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Abstract

Writer identification is the task of determining the author
of a sample handwriting from a set of writers. In this paper,
we propose Gaussian Mixture Models (GMMs) to address
the task of off-line, text independent writer identification of
text lines. The resulting system is compared to a system
that uses a Hidden Markov Model (HMM) based approach.
While the GMM based system is conceptually much simpler
and faster to train than the HMM based system, it achieves
a significantly higher writer identification rate of 98.46%
on a data set of 4,103 text lines coming from 100 writers.

Keywords: writer identification, off-line handwriting,
Gaussian Mixture Model.

1. Introduction

Significant progress has been achieved in writer identifi-
cation in recent years. Surveys on early work in automatic
writer identification and signature verification are given in
[9, 15]. New approaches to writer identification have been
proposed recently. Said et al. [18] treat the writer identifica-
tion task as a texture analysis problem using multi-channel
Gabor filtering and grey-scale co-occurrence matrix tech-
niques. Srihari et al. [4, 24] address the problem of writer
verification by casting it as a classification problem with
two classes, authorship and non-authorship. Zois et al. [25]
base their approach on single words by morphologically
processing horizontal projection profiles. Hertel et al. [7]
describe a system for writer identification that extracts a
set of features from a text line and uses a k-NN classifier
to determine the author. Edge-based directional probability
distributions and connected-component contours as features
for the writer identification task are proposed in [22, 23].
Bensefia et al. introduce graphemes as features for describ-
ing the individual properties of handwriting [1, 2]. Leedham
et al. [10] present a set of eleven features which can be ex-
tracted easily and used for the identification and verification
of documents containing handwritten digits.

In previous work we have used Hidden Markov Model
(HMM) based recognizers for writer identification [20, 19].
For each writer, an individual recognizer is built and trained
on text lines of that writer. This results in a number of rec-
ognizers, each of which is an expert on the handwriting of
exactly one writer. The recognizers are built from charac-
ter models using HMMs with 14 states that are connected
in a linear topology. A mixture of five Gaussian compo-
nents forms the output probability distribution. The charac-
ter models are connected to word models which themselves
are connected to form line models. In the identification
phase, a text line of unknown origin is presented to each of
these recognizers and each one returns a transcription that
includes the log-likelihood score for the generated output.
Using this system, a writer identification rate of 97.03% in a
100 writers experiment using 4,103 lines of text is reported
in [19].

In this paper, instead of HMM based recognizers, we
use Gaussian Mixture Models (GMMs) to model a person’s
handwriting. While GMMs have been used in the speech
recognition community [16, 17], they have not been ap-
plied, to the best of our knowledge, to off-line writer iden-
tification. A GMM can be viewed as a single-state HMM
with a Gaussian mixture observation density. The advan-
tages of using GMMs over HMM based recognizers are
manifold. First, GMMs are conceptually less complex than
HMMs consisting of only one state and one output distribu-
tion function, which leads to significantly shorter training
times. Second, in GMMs only the parameters of the out-
put distribution function have to be estimated during train-
ing compared to HMMs where the state transition probabil-
ities have to be estimated as well. Third, neither words nor
characters have to be modeled using GMMs, because ev-
ery writer is represented by exactly one model. Finally, no
transcription of the text lines are needed during training.

The rest of this paper is structured as follows. In the
next section we shortly introduce GMMs. In Section 3 we
present our GMM based system. Section 4 presents and
discusses the experimental results and Section 5 concludes
the paper and presents future work.
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2. Gaussian Mixture Models (GMMs)

We use GMMs to model the handwriting of each person
of the underlying population. The distribution of the feature
vectors extracted from a person’s handwriting is modeled by
a Gaussian mixture density. For a D-dimensional feature
vector, x, the mixture density for a specific writer is defined
as

p(x|λ) =
M∑

i=1

wipi(x). (1)

The density is a weighted linear combination of M uni-
modal Gaussian densities, pi(x), each parameterized by a
D× 1 mean vector, μi, and a D×D covariance matrix, Ci.
The parameters of a writer’s density model are denoted as
λ = {wi, μi, Ci}, i = 1, . . . , M where the mixture weights,
wi, sum up to one. While the general model supports full
covariance matrices, we use diagonal covariance matrices
in this paper as experiments have shown that they perform
better than full covariance matrices [17].

The GMMs are trained using the iterative Expectation-
Maximization (EM) algorithm [6]. The EM algorithm iter-
atively refines the GMM parameters to monotonically in-
crease the likelihood of the estimated model for the ob-
served feature vectors. We apply variance flooring to im-
pose a lower bound on the variance parameters [14].

During decoding, the feature vectors of X =
{x1, . . . ,xT } are assumed to be independent. The log-
likelihood of a model λ for a sequence of feature vectors
X is defined as

log p(X |λ) =
T∑

t=1

log p(xt|λ),

where p(xt|λ) is computed according to Eq. 1 [17]. The
GMMs are implemented using the Torch library [5].

3. A GMM Based Writer Identification System

For each writer, a GMM is built and trained with data
coming from that writer only. To train the GMM, a set of
features are extracted from a text line. Before feature ex-
traction, we apply a series of normalization operations to
each text line. First, contrast is enhanced. Then the writing
is vertically scaled (see [21] for a detailed description of the
vertical scaling operation).

Different pens of different width have been used to write
the text lines. In order to eliminate the effect of the pen
width on the writer identification rate, all text lines are
thinned using the MB2 thinning algorithm [3]. After thin-
ning, all lines in a text line image are at most two pixels
wide.

In the next step, features are extracted using a sliