and IBM-UB1 databases are presented in Table 2.8 (a) and (b). For sake of brevity, we refer

to it as the ‘2 × D × M -dim’, while the one discussed in Section 2.4.2 is abbreviated to as

‘2 × D × (M − 1)-dim’. The best average writer identification rate along with the codebook

size M is mentioned in the Table.
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Table 2.8: Performance comparison with a variant of the writer descriptor on both the databases.
The numbers being mentioned are the identification rates (in %)

Descriptor
Paragraph Level Text line Level

Type IR M IR M

2×D ×M -dim 97.11 65 87.38 70

2×D × (M − 1)-dim 98.82 60 89.92 70

(a) IAM Database

Descriptor
Paragraph Level Text line Level

Type IR M IR M

2×D ×M -dim 94.33 60 79.11 70

2×D × (M − 1)-dim 96.10 60 81.59 70

(b) IBM-UB1 Database

It can be noted that the ‘2×D× (M −1)-dim’ descriptor fares better than the ‘2×D×M -

dim’ across both the databases. The reason for the higher writer identification rates is owing

to the formulation of the former that considers the scores from the feature vectors of the entire

document. Contrary to it, for the variant ‘2×D ×M -dim’, the contribution of the scores for

the generation of the descriptor of a given codevector is limited to only a subset of features

assigned to it (refer Equation 2.13).

2.7.6 Statistical Significance

In this subsection, we demonstrate that the results of both the proposed descriptor (2×D×

(M − 1) dimension) and its reduced dimension version (D× (M − 1)) is statistically significant

when compared to the VLAD. The statistical check has been performed using the Student’s

t-test for a significance level of 0.05. Table 2.9 outlines the p-values obtained on the databases

- IAM and IBM-UB1 at paragraph and text-line level. A trend of low values for p is empirically

observed across each of the entries in the Table, thereby indicating statistical significance of

our proposals.
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Table 2.9: Statistical significance of the performance of the proposed codebook descriptors over the
VLAD obtained via the Student’s t-test.

Database
Codebook descriptor

dimension
Paragraph Level Text line level

IAM
2×D × (M − 1) 1× 10−3 6.7× 10−3

D × (M − 1) 4.2× 10−2 1.07× 10−2

IBM-UB1
2×D × (M − 1) 2.86× 10−8 4.87× 10−10

D × (M − 1) 4.95× 10−5 3.68× 10−6

2.8 Conclusion

In this Chapter, we proposed the use of codebook descriptors for the problem of writer

identification. We regard our research framework to that of a retrieval problem and adapt

the so called codebook based Vector of Locally Aggregated Descriptor (VLAD) that has been

promising for the object retrieval application in image processing. The codebook comprises a

set of code vectors with associated Voronoi cells computed from a k-means clustering algorithm

on a set of feature vectors along the online trace. However, we show that the VLAD formulation

at times, cannot effectively discriminate between writers, when their respective feature vectors

are not linearly separable in the Voronoi cell of the code vectors. To overcome this problem,

we propose a novel descriptor that improves upon the VLAD formulation. A notable aspect

is that given a codebook of size M , we consider the descriptors of only M − 1 codevectors to

construct the final descriptor by concatenation.

In addition, for constructing the codebook and subsequently the descriptor, we extracted

point-based features by incorporating a so called gap parameter. Several experiments are per-

formed on the IAM and IBM-UB1 databases to illustrate the promising nature of our approach.
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3. Exploration of sparse coding based descriptors

3.1 Introduction

Recall from the previous Chapter that the codebook used for formulating the writer de-

scriptor is generated by applying the k-means algorithm. This however comes with a limitation

that each feature vector gets assigned to only one prototype. As an alleviation to this issue, we

consider proposing the descriptors with respect to an over-complete dictionary obtained via a

sparse representation framework. Such a strategy ensures that the feature vectors are expressed

as a linear combination of atoms that serve as prototypes.

To the best of our knowledge, the use of sparse coding approaches for online writer identi-

fication have not been addressed till date in the literature. Nonetheless, it may be mentioned

that there has been only one attempt till date on sparse coding with regards to identifying the

authorship of offline handwritten documents [25]. The traditional pipeline followed in that work

involve pooling the sparse coefficients over the dictionary atoms by an averaging or maximum

operation. Though the average pooling technique is shown to work satisfactorily for identifi-

cation, we do believe that there is still room for improvement. Accordingly, in the remainder

of the thesis, we focus our research to exploring additional information from the sparse coeffi-

cients, that can provide useful cues to model the dynamic characteristics of the writer.

As a starting step to the above direction, we propose in this Chapter a methodology to

encode the sub-strokes of the online handwritten trace with descriptors derived from a sparse

coding framework. The usage of sparse representation stems from the flexibility it offers over

hard clustering algorithms in terms of representing the segmented handwritten sub-stroke of a

writer as a combination of more than one prototype / atom. The number of prototypes used

for representation is constrained by the sparsity condition.

Our idea focusses at capturing the similarity of the attributes 1 of each individual sub-stroke

to the corresponding value in the subset of dictionary atoms that contribute with a non-zero

sparse coding coefficient. Keeping this in perspective, we derive descriptors from each of the

dictionary atoms, which incorporate the similarity scores of the attributes in a feature vector.

1We refer to the feature values in a feature vector as ‘attributes’. The attributes computed for each sub-stroke
of the online trace are stacked to form a feature vector.
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3.2 Proposed Methodology

The scores, as we shall see in Section 3.6, are in a way, indicative of the reconstruction error

obtained while employing a particular dictionary atom alone for reconstruction. The idea of

scoring individual feature attributes separately with regards to a dictionary atom is achieved

by utilizing the corresponding non-zero sparse coefficient.

It is worth noting that the work of [25] on sparse coding primarily rely on the accumulation

of the coefficients over the set of dictionary atoms for generating the descriptor. In contrast,

the present proposal takes a step forward in exploring additional information from the sparse

coefficients for writer identification. Their utilization in separately scoring each of the individual

attributes in a feature vector helps in capturing the description of the writer at a finer level.

This in turn leads to improvements in performance of the writer identification system.

In addition to the above contribution, we consider in Section 3.4, several sets of histogram

based attributes / features at the sub-stroke level for constructing the dictionary atoms and

subsequently the descriptors. Such a representation results in a fixed feature vector dimension

irrespective of the length of the sub-stroke. We provide a thorough and comprehensive analysis

of the histogram based attributes by addressing the issue of the selection of the bin size to

be used and their relation to the writer identification rate. More specifically, we propose in

Section 3.4.1, an entropy based strategy for determining the appropriate bin size to be selected

for the generation of these histograms. Considering that the descriptors of the sparse coding

framework are constructed from the resulting histogram feature sets, the selection of the bin size

using our method ensures a good discrimination between the writers. This also gets reflected

in the experimental results, where we show a dependence between the bin size chosen by the

entropy based analysis and the corresponding writer identification performance.

3.2 Proposed Methodology

An overview of the proposed writer identification system is provided in Figure 3.1. The

spatio-temporal sequence consisting of the spatial coordinates and the time duration from a

document is initially passed through the pre-processing block. The output of this module is

then used to segment the strokes into smaller fragments called sub-strokes, following which

53

TH-2012_146102009



3. Exploration of sparse coding based descriptors

F
ig

u
re

3
.1

:
B

lo
ck

d
iag

ra
m

o
f

th
e

p
rop

o
sed

on
lin

e
w

riter
id

en
tifi

cation
sy

stem
th

at
em

p
loy

s
d

escrip
tors

from
a

sp
arse

co
d

in
g

fram
ew

ork
.

T
h

e
test

d
ata

refer
to

p
arag

ra
p

h
s

or
tex

t
lin

es
w

ritten
b
y

th
e

en
rolled

w
riters.

54

TH-2012_146102009



3.3 Sub-stroke generation

histogram based feature sets parametrized by a bin size are extracted for each of them. The

atoms of a pre-learnt dictionary are then used in conjunction with the attributes of sub-stroke

feature vectors to generate a descriptor, that encapsulates the writer specific characteristics of

the document. Finally, a Support Vector Machine (SVM) classifier is utilized to establish the

authorship of the handwritten content.

The organization of the remainder of this Chapter is as follows: We begin by outlining the

sub-stroke generation process in Section 3.3. Following this, the histogram based feature sets

along with an entropy based analysis for the appropriate bin size is presented in Section 3.4.

An overview of the sparse coding framework for online writer identification is then provided in

Section 3.5. The sub-stroke feature vectors from a document together with their corresponding

sparse-coded coefficients are utilized in deriving the writer descriptor in Section 3.6. The efficacy

of our proposal is demonstrated by several experiments in Section 3.7.

3.3 Sub-stroke generation

We begin by applying the sequence of preprocessing steps presented in Subsection 2.2.

Thereafter, each stroke is divided into fragments called sub-strokes, that are in a way, indicative

of the basic structural units present in a document. The segmentation procedure utilized in

this work considers the generation of sub-strokes obtained via two strategies as outlined below:

In the first method, we rely on locating the local maxima in a stroke. The strokes are then

split at these points and individual sub-strokes obtained thereof. In the second strategy, we

consider sub-strokes of a fixed length by splitting the stroke into smaller segments containing

a specific number of points. The successive segments are allowed to have an overlap that is

governed by a stride factor. For our work, we have considered a sub-stroke to contain 30 points

with a stride of five points. The generation of sub-strokes using the segmentation strategies

may be regarded as a data augmentation process, that facilitates the learning of the sparse

representation framework on their corresponding feature vectors discussed in the next section.

As an illustration, we depict in Figure 3.2 (a), an online trace of a word and the sub-strokes

obtained using the two strategies in sub-figures (b) and (c) respectively. For better clarity,
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(a) (b) (c)

Figure 3.2: Illustration of the segmentation approach - (a) Input online handwritten trace. (b)
Substrokes obtained by locating the local maxima in a stroke (c) Substrokes generated with considering
fixed length sample points. Note that we use different colours to distinguish between subsequent sub-
strokes

different colours are employed to distinguish between subsequent sub-strokes.

3.4 Feature extraction

Subsequent to the generation of the sub-strokes, we extract features that encode their shape

information, thereby providing discriminative cues for a writer. Inspired from the success

of Histogram of Oriented Gradients [74] in the area of image processing, we propose sets of

histogram based features / attributes for each sub-stroke as follows:

Consider a sub-stroke S of NS points denoted by {pi}
NS
i=1 where pi = (xi, yi) consists of the

spatial x and y coordinates of the ith point. Let pc = (xc, yc) be the coordinates of its centroid.

We calculate θpi
, the angle that the line segment pi − pc makes with the horizontal and the

Euclidean distance dpi
between pi and pc as follows:

θpi
= tan−1

{
(yi − yc)
(xi − xc)

}
dpi

=
√

(xi − xc)2 + (yi − yc)2
(3.1)

Once the (θpi
, dpi

) pairs are evaluated for each point of the sub-stroke, we generate a his-

togram comprising B bins. The value of B decides the extent to which the angular values are

quantized into. To start with, the votes corresponding to the bins are initialised to zero. For

each pi, we increment the vote of the bin in which θpi
falls into with a magnitude dpi

. In

this manner, the accumulation of the votes across the bins is done for all the NS points of S

under consideration. The resulting operation gives us an B dimensional vector, which is then
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3.4 Feature extraction

normalized by its Euclidean norm to give hp.

Apart from the above, we generate two additional sets of histograms that take into the ac-

count the information of the vicinity around the sample points of a sub-stroke. Accordingly, for

each point pi in S, we employ a set of 2r+ 1 points {pi−r, ...,pi, ...,pi+r} in its neighbourhood

Npi
and compute the following:

∆i =
1

2r + 1

r∑
j=−r

jpi+j ∀i ∈ [r + 1, NS − r]

ai =
1

2r + 1

r∑
j=−r

j∆i+j ∀i ∈ [2r + 1, NS − 2r]

(3.2)

The value of r determines the number of sample points in Npi
used for obtaining the above

values at pi. In our work, the value of r was set to two. This choice, as such is reasonable,

considering that we do not have to lose more than four points at the start and end of each

stroke when compared to a higher value of r.

Both ∆i and ai, corresponding to point pi, encode the change in the spatial coordinates

and the rate of change respectively. It may be mentioned that the form of Equation 3.2 bears

semblance to ‘delta’ and ‘acceleration’ coefficients popularly used in the research of speech

processing [75]. With regards to our work, these consist of two components represented by

∆i = (∆ix,∆iy) and ai = (aix, aiy) corresponding to the spatial x and y coordinates respectively.

Accordingly, we refer to them as delta and acceleration vectors respectively. By noting that the

vectors encode the relative spatial information, we utilize them to compute their orientation

and magnitude as follows.

θ∆i
= tan−1

{
∆iy

∆ix

}
d∆i

=
√

(∆ix)2 + (∆iy)2
(3.3)

θai
= tan−1

{
aiy
aix

}
dai

=
√

(aix)2 + (aiy)2
(3.4)
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Analogous to the generation of hp, a voting procedure for the B bins of the histogram is

applied for (θ∆i
, d∆i

) and (θai
, dai

) pairs to obtain h∆ and ha respectively. Thereafter, the

vectors hp, h∆ and ha are concatenated to provide the feature vector description fS for S.

fS = [hp,h∆,ha] (3.5)

It can be noticed that the dimension D of fS is 3 × B. Accordingly, for a document

consisting of NT sub-strokes, we denote the sequence of feature vectors as {fj}NT
j=1, where each

fj is of dimension 3×B.

As a pictorial representation, we present in Figure 3.3, a segmented sub-stroke and its

corresponding histograms, namely hp, h∆ and ha. The plots are constructed using ten bins,

thereby resulting in a 30 dimensional feature representation.

3.4.1 Entropy based selection of bin size B

From the preceding discussion, it is evident that the dimension of the feature representation

derived from the segmented sub-strokes is reliant on the number of bins B used for generating

the set of histograms. Further to this, from the work-flow of Figure 3.1, it can be seen that

these are utilized subsequently to derive the writer descriptors. Hence, it becomes imperative

to select an appropriate value of B, so that increased discrimination of descriptors between

writers can be achieved. As a step towards making this choice, we propose a scheme based

on analysing the values of entropy, obtained subsequent to a two level clustering scheme as

detailed below:

In the first level, feature vectors corresponding to the sub-strokes are pooled among the

set of paragraphs of the W writers and partitioned into k1 clusters. The resulting prototypes

relate on an average, to the shape characteristics of the frequently occurring sub-strokes. In the

second level, we partition the feature vectors assigned to each of the k1 clusters separately into

W clusters - corresponding to the number of writers, whose data has been enrolled for training.

For the sake of clarity, we refer to each of the W clusters at the second level as a ‘sub-cluster’.

Thus, in total, we obtain k1 ×W sub-clusters at the second level.
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(a) (b)

(c) (d)

Figure 3.3: The sub-figure (a) shows a sub-stroke of a particular writer. The sub-figures (b), (c) and
(d) are the histograms hp, h∆ and ha respectively corresponding to this sub-stroke. The number of
bins B used for generating these plots is set to ten.

The fraction of feature vectors corresponding to each of the W writers in a given sub-cluster

can now be used to compute the entropy measure as:

Hik =
W∑
j=1

−pjik log2(p
j
ik) 1 ≤ i ≤ k1, 1 ≤ k ≤ W (3.6)

From the preceding definition, the entropy values corresponding to theW sub-clusters generated

from the ith cluster can be written as {Hik}Wk=1. Clearly, the calculation of a specific Hik in

Equation 3.6 entails obtaining the probability values for the W writers, namely {pjik}Wj=1.

To motivate the use of entropy measure for the selection of the bin size B, consider the

scenario wherein the feature vectors assigned to the kth sub-cluster encapsulate the complete
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information from only the nth writer, 1 ≤ n ≤ W . Assuming that the sub-clusters have been

generated from the ith cluster, we can infer that the value of pjik will be one for j = n and zero

otherwise. Accordingly from Equation 3.6, we see that the entropy value Hik will achieve a

value of zero.

As an extension of the above, when each of the k1×W sub-clusters generated in the second

level comprise feature vectors corresponding to only one writer, the average entropy measure

defined by

H =
1

k1 ×W

k1∑
i=1

W∑
k=1

Hik (3.7)

will again be zero. That being said, we can thus infer that lower entropy may be regarded as

a measure to represent better separability of the feature vectors across the writers. Lastly, by

recalling that the feature set of the segmented sub-strokes themselves are parametrized with a

bin size B, we can thus explicitly refer to the average entropy value obtained in Equation 3.7

by HB. The choice value for B (denoted as B*) that can be considered is as follows:

B* = arg min
B
HB (3.8)

For a better understanding of the preceding discussion, we provide a toy example illustration

in Figure 3.4 with three writers enrolled to the identification system. The feature vectors of

the writers are depicted with different symbols. In the sub-figure (a), we depict the k1 clusters

obtained at the first level with their corresponding Voronoi cells. In this example, the value

of k1 used is 20. Thereafter, the feature vectors in a given Voronoi cell are used to generate

W = 3 sub-clusters at the second level. The value for W corresponds to the number of writers

enrolled in the system. The sub-clusters of one such Voronoi cell, highlighted with a yellow

color in Figure 3.4 (a) is shown in sub-figure (b). The entropy corresponding to the distribution

of the writers in each of the three sub-clusters are computed separately and then accumulated.

Likewise, this process of accumulation is carried out across all the sub-clusters in the feature

space, thus leading to the value of the average entropy HB (refer Equation 3.7). For sake of

completion, in the sub-figure 3.4 (b), we also present the probability values corresponding to

the writers of a sub-cluster (indicated with an arrow).
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(a) (b)

Figure 3.4: A toy-example for the computation of HB - (a) Illustration of the first level of k1 = 20
clusters obtained from the feature vectors of the three writers with their prototypes and Voronoi cells
highlighted. (b) Depiction of the three sub-clusters for a particular Voronoi cell shaded in yellow
color in sub-figure (a). In addition, we also present the computation of {pjik}

3
j=1 (probability values

corresponding to the three writers) from the sub-cluster marked with an arrow.

3.5 Sparse coding: an overview

The sparse framework aims at efficiently determining an over-complete set of basis vectors,

in a way so that each feature vector can be approximated closely as a linear combination of

them. The term ‘sparse’ comes from the fact that most of the coefficients obtained while

representing a feature vector are close to zero.

In our work, we consider that a document with NT feature vectors {fj}NT
j=1 and a pre-

learnt over-complete dictionary D of M atoms, [φφφ1,φφφ2, ...,φφφM ] are available to us. Any feature

vector fj of a segmented sub-stroke can then be closely represented / approximated as a linear

combination of the atoms φφφi, 1 ≤ i ≤ M with a set of coefficients αααj = [α1j α2j · · · αMj]
T as

follows:

fj ≈
M∑
i=1

αijφφφi (3.9)

Since M is higher than D (the dimension of fj), there are infinitely large solutions for

Equation 3.9. In order to obtain the unique set of coefficients, we consider a sparsity constraint
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that ensures that only a few of the M coefficients in αααj are non zero. For a pre-learnt dictionary

D of atoms, the values of these coefficients can be obtained by solving the following optimization

formulation:

min
αααj

‖ fj −
M∑
i=1

αijφφφi ‖2 +λ ‖ αααj ‖1 (3.10)

The factor λ is a Lagrange multiplier which controls the influence that the two terms have

on each other.

With regards to the estimation / learning of the dictionary D in the training phase, we

use the algorithm of [76] implemented in the SPArse Modeling Software (SPAMS) optimization

toolbox.

Traditionally, the descriptor used for writer identification involve a max or average pooling

of sparse coefficients [25]. For an over-complete dictionary of M atoms, and a document com-

prising the feature vectors of NT sub-strokes, we construct a matrix of size NT ×M . The (i, j)th

element of this matrix contains αij, the sparse coefficient from the jth sub-stroke corresponding

to the ith dictionary atom φφφi. The average pooling strategy of generating the writer descriptors

from the sparse coefficients can be defined by a vector z of size M , whose ith element is given

as :

zi =
1∑NT

j=1 I(αij)

NT∑
j=1

|αij| (3.11)

where I(αij) is an indicator variable denoted by:

I(αij) =


1 |αij| > 0

0 Otherwise

(3.12)

Likewise, for the traditional max pooling strategy, we have:

zi = max
1≤j≤NT

|αij| (3.13)

In the following section, we propose descriptors that aim to capture additional information

from the sparse coefficients, that in a way, surpass the performance of the traditional max

/average pooled strategies
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3.6 Proposed sparse coding based writer description

Prior to deriving the descriptor, the feature vectors {fj}NT
j=1 extracted from the NT sub-

strokes, together with their respective sparse coefficient vectors {αααj}NT
j=1 are assumed to be

known. Let the subset of feature vectors in {fj}NT
j=1 that have a non-zero sparse coefficient

αij for the ith dictionary atom be represented as {fij}ni
j=1. Without loss of generality, we have

ni ≤ NT .

We define two scores S+
ij (d) and S−ij (d) for the dth attribute of the jth feature vector fij

having a non-zero sparse coding coefficient αij for the ith dictionary atom φφφi.

S+
ij (d) =


1

1+|fij(d)−αij×φi(d)| fij(d) ≥ αij × φi(d)

0 otherwise

S−ij (d) =


−1

1+|fij(d)−αij×φi(d)| fij(d) < αij × φi(d)

0 otherwise

(3.14)

1 ≤ i ≤M, 1 ≤ j ≤ ni, 1 ≤ d ≤ D

Here φi(d) is the value of the dth attribute (1 ≤ d ≤ D) in the atom φφφi. In a sense, the Equation

3.14 attempts to capture the error obtained along the dth attribute while considering a single

dictionary atom for reconstruction. If we define this error as eij(d) = fij(d)− αij × φi(d), then

with regards to the attribute fij(d) for which eij(d) ≥ 0, we assign it with the score S+
ij (d).

Likewise, when eij(d) < 0, this attribute is given a score of S−ij (d). In particular, we observe

that the more proximal fij(d) is to αij × φi(d), the higher is the value of the score S−ij (d) or

S+
ij (d) (as applicable).

The obtained scores across the dth feature attribute of {fij}ni
j=1 are subsequently accumulated

and normalized with regards to the values obtained from the entire document to obtain S̃+
i (d)
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and S̃−i (d).

S̃+
i (d) =

ni∑
j=1

S+
ij (d)

M∑
k=1

nk∑
j=1

S+
kj(d)

S̃−i (d) =

ni∑
j=1

S−ij

M∑
k=1

nk∑
j=1

S−kj(d)

(3.15)

1 ≤ i ≤M, 1 ≤ d ≤ D

The scores for each of the D feature attributes are stacked to form the descriptors S+
i and S−i

as shown:

S+
i =

[
S̃+
i (1) · · · S̃+

i (d) · · · S̃+
i (D)

]T
S−i =

[
S̃−i (1) · · · S̃−i (d) · · · S̃−i (D)

]T (3.16)

To ensure compactness of the descriptor for the ith dictionary atom, we consider the L2 norm

representation of the S+
i and S−i vectors.

Si = [‖ S+
i ‖2, ‖ S−i ‖2]T (3.17)

The final descriptor is obtained by concatenating the descriptors across all the M dictionary

atoms.

S =

[
S1 S2 · · · SM

]T
(3.18)

We see that the dimension of S is 2×M . In the event of a dictionary atom φφφi not having

any of the points in the document with a non-zero sparse coding coefficient, its descriptor Si is

set to the zero vector. To summarize our strategy, the pseudo-code of our proposed descriptor

is shown in Algorithm 2.

3.6.1 Discussion

From Equation 3.17, it can be observed that we considered stacking the L2 norm of the S+
i

and S−i vectors for constructing Si rather than the entire vectors themselves. The rationale

behind this step is to construct a compact descriptor for a document in terms of feature dimen-
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Algorithm 2 Proposed writer descriptor generation

• Input:

– A set of histogram based feature vectors {fj}NT
j=1 extracted from a document with

NT sub-strokes.

– Dictionary with M atoms {φφφi}Mi=1.

• Output:

– Writer descriptor S.

• Algorithm:

Compute:
◦ αααj - the sparse coding coefficient vector for each feature vector fj.
◦ ni - the number of feature vectors having non-zero sparse coding coefficient for φφφi.

% Descriptor Computation:

For every dictionary atom in {φφφi}Mi=1

For every feature vector having non-zero sparse-coding coefficient for φφφi
Compute S+

ij (d) and S−ij (d) scores across the D attributes
End For
End For

% Normalization Step:

For every dictionary atom in {φφφi}Mi=1

Calculate S̃+
i (d) and S̃−i (d) scores across the D attributes.

End For

Stack the S̃+
i (d) and S̃−i (d) scores across the D attributes to obtain S+

i and S−i vectors
respectively.

Evaluate L2 norm of the S+
i and S−i vectors to get Si.

Concatenate {Si}Mi=1 to represent the writer descriptor S.
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sion. If we consider the entire S+
i and S−i vectors for generating Si, then our final descriptor

would have a dimension increased by a factor of D. To ensure that the L2 norm operation does

maintain the discrimination between the writers, we conduct an experiment that determines

the ratio of the average inter writer to intra writer descriptor distance, as follows:

Let {Sw1i}
Nw1
i=1 correspond to the final descriptors for the Nw1 documents written by writer

w1. The average pair-wise intra-writer City Block distance between these descriptors is denoted

as d1(w1).

d1(w1) =
1(
Nw1
2

) Nw1∑
i=1

Nw1∑
j=1
j 6=i

‖ Sw1i − Sw1j ‖1 (3.19)

As a first step to computing the inter writer descriptor distance, we consider the average

of the City-block distance obtained between the descriptors of two different writers w1, w2 as

follows.

d2(w1, w2) =
1

Nw1 ×Nw2

Nw1∑
i=1

Nw2∑
j=1

‖ Sw1i − Sw2j ‖1 (3.20)

Subsequent to the above calculations between each pair of writers, the average inter-writer

City-block distance for writer w1 can be written as:

d2(w1) =
1

W − 1

W∑
j=1
m6=w1

d2(w1, j) (3.21)

The ratio R of the average inter-writer to the intra-writer distance is then defined by:

R =

W∑
i=1

d2(i)

W∑
i=1

d1(i)

(3.22)

The value of R is related to, in a way, the degree of separation of the writer descriptors

in the feature space. In Table 3.1, we present the results on the data of the writers from the

databases, namely the IAM and IBM-UB1. For this set-up, the value of bins for the histogram

based features and the dictionary size was set to 10 and 400 respectively The choice behind

these values are based on the discussion in subsection 3.7.2.

We considered two possible representation of the descriptors as outlined below:
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Table 3.1: Illustration of the R ratio at paragraph and text line level on the IAM and IBM-UB1
databases. The full descriptor corresponds to using the entire vectors of S+

i and S−i across all the
dictionary atoms for representation. The compact descriptor, on the other hand, considers the L2

norm.

Descriptor IAM database IBM-UB1 database

Type Paragraph Text line Paragraph Text line

Full 1.60 1.15 2.30 1.36

Compact 1.73 1.21 2.55 1.48

• We stack the entire vector of S+
i and S−i , obtained across all the M dictionary atoms -

thus resulting in a 2×D×M dimensional descriptor. For sake of brevity, we refer to this

as the ‘full descriptor’.

• We stack the L2 norm of the S+
i and S−i vectors, obtained across all the M dictionary

atoms. We refer to this as the ‘compact descriptor’.

With the above two representations, we obtain a comparable value of the ratio R across both

the databases at paragraph and text-line levels respectively. This in turn suggests that either

of the descriptors may be used for writer identification. Nonetheless, employing L2 norm leads

to a reduction in the dimension by a factor D over the full descriptor.

Following the generation of the descriptor by employing Equations 3.14 to 3.18, a one versus

all SVM with the Radial Basis Function (RBF) kernel is used to establish the identity of the

writer for the test document.

3.7 Results and Discussion

In this Section, we demonstrate several experiments, that reflect the various aspects of the

proposal, being explored for establishing the authorship of online handwritten documents. With

regards to the training and evaluation protocols, we employ the same as discussed in Section

2.6.2 for the IAM and IBM-UB1 databases. For each database, the atoms of the dictionary are

learnt from the enrolled data corresponding to 25% of the number of users, that are randomly

chosen.
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3.7.1 Analysis of average entropy values HB with bin size B

We begin by investigating on the size of the bin B that can be utilized for the histogram

based feature sets, while ensuring discrimination between the writers. As part of the experi-

mental set up, the number of clusters k1 used at the first level is varied from 25 to 100 in steps

of 25. As discussed in Section 3.4.1, each of these clusters are further split into W sub-clusters

at the second level for the computation of the average entropy value HB. For our case, the

values of W used are 217 and 43, as these correspond with the number of writers in the IAM

and IBM-UB1 database respectively.

The average entropy HB is recorded for bin sizes B, ranging from 2 to 16 in steps of 2

in Table 3.2 (a) and (b) on the two databases. As for the trend, its value initially decreases

with increasing values of B. Subsequent to attaining a minimum, it begin to increase again for

higher number of bins. The lowest value of HB is obtained with the bin size of 10 in both the

databases.

As the number of bins increase, it is likely that, for large values, a perturbation to one or

more of the orientations θpi
, θ∆i

, θai
can lead to a change in the bin to which the votes are

assigned. This results in relatively higher variation between the attributes of the histogram

feature vectors corresponding to the sub-strokes of the same writer - thereby leading to the

increase in the average entropy value. On the other hand, the increased HB values at small

number of bins can be explained due to the generated feature vectors not being able to ade-

quately capture the nuances that discriminate the feature vectors belonging to different writers.

3.7.2 Performance with varying bins B and dictionary size M

In this subsection, we evaluate the performance of the proposed writer identification system

with the variation of the number of bins B for the histogram based features and the number

of the atoms M in the dictionary. We vary the value of B from two to 16 in steps of two and

number of atoms from 50 to 500 in steps of 50. Tables 3.3 (a) and (b) report the results of

our strategy for the IAM database. We observe that the proposed writer descriptor results
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Table 3.2: Variation of the average entropy values HB for varying number of bins B on the IAM
and IBM-UB1 databases. The value of k1 denote the number of clusters at the first level. For more
details, please refer the text.

Number of
bins B

Entropy HB

k1=25 k1=50 k1=75 k1=100

2 6.44 5.86 5.70 5.54

4 6.35 5.61 5.43 5.29

6 6.11 5.47 5.20 5.04

8 5.76 5.20 4.82 4.77

10 5.56 4.80 4.67 4.62

12 5.63 4.89 4.86 4.73

14 6.04 5.15 5.08 4.91

16 6.21 5.40 5.25 5.08

(a) IAM Database

Number of
bins B

Entropy HB

k1=25 k1=50 k1=75 k1=100

2 4.93 4.84 4.79 4.72

4 4.76 4.71 4.62 4.57

6 4.59 4.53 4.46 4.41

8 4.42 4.37 4.31 4.26

10 4.24 4.20 4.15 4.13

12 4.45 4.36 4.28 4.24

14 4.57 4.52 4.43 4.35

16 4.68 4.65 4.54 4.48

(b) IBM-UB1 Database
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in the best average identification rate of 99.45 % and 90.28% at paragraph and text line level

respectively for a dictionary size M = 400 and bin size B = 10. With regards to the IBM-UB

1 database (shown in Table 3.4 (a) and (b)), we achieve a best average writer identification

rate of 97.21% and 83.49% at paragraph and text line level respectively for the same value of

(B,M).

It is interesting to note that the value of the bin size B leading to the best average writer

identification rate coincides to that providing the lowest average entropy measure HB in Ta-

bles 3.3 and 3.4 for the IAM and IBM-UB1 databases. This validates the need to select an

appropriate choice of bin size for the extraction of the histogram feature sets, thereby leading

to better discrimination of the sparse descriptors between the writers.

With regards to the trend in identification rates across all the databases, for a fixed dictio-

nary size as we vary the number of bins, the average identification rate increases. After reaching

a maximum value, it begins to decrease for larger values of B. Moreover, it may be observed

that the performance on the IAM and IBM-UB1 database is inversely related to values of HB

reported in Tables 3.3 and 3.4 respectively. Said in another way, lower identification rates for

a dictionary size M correspond to an increase in HB and vice-versa.

Furthermore, it can also be noticed that for a particular value of bin size B, the average

writer identification rate increases with dictionary size and then becomes comparable for values

of M ≥ 400. A small dictionary size leads to a low average identification rate due to the limited

prototypes available for differentiating the sparse coding descriptors of the different writers.

Considering that the best performance on both the data-sets were obtained with writer

descriptors constructed from histogram features parametrized with B = 10, we use the same

bin size for the experiments described from subsections 3.7.4 to 3.7.7.

3.7.3 Influence of histogram feature sets on writer description

In the preceding experiments, we evaluated the efficacy of the writer descriptor constructed

from the histogram based feature sets (hp, h∆ and ha) extracted from the sub-strokes (as

discussed in Section 3.4). We now validate on the influence of the different choice of feature
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Table 3.3: Comparison of the average writer identification rates (in %) at the paragraph and text
line level for the proposed descriptor with varying number of bins B for the histogram feature sets
and dictionary size M on the IAM database. The best average identification rate is marked in bold.

Number of Dictionary size M

bins B 50 100 150 200 250 300 400 500

2 60.94 66.46 69.24 73.49 75.94 77.19 80.81 80.55

4 65.79 68.76 71.22 75.38 77.99 79.64 84.45 84.69

6 72.03 76.34 79.29 83.15 86.77 88.73 91.31 91.04

8 76.41 81.61 84.54 87.35 89.54 92.07 94.77 94.54

10 79.10 84.19 87.99 89.76 93.65 97.80 99.45 98.78

12 78.15 82.84 86.19 87.07 91.80 94.88 98.73 98.38

14 76.99 79.68 83.50 86.92 88.84 92.19 97.65 97.40

16 75.50 78.28 81.77 84.61 86.61 89.73 97.03 96.87

(a) Paragraph level

Number of Dictionary size M

bins B 50 100 150 200 250 300 400 500

2 35.76 40.66 46.27 48.12 51.86 54.65 60.02 59.80

4 59.51 64.12 67.48 68.04 69.82 70.72 72.38 72.14

6 64.10 67.78 69.33 70.53 72.00 73.30 77.60 77.29

8 69.56 74.02 77.94 79.13 81.98 82.90 86.89 86.69

10 72.11 79.61 81.09 84.83 85.87 87.19 90.28 89.47

12 71.54 79.24 80.84 83.95 85.32 86.78 88.73 88.52

14 70.76 78.58 80.55 83.07 84.69 85.15 87.62 87.37

16 70.58 77.67 79.73 82.04 83.13 84.24 86.72 86.60

(b) Text-line level
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Table 3.4: Comparison of the average writer identification rates (in %) at the paragraph and text
line level for the proposed descriptor with varying number of bins B for the histogram feature sets
and dictionary size M on the IBM-UB1 database. The best average identification rate is marked in
bold.

Number of Dictionary size M

bins B 50 100 150 200 250 300 400 500

2 58.35 64.10 67.83 71.72 73.46 75.58 79.02 78.89

4 61.51 66.07 69.90 74.62 77.04 79.86 83.47 83.34

6 66.85 72.23 75.47 78.99 81.00 84.32 87.19 87.08

8 70.91 75.48 78.04 81.29 84.63 88.11 91.55 91.38

10 75.28 79.46 82.64 85.93 89.75 93.61 97.21 96.98

12 74.63 78.82 81.76 84.34 87.99 91.81 95.17 95.04

14 72.76 76.30 79.97 82.65 85.58 89.74 93.49 93.33

16 71.67 75.78 78.31 80.09 84.96 88.35 92.84 92.72

(a) Paragraph level

Number of Dictionary size M

bins B 50 100 150 200 250 300 400 500

2 28.70 37.10 45.15 49.30 50.09 51.24 53.77 53.42

4 44.64 51.68 57.47 62.17 64.57 66.42 67.99 67.80

6 53.19 59.05 65.44 69.30 72.74 75.95 77.78 77.65

8 57.49 64.68 68.99 71.72 74.14 77.71 78.74 78.67

10 59.68 66.69 70.84 74.76 78.69 82.12 83.49 83.39

12 58.06 65.88 69.63 73.88 77.57 81.73 82.45 82.31

14 57.34 64.67 68.97 72.16 76.32 79.56 80.43 80.35

16 56.81 63.95 67.89 71.52 75.43 78.29 79.83 79.76

(b) Text-line level
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Table 3.5: Performance comparison of proposed writer identification system (in %) with combinations
of histogram feature sets.

Histogram
set used

IAM database IBM-UB1 database

Paragraph Level Text line Level Paragraph Level Text line Level

IR (B,K) IR (B,K) IR (B,K) IR (B,K)

hp 95.76 (8,450) 67.45 (8,450) 87.18 (8,400) 74.94 (8,350)

h∆ 96.53 (10,450) 71.12 (10,350) 89.82 (8,450) 76.24 (8,350)

ha 95.64 (8,400) 66.95 (8,450) 89.10 (10,350) 75.42 (10,400)

(hp,h∆) 98.07 (10,350) 84.16 (10,400) 94.34 (10,400) 79.13 (10,450)

(hp,ha) 98.44 (10,350) 85.45 (10,400) 94.64 (10,350) 79.76 (10,400)

(ha,h∆) 98.73 (10,400) 87.42 (10,350) 95.42 (10,400) 82.48 (10,450)

(hp,h∆,ha) 99.45 (10,400) 90.28 (10,400) 97.21 (10,400) 83.49 (10,400)

sets for writer description in Table 3.5. The best writer identification accuracies are reported

with the number of dictionary atoms M and bin size B being specified. Hereinafter, for brevity

sake, we abbreviate the average identification rate as IR.

The bin size for each combination of histogram sets reported in Table 3.5 correspond to the

one minimizing the average entropy value HB (defined in sub-section 3.4.1). From the entries,

we see that the augmentation of feature sets h∆ and ha, that capture the vicinity information

improve the performance of the identification system beyond that provided by hp.

3.7.4 Influence of the segmentation strategy

As mentioned in Section 3.3, there were two strategies described for the generation of sub-

strokes. In this experiment, we consider the performance of our proposal on each of them

separately by using the histogram feature set hp, h∆ and ha obtained from the sub-strokes.

For sake of simplicity, we denote the method of splitting the online trace at the local maxima in

a stroke as ‘SEG-1’. The second strategy ‘SEG-2’ corresponds to generating sub-strokes with

a fixed number of points (chosen as 30 in this work).

Table 3.6 presents the best average writer identification results across all the databases

at paragraph and text-line levels, with the bin and dictionary size being specified. From the
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Table 3.6: Performance comparison of our proposal for the different segmentation strategies. The
numbers being mentioned are the identification rates (in %)

Segmentation
strategy

IAM Database IBM-UB1 Database

Paragraph level Text line level Paragraph level Text line level

IR M IR M IR M IR M

SEG-1 99.17 350 82.15 450 94.56 350 76.60 400

SEG-2 99.05 300 83.66 400 93.43 450 78.02 400

Combined 99.45 400 90.28 400 89.54 400 83.49 400

entries of the third row, it may be inferred that the substrokes from both the strategies SEG-1

and SEG-2 leads to improvement of the writer identification system.

3.7.5 Comparison with max and average pooling based descriptors

In this section, we compare the performance of our proposed sparse coded descriptor with

the traditional max and average pooling based writer descriptors (discussed in Equations 3.11

to 3.13). For this experiment, the histogram based feature sets were extracted with the bin size

as 10 and the number of atoms in the dictionary was varied from 50 to 500 in steps of 50. The

histogram sets (hp, h∆ and ha) corresponding to the segmented sub-strokes of the handwritten

data are employed to generate all the three descriptors.

Table 3.7 provides the best average identification rate IR obtained with the corresponding

dictionary size M . It can be noticed that our proposed sparse coding based descriptor provides

improved performance when compared to conventional max and average pooling based writer

descriptor. This enhancement could be attributed to our proposal capturing finer details of the

writer when compared to traditional sparse representation based classification strategies.

3.7.6 Impact of the sparse framework for writer description

As mentioned in Section 3.5, sparse coding framework offers the flexibility in the represen-

tation of the segmented sub-strokes over hard clustering algorithms such as k-means. As a
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Table 3.7: Comparison of our proposal with max and average pooling based descriptors. The best
average identification rate together with the dictionary size are mentioned for both the databases at
paragraph and text-line level.

Descriptor
Type

IAM database IBM UB1 database

Paragraph level Text line level Paragraph level Text line level

IR M IR M IR M IR M

Max pooling 98.03 400 85.89 400 94.28 400 78.57 400

Average Pooling 98.41 400 87.69 400 95.16 400 79.47 400

Proposed 99.45 400 90.28 400 97.21 400 83.49 400

demonstration to this, we investigate its influence on writer description over the k-means al-

gorithm for varying dictionary sizes / number of prototypes. The average writer identification

rates obtained at the paragraph level for the IAM and IBM-UB1 databases is shown in Table

3.8. The descriptors, as such are derived from the histogram feature set combination (hp,h∆

and ha) extracted from the segmented sub-strokes of the handwritten data.

With regards to the IAM database, the descriptors from the codebook generated with the

k-means 2 attain a best performance of 96.81% for M = 450. Contrast to this, the sparse cod-

ing descriptors achieve an average identification rate of 99.45% for M = 400. This corresponds

to a performance improvement of 2.73%. For the IBM-UB1 database, a best average writer

identification rate of 97.21 % is achieved with the descriptors derived via sparse coding for a

dictionary size M = 400, which is a performance improvement of 3.59% over those obtained

from the k-means.

Moving further, an experimental comparison was also performed at the text line level across

both the databases. The average writer identification rates for varying dictionary sizes are

presented in Figure 3.5. From the best average writer identification results presented in the

sub-figures, the descriptors from a sparse coding framework provide an improvement of 19.02%

and 6.98% for the IAM and IBM-UB1 databases respectively.

2In our implementation, we set the value of k to the size of the codebook M .
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Table 3.8: Comparison of the average writer identification rates (in %) at the paragraph level for
the descriptor obtained via k-means and through sparse coding with varying dictionary sizes M . The
best average identification rate is marked in bold.

Dictionary IAM database IBM-UB1 database

size M k-means Sparse coding k-means Sparse coding

50 72.34 79.10 69.72 75.28

100 78.22 84.19 75.73 79.46

150 83.84 87.99 78.88 82.64

200 86.48 89.76 81.45 85.93

250 90.07 93.65 86.38 89.75

300 94.29 97.80 89.76 93.61

350 95.95 98.88 92.29 95.13

400 96.68 99.45 93.84 97.21

450 96.81 98.93 93.75 97.10

500 96.63 98.78 93.66 96.98

3.7.7 Performance with a variant of writer descriptor

Recall that in the derivation of the writer descriptor in Section 3.6, we separately score each

attribute of the segmented sub-stroke by taking into consideration on whether the reconstruc-

tion error is positive or negative. For sake of completion, we also explored the possibility of a

variant of the descriptor, wherein for a dictionary atom, attributes are scored irrespective to

the sign of the reconstruction error. Mathematically speaking, the score of the dth attribute

(1 ≤ d ≤ D) of the jth feature vector fij having a non-zero sparse coding coefficient αij for the

ith dictionary atom φφφi is given as:

Sij(d) =
1

1 + |fij(d)− αij × φi(d)| (3.23)

1 ≤ i ≤M , 1 ≤ j ≤ ni

Subsequent to obtaining the scores, the descriptor is computed by following steps similar to

those described from Equation 3.15 to Equation 3.18. However, in place of obtaining two

separate vectors S+
i and S−i for the ith dictionary atom φφφi, we get a single vector of dimension

D in this variant. The final descriptor, as such, comprises the L2 norm of these vectors,
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Figure 3.5: Variation of average writer identification rates (in %) at the text-line level for the
proposed descriptor obtained via k-means (shown in blue) and through sparse coding (in red) on the
IAM (sub-figure (a)) and IBM-UB1 databases (sub-figure (b)).

computed across all the M dictionary atoms - thus leading to a writer descriptor of dimension

M . The histogram feature set combination (hp,h∆ and ha) extracted from the segmented

substrokes are used for the experiment.

The evaluation of the above descriptor at the paragraph and text line levels for the IAM and

IBM-UB1 databases is presented in Table 3.9. For sake of brevity, we refer it as the ‘M -dim’,

while the one discussed in Section 3.6 is abbreviated to as ‘2 × M -dim’. The best average

writer identification rate along with the dictionary size M is mentioned in the Table. From

the entries, we can infer that across both the data-sets, the ‘2 ×M -dim’ descriptor provides

improved results at paragraph and text-line levels, when compared to its variant - ‘M -dim’.

This, we believe, may be due to the increased discrimination achieved with the scoring of the

attributes of the segmented sub-stroke feature vectors based on both the value and sign of the

reconstruction error. Needless to say, the higher performance is achieved with the trade-off of

increased dimension by a factor of nearly two (450 versus 800).

3.7.8 Time complexity comparison with our proposal in Chapter 2

In this sub-section, we present a time complexity analysis of the present proposal to the

one described in Chapter 2. The experimental setting used for this purpose is the paragraph
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Table 3.9: Performance comparison with a variant of the writer descriptor on both the databases.
The numbers being mentioned are the identification rates (in %)

Writer
descriptor

IAM Database IBM-UB1 Database

Paragraph level Text line level Paragraph level Text line level

IR M IR M IR M IR M

M - dim 98.84 450 87.12 450 95.89 450 80.36 450

2×M -dim 99.45 400 90.28 400 97.21 400 83.49 400

Table 3.10: Comparison of the average time complexity (in seconds) of the proposals in Chapters
2 and 3. The experimental setting used for this purpose is the paragraph level training for the IAM
database.

Description Chapter 2 Chapter 3

Pre-processing(per document) 2.29 4.28

Feature extraction(per document) 0.22 0.07

Codebook/Dictionary generation 2439.60 15.85

Writer descriptor computation (per document) 1.09 0.29

SVM training (per writer) 0.02 0.02

SVM testing (per document and writer) 8× 10−3 6× 10−3

level training for the IAM database. The values of codebook/dictionary size which provided

the best identification rate were considered for this study. The analysis was done on a Dell

Precision Tower 3620 workstation with 32 GB RAM and an Intel Xeon processor.

From Table 3.10, we make the following observations:

(a) The pre-processing module for the sparse-coded descriptor approach is relatively greater

than that for the codebook descriptor system. This can be attributed to the addition of

the substroke generation module for the proposal in Chapter 3.

(b) The increased computation time however gets compensated with the feature extraction and

the dictionary generation module respectively.

(c) The writer descriptor computation for Chapter 2 takes 0.8 seconds more per document

when compared with the present approach.
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(d) The time for training and testing the SVMs are comparable for both the descriptors.

Thus, on the whole, we observe that the proposal of the present Chapter takes lesser time for

computation when compared to the one in Chapter 2.

3.8 Conclusion

We conclude this Chapter with an enumeration of the contributions:

(i) Proposal of descriptors derived from a set of dictionary atoms. The descriptors for each

dictionary atom encode the error while using it alone for reconstruction.

(ii) Utilization of histogram based feature vectors extracted at a sub-stroke level, together

with their corresponding sparse coefficients, for deriving the sparse coded descriptors.

(iii) Proposal of an entropy based analysis for the appropriate bin size to be selected for

obtaining the features so as to ensure the discrimination between the writer descriptors.
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4. Exploration of saliency information in the sparse framework

4.1 Introduction

In this Chapter, we attempt to explore additional information from the sparse coding co-

efficients that can be useful for writer identification. Recall from Section 3.5 that traditional

sparse representation based classification strategies consider the accumulation of sparse coef-

ficients over a set of dictionary atoms followed by a averaging process. The averaged value

from each dictionary atom as such is used as a feature vector for classification. This strategy is

termed as mean / average pooling. Likewise, another technique is that of max pooling where

in the maximum of a set of sparse coefficients is computed for each dictionary atom in lieu of

the average value. In this work, we propose to reformulate the above strategies by taking into

regard prior knowledge that is obtained from the set of dictionary atoms.

The additional information, as we shall see, is related to quantifying in an average sense,

the degree of importance of each of the dictionary atoms with regards to the dynamic charac-

teristics of the enrolled writers. In this context, we define in this work, the term “saliency” 1

for an dictionary atom - the value of which is learnt from the sparse coefficients corresponding

to the sub-strokes of the handwritten training data. In order to calculate its value, we propose

two separate strategies as outlined below.

• In the first method, the saliency values for the over-complete set of dictionary atoms are

obtained from computing entropy measures over histograms generated from the sparse

coefficients. The number of histograms considered for this strategy correspond to the size

of the dictionary.

• Our second technique for determining the saliency utilizes a single histogram, that is

generated from sum pooling the sparse coefficients over all the feature descriptors of sub-

strokes segmented from the training data. The calculation of its value, as we shall see,

relies on an equation, that bears semblance to that of the inverse document frequency

(idf) used in the area of document image retrieval.

1In this thesis on online writer identification, this term is not to be interpreted to that used by researchers
of the image processing and computer vision community.

82

TH-2012_146102009



4.1 Introduction

During the identification of a test document, the saliency values (computed by one of the above

two proposals) serve as a-priori information, that can be incorporated in the traditional frame-

work of max or average pooling. This, in turn leads to a modified descriptor, that can be used

for establishing the author of the document under question. To the best of our knowledge, the

proposed saliency computation outlined in this Chapter is a first of its kind to be used in the

sparse coding domain. Experiments performed with the proposed sparse classification strategy

shows improved writer identification rates over the traditional schemes.

Further to the above, we also consider incorporating writer-specific adaptation of saliency

values, that quantifies how important a dictionary atom is for a given writer. Our approach, as

we shall see in this Chapter, employs the reconstruction error on the sub-stroke based feature

vectors to derive a similarity score for each dictionary atom with regards to a writer using only

his / her handwriting. The obtained scores across all the dictionary atoms are subsequently

fused with their respective saliency values 2 to generate the adapted values for the purpose of

identification. In particular, we formulate an ensemble of SVMs, wherein the descriptor to the

SVM trained for a writer is based on the saliency values adapted for that writer. The final

decision on the authorship is proposed as the maximum of the prediction score obtained from

the SVMs.

In the subsequent Sections, we present details of each of the contributions made in this

Chapter. To begin with, we provide a block schematic of our proposed framework, that em-

ploys the saliency information of the dictionary atoms in Section 4.2. In order to compute

these values, we consider two new strategies - the details of which are described in Sections 4.3

and 4.4 respectively. Subsequent to obtaining the saliency of dictionary atoms, we discuss their

incorporation into the traditional sparse framework in Section 4.5, that leads in a modified

writer descriptor. As an extended idea in Section 4.6, we present our approach of determining

writer specific adapted saliency values and their utilization in writer identification. Last but

not the least, several experiments have been outlined in Section 4.7 to establish the various

2These values correspond to those obtained without adaptation and quantify the importance of the atoms
with regards to the average dynamic characteristics of the enrolled writers.
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aspects of our contributions to writer identification.

4.2 Schematic of the proposed framework

Figure 4.1 provides a pictorial description of our approach. To begin with, the dynamic

information of the handwritten trace of a test document is passed through a preprocessing

module. Subsequent to this, we segment the data into substrokes and extract histogram based

features from each of them. The resulting feature vectors are then sparsely coded using an over-

complete dictionary. The learning of the dictionary atoms is accomplished using documents

enrolled for training in the writer identification system. The differing aspect of our work, is

however, in the association of saliency values for each of the dictionary atoms. As mentioned

earlier, these values are derived from the sparse codes of the training data via two approaches

outlined in the previous Section.

Likewise, for constructing the writer description for a test data, we rely on the sparse

coefficients corresponding to the dictionary atoms together with the knowledge from the saliency

values determined a-priori during training. The resulting descriptor is then sent as an input to

an Support Vector Machine for establishing the authorship of the document.

In the following two sections, we provide the details of the methods for determining the

degree of saliency of the dictionary atoms with regards to the dynamic characteristics of a

writer. We begin with an elaboration of the first method, that is proposed based on entropy

in Section 4.3. This is followed by the description of our second proposed strategy that makes

use of the sparse coefficients (obtained from sum pooling) to compute the saliency values in

Section 4.4.

Before moving ahead, we wish to reiterate on the following in the context of the present

work.

• The preprocessing steps being used are those of isolated point removal, same time stamp

removal and stroke merge elaborated in Section 2.2.
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Figure 4.1: Block diagram of the proposed sparse framework based online writer identification
system, that employs the saliency values of the dictionary atoms for writer description. The test data
refer to paragraphs or text lines written by the enrolled writers.

• The generation of the sub-strokes is based on the strategies discussed in Section 3.3.

• The feature vectors used for dictionary learning and subsequent sparse coding correspond

to the histogram set described in Section 3.4 with the bin size B set to ten.

• The atoms of the dictionary D are obtained by employing the algorithm of [76] imple-

mented in the SPArse Modeling Software (SPAMS) optimization toolbox.

4.3 Entropy based saliency computation

We assume that a learnt dictionary D comprising an over-complete set of M atoms is

available for us. Let NTr denote the total number of sub-strokes from all the writers whose

data is enrolled to the system for training. Assuming, that we have W writers, we partition

the NTr sub-strokes into W subsets {Sk}Wk=1 in a way that each subset comprises the feature

vectors of all sub-strokes segmented from the training handwritten samples of a single writer.

Accordingly, the cardinality of Sk, denoted by |Sk| corresponds to the number of sub-strokes

for the kth writer.

The pipeline of steps that we follow in our approach can be enumerated as follows:
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(i) Generation of histograms for each of the dictionary atoms.

(ii) Computation of the entropy for the set of histograms generated in step (i).

(iii) Computation of saliency value as a function of the entropy.

The details corresponding to each of them is provided in the following subsections.

4.3.1 Histogram generation

As stated, we construct separate histograms for the M atoms {φφφi}Mi=1 of the over-complete

dictionary D by proposing a generic vote accumulation framework - the details of which are

outlined below for a specific dictionary atom.

Let Hi denote the histogram for the ith dictionary atom φφφi, 1 ≤ i ≤ M . The process of

generation is based on utilizing the sparse coefficients corresponding to the dictionary atom

φφφi across all the writers. The size of the bins are set to W - corresponding to the number of

writers enrolled into the system. Accordingly, the values of the votes in each of the bins of Hi

can now be defined by {hi1, hi2, · · · , hiW}.

To begin with, the votes are set to zero across all the W bins. The process of accumulation

of the votes in the kth bin, (1 ≤ k ≤ W ) is proposed as follows:

For every feature vector of the sub-stroke from the kth writer (in subset Sk), we consider the

sparse coefficient associated to the ith dictionary atom. The present vote value for the kth bin

of Hi is then accumulated by the magnitude of this sparse coefficient.

The resulting accumulated votes from the sub-strokes of each of the W writers leads to

the generation of the histogram Hi. Said in another way, each bin represents the agglomera-

tion of the magnitude of the sparse coefficients corresponding to a given writer. Nonetheless,

without loss of generality, it may be noted that not all sparse coefficients being accumulated

are necessarily non-zero. Keeping this in perspective, we obtain an average value for the votes

/ sparse coefficients across each of the bins of Hi as follows:
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Let {αkij} denote the sparse coefficient corresponding to the ith dictionary atom, as obtained

from the jth sub-stroke of the kth writer (in Sk). We introduce an indicator variable I(αkij) as

follows:

I(αkij) =


1 |αkij| > 0

0 Otherwise

(4.1)

1 ≤ i ≤M , 1 ≤ j ≤ |Sk|, 1 ≤ k ≤ W

From the above, it may be inferred that
|Sk|∑
j=1

I(αkij) corresponds to the number of non-zero sparse

coefficients for the ith dictionary atom from the kth writer. Taking this into consideration, the

average value of the votes / sparse coefficients for the kth bin can now be written as:

h̃ik =
hik

|Sk|∑
j=1

I(αkij)

(4.2)

As a further step, by applying the following transformation, we ensure that the above votes of

the histogram are normalized to values in the range between 0 and 1.

pik =
h̃ik

W∑
k=1

h̃ik

(4.3)

4.3.2 Computation of saliency with entropy based values

Subsequent to the generation of the histograms {Hi}Mi=1 for the M atoms {φφφi}Mi=1, we com-

pute the entropy value for each of them as:

Hi =
W∑
k=1

−pik log2(pik) 1 ≤ i ≤M (4.4)

The set of obtained entropy values are then used to determine the saliency value for each atom

φφφi through an inverse relation defined below:

wi =
1

1 +Hi

(4.5)

It may be noted that the value of wi is between 0 and 1.

As a motivation to the use of the entropy measure, consider the case, wherein all the sparse
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coefficients for a dictionary atom (say φφφi) encapsulate the information of only the nth writer.

Clearly, with regards to the histogram Hi, we can now write:

pik =


1 k = n

0 Otherwise

(4.6)

For this scenario, the obtained value of the entropy Hi is zero. It is thus natural to suggest

that with regards to the sparse representation framework, the importance or saliency value for

φφφi should be maximum. This indeed is satisfied from utilizing the Equation 4.5, wherein we

obtain a value of one for wi.

Further to the above, one can also infer that in practice, dictionary atoms with histograms

presenting a lower entropy value indicate a higher degree of importance or saliency and vice-

versa. In short, the proposed importance value determination of all the dictionary atoms can be

regarded as a-priori information, that can be incorporated into the sparse classification based

writer description for performance improvement. The details of the same is discussed in Section

4.5.

As a further demonstration to the preceding discussion on saliency computation, we present

histograms corresponding to four dictionary atoms with their corresponding normalized votes

in Figure 4.2. For sake of visual clarity, we construct them by accumulating the votes of the

sparse coefficients from the sub-strokes corresponding to four paragraphs of 50 writers of the

IAM-Online database 3. Accordingly, the bins of the histograms are set to 50 - the number of

writers.

The atoms being utilized for generating the two histograms in sub-figures 4.2 (a) and (b)

are those that provide the lowest and highest saliency values respectively 4. For the present dis-

cussion, we denote them as φφφmin and φφφmax. It can be inferred that the trend in the normalized

votes are quite different for these histograms. The histogram in sub-figure 4.2 (a) corresponding

to the atom φφφmin (with the minimum saliency value) has bins with normalized votes more or

3We follow the protocol mentioned in Section 2.6.2, where four paragraphs of a writer are reserved used for
training.

4The over-complete dictionary D, for this illustration, comprises 400 atoms.
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(a) (b)

(c) (d)

Figure 4.2: Sub-figures (a) and (b) illustrate the histograms corresponding to two dictionary atoms
φφφmin and φφφmax presenting the minimum and maximum saliency value. Likewise, the sub-figures (c)
and (d) are the histograms of the atoms presenting the second minimum and maximum saliency
value. The normalized votes for each of the four histograms are obtained by accumulating the sparse
coefficients from the sub-strokes corresponding to four paragraphs of 50 writers of the IAM-Online
database. For more details refer the text.

less same across all the 50 writers - implying a near uniform distribution. This in turn results in

higher entropy and subsequently a low saliency / importance value for the atom (via Equation

4.5).

Compared to Figure 4.2(a), we see that the votes for the histogram of the atom φφφmax in sub-

figure 4.2 (b) exhibit more variation with relatively higher values being assigned to a subset of

the writers. In fact, a few of the bins corresponding to the writers have votes to as low as zero.

Thus, from the perspective of entropy, this histogram presents a lower value, thereby indicating

that the atom φφφmax is more salient with regards to the sparse classification framework.

Furthermore, we present the histograms of the dictionary atoms providing the second mini-
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(a) (b)

(c) (d)

Figure 4.3: The different sub-figures illustrate the histograms corresponding to the dictionary atoms
presenting the first and second minimum and maximum saliency value for the IBM-UB1 database. The
normalized votes for each of the four histograms are obtained by accumulating the sparse coefficients
from the sub-strokes corresponding to the data of the 43 writers of this database.

mum and maximum saliency values in the sub-figures 4.2(c) and (d). We observe that the trend

of the normalized votes being presented in these histograms are quite in line to those of sub-

figures 4.2(a) and (b) respectively. For sake of completeness, we also show the histograms cor-

responding to the dictionary atoms with the first and second minimum and maximum saliency

value for the IBM-UB1 database in Figure 4.3.

Lastly, for better clarity, we summarize the above idea in Algorithm 3 with an enumeration

of the pipeline of steps proposed for saliency value computation of the dictionary atoms. It may

be noted that the computation complexity for each of the steps, namely histogram generation,

entropy calculation and saliency value computation are O(M × NTr), O(M ×W ) and O(M)

respectively.
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Algorithm 3 Proposed entropy based saliency value computation

• Input:

– A set of histogram based feature vectors {fj}NTr
j=1 extracted from NTr sub-strokes

corresponding to enrolled training documents of W writers. (Refer Section 3.4).

– Dictionary D with M atoms {φφφi}Mi=1.

• Output: Saliency values {wi}Mi=1

• Algorithm:

Compute: αααj - the sparse coding coefficient vector for each feature vector fj as described
in Section 3.5.

For every dictionary atom φφφi in D

– Utilize the sparse coefficients to compute the histogram Hi comprising W bins.

– Compute the entropy of Hi.

– Compute the saliency value wi using Equation 4.5.

End For

4.4 Sum-pooling based saliency computation

For the discussion of this strategy, we assume that a dictionary D comprising M atoms has

been pre-learnt using feature vectors corresponding to NTr sub-strokes. We partition the sub-

strokes to W subsets {Sk}Wk=1 in a way that Sk comprises the feature vectors of all sub-strokes

segmented from the training handwritten samples of the kth writer.

Compared to the entropy based approach detailed in Section 4.3, the present strategy for

saliency computation, as we shall see shortly, relies on the information obtained from a single

histogram. The process of generation of this histogram is based on utilizing the sparse coeffi-

cients corresponding to the dictionary atom φφφi across all the writers.

Let H denote the histogram with the number of bins set at M - the dictionary size. Accord-

ingly, we can specify h1, h2, ....hM to represent the values of the votes in the bins. To begin

with, these votes are initialized to zero. The process of accumulation of the ith bin, (1 ≤ i ≤M)
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is proposed as follows:

For every feature vector of the sub-stroke from the kth writer (in subset Sk), we consider the

normalized sparse coefficient associated to the ith dictionary atom. The present vote value for

the ith bin of H is then accumulated by the magnitude of this sparse coefficient.

The resulting accumulated votes from the sub-strokes of each of the W writers leads to

the generation of the histogram H. Said in another way, each bin represents the agglomeration

of the magnitude of the normalized sparse coefficients from all writers.

Let αkij denote the sparse coefficient associated with the ith dictionary atom, as obtained

from the jth sub-stroke of the kth writer. Subsequent to the generation of the histogram H, the

vote for the ith bin hi is given by

hi =
W∑
k=1

|Sk|∑
j=1

ᾱkij (4.7)

where each of the summation terms

ᾱkij =
αkij∑M
i=1 α

k
ij

(4.8)

corresponds to the normalized value of the sparse coefficient αkij that lies between [0, 1].

We now define the saliency for the dictionary atom φφφi as:

wi = loge
NTr

hi
(4.9)

Without loss of generality, the number of sub-strokes NTr pooled across all the W writers are

greater than the votes received in each bin {hi}Mi=1. Owing to this, the M values of the saliency

computed from Equation 4.9 are greater than 1. Typically, for a dictionary size M = 400, they

lie in the range [5, 7] for most of the atoms on the IAM and IBM-UB1 databases. The plots

demonstrating the trend of saliency values, as obtained in these databases, are shown in Figure

4.4 (a) and (b) respectively.

In order to reduce the dynamic range of the values of the saliency values, we employ the
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(a) (b)

Figure 4.4: The two sub-figures represent the plots depicting the trend in the saliency values,
obtained with respect to the dictionary atoms for the IAM and IBM-UB1 database respectively. For
this illustration, the size of the dictionary M = 400.

following factor NF to map them in the range [0, 1].

NF = max
1≤i≤M

loge
NTr∑W

k=1

∑|Sk|
j=1 α

k
ij

(4.10)

It may be worth citing that the relationship proposed above bears semblance to the equation

of inverse document frequency (idf) from the field of document retrieval. In idf based scoring,

we emphasize on providing degree of importance to a given word based on its occurrence in a

set of documents [35]. In the context of our work, we analogize upon this idea by encoding the

degree of importance (or saliency) of a dictionary atom based on the sparse coefficients, that

are derived from the feature vectors of the sub-strokes of the enrolled writers.

For brevity, we summarize the proposed sum pooling based saliency computation in Algo-

rithm 4. In the next Section, we discuss on how the saliency values are incorporated into the

traditional sparse framework, leading to a modified writer descriptor.

4.5 Modified Writer Descriptor

Recall from Section 3.5 that the conventional strategy is to generate a writer descriptor that

is based on max or average pooling of the sparse codes.
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Algorithm 4 Proposed sum pooling based saliency value computation

• Input:

– A set of histogram based feature vectors {fj}NTr
j=1 extracted from NTr sub-strokes

corresponding to enrolled training documents of W writers.

– Dictionary D with M atoms {φφφi}Mi=1.

• Output: Saliency values {wi}Mi=1

• Algorithm:

Compute: αααj - the sparse coding coefficient vector for each feature vector fj.

Initialize a histogram H of M bins with zero votes.

For every feature vector in {fj}NTr
j=1

Utilize the normalized sparse coefficients to accumulate the votes in the M bins of H.
End For

Compute the saliency of the M dictionary atoms using Equation 4.9.

Normalize the values of the saliency in the range [0, 1] with the factor in Equation 4.10.

• Max pooling

zi = max
1≤j≤NT

|αij| (4.11)

• Average pooling

zi =
1∑NT

j=1 I(αij)

NT∑
j=1

|αij| (4.12)

1 ≤ i ≤M

Here, NT corresponds to the number of sub-strokes in the test document.

In our proposal, we attempt at modifying each of the above elements (obtained by either

of the strategies) by incorporating the prior knowledge available in the form of saliency values

for the dictionary atoms. In particular, we obtain a modified M dimensional descriptor ẑ using
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Algorithm 5 Writer descriptor generation using saliency values

• Input:

– A set of histogram based feature vectors {fj}NT
j=1 extracted from a document with

NT sub-strokes.

– Dictionary D with M atoms {φφφi}Mi=1.

– Saliency values {wi}Mi=1.

• Output: Modified writer descriptor

• Algorithm:

Calculate αααj - the sparse coding coefficient vector for each feature vector fj.

For every dictionary atom φφφi in D

– Compute zi by using the average pooling or max pooling strategy.

– Modify zi with the saliency value of φφφi to give ẑi.

End For

Stack {ẑi}Mi=1 to obtain the modified writer descriptor ẑ.

the product rule, with the ith element being expressed as

ẑi = wi × zi (4.13)

Our formulation of the modified descriptor ensures that higher preference is given to sparse

coefficients corresponding to dictionary atoms of higher saliency / importance and vice-versa.

With regards to the computational complexity, the modified descriptor involves an additional

time complexity of O(M), as compared to the traditional average or max pooling method, viz.

O(NT ×M). Following the generation of the modified descriptor, the one-versus-all Support

Vector Machine (SVM) with the RBF kernel is used to establish the identity of the writer for

the test document.

Last but not the least, we provide a high level summary of the proposed writer descriptor

in the form of pseudo-code (refer Algorithm 5).
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Figure 4.5: Pictorial overview of the approach depicting the adaptation of saliency values to a given
writer. For more details, refer the text.

4.6 Writer specific saliency value adaptation

In this section, we extend the idea of using saliency values in a way, so that they signify

the importance of each of the dictionary atoms for a given writer. In particular, we focus on

adapting them to the writer in question by considering the dynamic characteristics of his / her

handwriting only.

Figure 4.5 presents the high level pictorial view of our approach, that comprises two steps.

In the first step, we compute the saliency values by utilizing one of the two methods discussed

earlier in Sections 4.3 and 4.4 of this Chapter. At this point, it may be worth recalling that

each such computed value represents the importance of a dictionary atom with regards to the

average dynamic characteristics of the writers. Without loss of generality, the saliency values
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at this step are obtained without adapting them to any specific writer.

The added distinction / novel aspect comes via the second step, wherein we attempt to

formulate a similarity score for each atom, based on the reconstruction errors obtained from

the training feature vectors of the writer under consideration. Accordingly, for a dictionary

size of M atoms, we get a set of M similarity scores that capture the intra-writer information.

These are then fused using a simple linear combination with the M saliency values (obtained in

the first step) thereby resulting in the adaptation (in the form of weights) to a specific writer.

We now provide the mathematical framework for adapting the saliency values of the dic-

tionary atoms to each of the W writers. To begin with, for every feature vector fkj of the jth

substroke from the kth writer in Sk, we compute similarity scores skij that are related to the

reconstruction errors obtained separately from each of the M atoms of the dictionary.

skij =
1

1+ ‖ fkj − αkij × φφφi ‖2
1 ≤ i ≤M, 1 ≤ j ≤ |Sk|, 1 ≤ k ≤ W (4.14)

The obtained similarity scores for a dictionary atom φφφi are then averaged with regards to each

writer separately and normalized as follows

s̄normik =
s̄ik

s̄i1 + s̄i2 + .....+ s̄iW
(4.15)

where

s̄ik =
1

|Sk|

|Sk|∑
j=1

skij (4.16)

is the average similarity score of the kth writer corresponding to the atom φφφi. It may be noted

that the sum of the normalized components in Equation 4.15 is one.

In our proposal, for each atom φφφi, the adapted saliency value wik with regards to the kth

writer is determined by a linear combination of the s̄normik with wi.

wik = β × s̄normik + (1− β)× wi 1 ≤ i ≤M, 1 ≤ k ≤ W (4.17)

Here {wi}Mi=1 denotes the set of M saliency values obtained without adaptation to a specific

writer by employing either one of the strategies discussed in Section 4.3 and 4.4.

97

TH-2012_146102009



4. Exploration of saliency information in the sparse framework

4.6.1 Proposed Identification Framework

In order to assign the authorship of an input test document, we employ an ensemble of

SVMs as shown in Figure 4.6. The number of SVMs correspond to the writers enrolled in the

system. Each SVM is trained to predict the probable score of a specific writer. Thereafter, the

maximum of the scores obtained is used to retrieve the identity of the writer.

During the training process of a specific SVM in the ensemble, the descriptors obtained

from the enrolled documents of the writer in question are treated as positive samples. The

negative samples comprise the descriptors from the training documents of all the remaining

W − 1 writers. Though this framework bears semblance to the one-versus-all SVM, there is an

important distinction with regards to the data being employed to train the individual classifiers.

In our approach, the parameters of the kth SVM of the ensemble are learned from descriptors,

obtained by incorporating the M saliency adapted values for the kth writer.

Mathematically, for an input test document, we first generate the M dimensional vector z

by either of pooling strategies described in Section 3.5. Prior to utilizing the kth SVM of the

ensemble, we modify this vector by incorporating the M saliency adapted values pre-computed

for the kth writer. In other words, we have,

ẑik = wik × zi 1 ≤ i ≤M, 1 ≤ k ≤ W (4.18)

If we denote the vector wk to represent the saliency values for the kth writer, we can rewrite

the above equation using an element by element multiplication operation as

ẑk = wk � z (4.19)

where wk = [w1k w2k ....... wMk]
T . Note that ẑk corresponds to the modified descriptor that

is fed to the kth SVM of the ensemble.

For completion and ease of clarity, we provide a high level summary of the proposed writer

identification framework in pseudo-code (Algorithm 6), with the adapted saliency values of

dictionary atoms.
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Algorithm 6 Proposed identification system based on writer adopted saliency values

• Input:

– A set of histogram based feature vectors {fj}NTr
j=1 extracted from NTr sub-strokes

corresponding to enrolled training documents of W writers.

– Test document containing NT feature vectors.

– Dictionary D with M atoms {φφφi}Mi=1.

• Output: Writer identity

• Algorithm:

% Training

Compute saliency values of a dictionary wi by employing either Algorithm 3 or 4.

% Calculation of writer-specific saliency values

For every writer enrolled in the system
For every dictionary atom φφφi in D

– Calculate the similarity scores skij across all the enrolled feature vectors belonging
to the writer in question.

– Derive the normalized average similarity scores s̄normik using Equation 4.15.

– Utilize Equation 4.17 to compute the adapted saliency value.

End For
End For

%Testing

Obtain traditional descriptor z by using the average pooling strategy.

For k= 1: Number of Writers W
Utilize the modified descriptor zk as an input to the kth SVM of the ensemble.
Obtain the predictive score of the kth writer from the kth SVM of the ensemble.
End For

Assign the authorship to the writer with the maximum score.
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4.7 Experiments and discussion

We start this Section by outlining the various writer identification systems implemented,

together with their abbreviations.

• SPF : This system corresponds to the traditional sparse representation framework based

on average / max pooling (without the incorporation of saliency).

• EN-SL: This system refers to the modified sparse representation framework based on

average / max pooling with the incorporation of saliency obtained from the entropy

approach.

• SP-SL: This system corresponds to the modified sparse representation framework based on

average / max pooling with the incorporation of saliency obtained from the sum-pooling

approach.

• SAL-ADP : refers to the system where the modified writer descriptor is computed by in-

corporating writer-specific saliency values to the writer descriptor obtained via traditional

pooling strategies.

With regards to the training and evaluation protocols, we employ the same as discussed in

Section 2.6.2 for the IAM and IBM-UB1 databases. For each database, the atoms of the

dictionary are learnt from the enrolled data corresponding to 25% of the number of users, that

are randomly chosen.

4.7.1 Influence of the saliency based incorporation

In this experiment, we compare the performance of the EN-SL and SP-SL for writer iden-

tification over the traditional SPF system (with average based pooling approach). The results

obtained at the paragraph and text-line levels are shown in Table 4.1 (a) and (b) for varying

dictionary sizes on the IAM and IBM-UB1 databases.

From Table 4.1 (a), we observe that the performance of the two modified systems attains

a best performance of 99.28% and 99.07% for M = 400 at the paragraph level on the IAM
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database. In contrast, the traditional descriptors of the SPF system trails behind, achieving

a best average identification rate of 98.41% again at M = 400. Likewise, at text-line level, we

see an improvement in performance accuracy from 87.69% (SPF system) to 89.54% (EN-SL

system) and 88.61% (SP-SL system). Not to mention, across the different dictionary sizes con-

sidered, at both paragraph and text-line levels, the modified writer descriptors with saliency

provides a better identification rate than that obtained without their incorporation. It may be

noted here that a similar trend of improvement is also observed with respect to the IBM-UB1

database in Table 4.1 (b).

Further, we also consider experimenting our proposed frameworks of saliency value incor-

poration on the traditional max pooling strategy. The results enumerated in Table 4.2 (a) and

(b) on both the databases do show a promising trend with the modified writer descriptor at

both paragraph and text-line level across all the dictionary sizes.

We now demonstrate that the results of the proposed writer descriptors with the incorpo-

ration of the saliency values for the dictionary atoms is statistically significant when compared

to the traditional averaged and max pooling classification frameworks. The statistical check

has been performed using the Student’s t-test for a significance level of 0.05. Table 4.3 (a)

and (b) outlines the p-values obtained with regards to the systems - EN-SL and SP-SL at both

paragraph and text-line levels on the IAM and IBM-UB1 databases. A trend of low values for

p is empirically observed across each of the entries in the Table - thus indicating the statistical

significance of our proposal.

4.7.2 Influence of writer-specific adaptation of saliency values

In this section, we present the efficacy of our proposed SAL − ADP system, wherein the

saliency values are adapted for each writer separately by considering the linear combination in

Equation 4.17. To begin with, we investigate the influence of the weight β on the identification

performance by varying its value from zero to one in steps of 0.1. We employ the entropy

approach discussed in Section 4.3 for obtaining the saliency of dictionary atoms. Moreover, the

descriptor to each SVM in the ensemble of Figure 4.6 is obtained by incorporating the adapted
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Table 4.1: Comparison of average writer identification rates (in %) for the descriptor obtained via
the traditional average pooling approach and our proposals EN-SL and SP-SL with varying dictionary
sizes M . The best average identification rate is marked in bold.

Dictionary
size M

Paragraph-level Text-level

SPF EN-SL SP-SL SPF EN-SL SP-SL

system system system system system system

50 92.45 93.60 92.92 64.29 68.92 66.40

100 93.33 94.80 94.15 71.19 73.25 72.07

150 94.50 96.18 95.83 74.42 76.44 75.73

200 95.84 97.07 96.62 78.70 79.62 79.11

250 96.78 97.82 97.48 80.99 82.59 82.03

300 97.65 98.52 98.11 84.99 86.84 85.97

350 98.09 98.99 98.57 86.51 88.65 87.49

400 98.41 99.28 99.07 87.69 89.54 88.61

450 98.27 99.21 98.96 87.44 89.43 88.35

500 98.16 99.13 98.89 87.25 89.27 88.16

(a) IAM Database

Dictionary
size M

Paragraph-level Text-level

SPF EN-SL SP-SL SPF EN-SL SP-SL

system system system system system system

50 72.65 74.33 73.34 52.53 54.64 53.05

100 76.16 78.19 77.10 60.25 62.72 61.17

150 80.29 81.77 81.16 64.95 67.67 66.75

200 83.14 84.46 83.89 69.35 71.59 70.13

250 87.28 88.56 88.07 72.14 74.46 73.07

300 91.10 92.45 91.92 76.30 78.82 77.35

350 93.64 94.88 94.03 78.25 80.27 79.11

400 95.16 96.37 95.78 79.47 81.61 80.35

450 95.03 96.24 95.64 79.29 81.53 80.25

500 94.91 96.16 95.53 79.18 81.46 80.18

(b) IBM-UB1 Database
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Table 4.2: Comparison of the average writer identification rates (in %) for the descriptor obtained
via the traditional max pooling approach and our proposals EN-SL and SP-SL with varying dictionary
sizes M . The best average identification rate is marked in bold.

Dictionary
size M

Paragraph-level Text-level

SPF EN-SL SP-SL SPF EN-SL SP-SL

system system system system system system

50 43.06 54.59 51.83 26.84 28.52 27.63

100 79.38 81.13 80.56 44.42 46.53 45.49

150 89.81 91.78 90.74 59.22 62.11 61.20

200 92.94 94.10 93.67 65.64 67.87 66.84

250 95.95 96.69 96.19 75.13 77.44 76.57

300 96.61 97.26 96.84 78.55 80.42 79.75

350 97.47 97.84 97.66 82.16 84.21 83.81

400 98.03 98.56 98.25 85.89 87.91 86.95

450 97.92 98.41 98.17 85.69 87.58 86.79

500 97.83 98.32 98.09 85.54 87.42 86.64

(a) IAM Database

Dictionary
size M

Paragraph-level Text-level

SPF EN-SL SP-SL SPF EN-SL SP-SL

system system system system system system

50 71.34 73.75 72.53 50.49 53.44 52.09

100 75.41 77.91 76.80 58.16 60.32 59.45

150 79.76 81.37 80.64 62.78 66.18 64.57

200 82.37 83.80 83.25 67.76 69.95 68.78

250 86.50 88.07 87.57 70.07 73.83 72.36

300 90.44 91.99 91.29 74.83 77.31 76.29

350 92.69 94.15 93.58 77.39 79.14 78.21

400 94.28 95.79 94.98 78.57 80.66 79.72

450 94.16 95.66 94.83 78.34 80.49 79.60

500 94.02 95.53 94.71 78.19 80.37 79.47

(b) IBM-UB1 Database
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Table 4.3: Statistical significance of the EN-SL and SP-SL over the average and max pooling strate-
gies for both the databases.

Database Classification framework Paragraph Level Text line level

IAM
Average pooling 1.30× 10−3 1.98× 10−4

Max pooling 2.20× 10−3 1.79× 10−6

IBM-UB1
Average pooling 1.02× 10−4 2.66× 10−7

Max pooling 2.29× 10−5 9.33× 10−7

(a) EN-SL system

Database Classification framework Paragraph Level Text line level

IAM
Average pooling 1.93× 10−2 2.31× 10−2

Max pooling 4.08× 10−2 6.39× 10−4

IBM-UB1
Average pooling 1.41× 10−2 3.50× 10−3

Max pooling 4.20× 10−3 5.79× 10−4

(b) SP-SL system

saliency values to the SPF system, that is based on the average pooling strategy 5

The best average identification rates are presented in Table 4.4 for both the databases. As

for the trend, the identification rate increases with β, attains a maximum and then decreases.

The best identification rates at paragraph and text line levels are obtained at a β value of 0.5

and 0.6 for the IAM and the IBM-UB1 database respectively. It may be noted here that the

value β = 0 relates to the performance of the EN-SL system.

Further to the above, we analyse the performance of the SAL-ADP system for varying

number of dictionary atoms M . We consider the dictionary size from 50 to 100 in increments

of 50 and values of β from 0 to 1 in steps of 0.1. From Table 4.5, we see that the highest

writer identification rates at paragraph and text line level for IAM database are at 99.54% and

91.26% respectively for M= 400. With respect to the IBM-UB1 database, an identification

rate of 97.24% and 83.54 % is achieved - once again for the same dictionary size.

5The SPF with average pooling strategy outperforms over the max pooling approach, thus justifying our
choice.
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Table 4.4: Influence of the weighting factor β used for adapting the saliency values on writer identi-
fication.

Database
Training β value

framework 0 0.2 0.4 0.5 0.6 0.8 1

IAM
Paragraph level 99.28 99.37 99.46 99.54 99.41 99.10 98.77

Text line level 89.54 90.23 90.89 91.26 90.37 88.96 88.04

IBM-UB1
Paragraph level 96.37 96.62 96.86 97.10 97.24 97.03 96.77

Text line level 81.61 82.17 82.73 83.09 83.54 82.96 82.49

Table 4.5: Influence of dictionary size on the modified writer descriptor obtained from the writer-
specific saliency adapted values. For this experiment, the saliency is computed using the entropy-based
approach discussed in Section 4.3.

Dictionary
size M

IAM database IBM-UB1 database

Paragraph
level

β
Text line

level
β

Paragraph
level

β
Text line

level
β

100 98.73 0.5 81.36 0.4 79.98 0.6 66.84 0.5

200 98.94 0.6 86.49 0.4 86.22 0.5 75.01 0.6

250 99.19 0.4 88.29 0.5 90.19 0.6 78.97 0.5

300 99.31 0.5 89.47 0.6 93.84 0.6 82.33 0.5

350 99.42 0.4 90.66 0.4 95.36 0.5 82.95 0.6

400 99.54 0.5 91.26 0.5 97.24 0.6 83.54 0.6

450 99.41 0.6 90.71 0.6 97.11 0.5 83.49 0.5

500 99.27 0.5 89.99 0.5 97.03 0.6 83.42 0.5

Table 4.6 provides the performance of the SAL − ADP system, for the case where the

saliency values are obtained by employing the sum-pooling strategy of Section 4.4. The best

results are obtained at a dictionary size of M = 400 for both the paragraph and text-line levels.

For completeness, we also tabulate the p values, as obtained by Student’s t-test in Table 4.7.

The low values (p being less than 0.05) do suggest that the results of SAL-ADP are statistically

significant with the EN − SL and SP − SL based systems that do not perform adaptation to

each writer.
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Table 4.6: Influence of dictionary size on the modified writer descriptor obtained from the writer-
specific saliency values. For this experiment, the saliency is computed using the sum pooling based
approach discussed in Section 4.4.

Dictionary
size M

IAM database IBM-UB1 database

Paragraph
level

β
Text line

level
β

Paragraph
level

β
Text line

level
β

100 97.34 0.4 74.39 0.5 78.70 0.6 62.15 0.5

200 98.43 0.6 81.52 0.4 84.56 0.5 71.04 0.6

250 98.70 0.6 84.38 0.6 88.68 0.6 74.57 0.5

300 99.04 0.5 86.70 0.5 92.49 0.5 78.47 0.4

350 99.21 0.4 88.59 0.4 94.42 0.4 80.10 0.5

400 99.37 0.5 90.43 0.5 96.38 0.5 81.53 0.6

450 99.29 0.4 90.27 0.4 96.21 0.6 81.34 0.4

500 99.17 0.5 90.01 0.6 96.13 0.5 81.07 0.4

Table 4.7: Statistical significance of the performance of the saliency adapted based writer descriptors
via the Student’s t-test over those without adaptation.

Database Paragraph Level Text line level

IAM
EN-SL 4.32× 10−2 9.92× 10−4

SP-SL 4.91× 10−2 7.63× 10−6

IBM-UB1
EN-SL 5.10× 10−3 5.97× 10−7

SP-SL 1.86× 10−2 9.80× 10−4

4.8 Conclusion

In this Chapter, we presented a sparse classification based writer identification system for

online handwritten documents by introducing a-priori (saliency) information for each dictionary

atom. The saliency values quantify in an average sense, the degree of importance of each of

the dictionary atoms with regards to the dynamic characteristics of the enrolled writers. We

proposed two strategies for computing the saliency values. The first methodology relies on

entropies that computed over several histograms - the number of which corresponds to the size

of the dictionary used. Contrary to this, in the second methodology, only a single histogram is

used, wherein the sparse coefficients resulting from the sum pooling operation are employed to
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4. Exploration of saliency information in the sparse framework

obtain the saliency values.

In addition to the above contributions, we also proposed a strategy for adapting the saliency

values to each of the writers enrolled to the system. In order to identify the writer, we formulate

an ensemble of SVMs, wherein the input to the SVM trained for a writer is based on the adapted

saliency values for that writer. Lastly, we empirically showed through several experiments that

the incorporation of saliency values (with / without adaptation) outperforms the traditional

max and average pooling of sparse codes on the handwritten samples of the IAM and IBM-UB1

respectively.
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5. Summary

5.1 List of contributions

In this section, we summarize on the different contributions made in this thesis.

• Investigation on the merit of the Vector of Locally Aggregated Descriptor (VLAD) ap-

proach, a codebook based descriptor popularly used in the field of image retrieval for

online writer identification.

• Demonstration of a potential drawback with the VLAD framework for writer identifica-

tion.

• Proposal of a novel codebook based descriptor that alleviates the limitation of the VLAD

and its variants.

• Empirical study of a reduced dimension version of our proposed codebook descriptor and

its comparison to the VLAD.

• For constructing the codebook, and subsequently the descriptor, point based features are

proposed by specifying a gap parameter. The value of the parameter ensures that the

features extracted capture the neighbourhood information of the point under considera-

tion.

• Exploration of sparse dictionary framework to the domain of online writer identification.

The main crux is in utilizing novel information from the sparse coefficients to generate

writer descriptors.

• Proposal of novel histogram based features for shape description of the sub-strokes seg-

mented from the online trace. These have been inspired by the idea of Histogram of

Oriented Gradients, that is popular in the area of image processing.

• Utilization of the histogram based feature vectors and their sparse coefficients, for deriving

sparse coded descriptors. The descriptors provide the description of the writer at a finer

level, when compared to the traditional max / average pooling strategies.
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• Proposal of an entropy based analysis for the appropriate bin size to be selected for

obtaining the features so as to ensure discrimination between the writer descriptors.

• Modification of the traditional average / max pooling writer descriptor by incorporating

the derived saliency values of the dictionary atoms, that are pre-learnt during the training

phase.

• Exploration of two novel schemes to quantify the saliency values of the dictionary atoms

with regards to the average dynamic characteristics of a writer. The first proposal make

use of entropy measure computed over histograms generated from sparse coefficients while

the second utilizes a histogram obtained from sum pooling the sparse coefficients across

all the writers.

• Proposal to adapt the saliency values of the dictionary atoms for each writer separately

by taking into consideration the characteristics of his / her handwriting.

• Formulation of an ensemble of SVMs, wherein the descriptor to the SVM trained for a

writer is based on the saliency values adapted for that writer. The final decision on the

authorship is proposed as the maximum of the prediction score obtained from the SVMs.

5.2 Discussion of prior works

The goal of this Section is to see on how the proposed strategies of this thesis fares with works

from literature that use the IAM and IBM-UB1 databases. We summarize on the performances

obtained from each of the contributing Chapters in Table 5.1. It can be noticed that the

sparse representation based approaches provide an improved performance when compared to

the codebook based descriptor. This is owing to the flexibility that the sparse representation

methods provide in terms of representing a substroke as a linear combination of the atoms in

the dictionary. Contrast to that, the codebook based approach allows each feature vector to

get associated with one codevector only.

111

TH-2012_146102009



5. Summary

Table 5.1: Summary of results of proposals of thesis on the IAM and IBM-UB1 database.

Database Proposal Paragraph Level Text line level

IAM
Chapter 2 98.82 89.62

Chapter 3 99.45 90.28

Chapter 4 99.54 91.26

IBM-UB1
Chapter 2 96.10 81.59

Chapter 3 97.21 83.49

Chapter 4 97.24 83.54

An enumeration of the previous explorations are thereafter presented in Table 5.2. The

entries are the writer identification rates (in %) as reported from the respective references. It

may be noted that the systems being outlined can differ with regards to the features as well as

the classifier and enrolment strategies. Therefore, it is to be borne in mind that a direct one

to one comparison to these approaches may not be fair.

To the best of our knowledge, the writer identification systems proposed in [13,29,44] utilize

the IAM database for experimentation. The authors of [29] use a GMM based framework and

present an identification rate of 98.56% and 88.96% at paragraph and text line level. The

concept of Latent Dirichlet Allocation utilized in [13] and the subtractive clustering based

approach of [44] lead to a paragraph-level writer identification rate of 93.39% and 96.30 %

respectively. In comparison, our proposals of the thesis provide a competent performance at

paragraph and text line level respectively.

For the IBM-UB1 database, there has been only one exploration till date [13] wherein, a

writer identification rate of 89.47 % is reported at paragraph level. Once again we do better

than this work.

5.3 Possible pointers for the future

We now present possible research avenues that can be taken up in future.

• The generation of the codebook based descriptor of Chapter 2 is derived by accumulating
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5.3 Possible pointers for the future

Table 5.2: Survey of online writer identification systems on the IAM and IBM-UB1 database. The
numbers are the writer identification rates (in %) as reported from the respective references. Moreover,
entries in the table marked with (-) symbol indicate that the respective authors have not reported the
results for them.

Database Method Paragraph Level Text line level

IAM
GMM based likelihood system [29] 98.56 88.96

Latent Dirichlet Allocation (LDA) [13] 93.39 -

Subtractive Clustering [44] 96.30 -

IBM-UB1 Latent Dirichlet Allocation (LDA) [13] 89.47 -

scores that are a function of the residual / distortion between a feature vector and the

nearest codevector. In this regard, only the first order statistic of the handwritten data of

a writer has been considered in the description. A possible investigation could thus be in

the direction of incorporating second order statistics [77,78] into our formulation study.

• In Chapter 2, the point based features used for obtaining the codebook based descriptors

are parametrized by a gap parameter. In the present thesis, each of the feature attributes

is computed by considering the same value of this parameter. A possible avenue for the

future is to adapt these values for each feature attribute individually and accordingly

judge the performance.

• In Chapter 3 and 4, we focus mainly on generating descriptors based on the pre-learnt

over complete dictionary of atoms. As such, the choice of dictionary learning algorithms

has not been considered in the thesis. It would be interesting to see how the performance

of our proposed writer identification systems would relate to the choice of the dictionary

learning algorithm being used.

• The ideas proposed in the three contributing Chapters of this thesis may be extended for

the task of offline writer identification. The road-map of steps would be to first segment

out the allographs or letter parts and then describe each patch thereof with features such

as SIFT or RootSIFT [21]. The extracted features be used to generate the codebook
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/ dictionary and subsequently the writer descriptor. At this juncture, it may be worth

mentioning that, in place of hand crafted SIFT based features, one can also attempt to

describe the allographs with Convolutional Neural Network activation features as done

in [79,80].

• The strategies proposed in this thesis consider the case of single script writer identification

where in a writer has written in one language only. A possible investigation would be to

analyse the trend of these systems in a multi-script writer identification scenario.

• In the traditional SVM formulation, given a new handwriting sample from an unseen

writer, all models need to be retrained. This issue is however alleviated by the use of

the Exemplar-SVM that has been proposed in the area of object detection [81]. Very

recently, such a framework has found much success for offline writer identification [21].

The adaptation of the same to online writer identification can be a possible avenue for

investigation.

Notwithstanding the above extensions, the present thesis is the first of its kind to propose

interesting novel writer descriptors based on the code vectors of codebook and atoms of a

dictionary
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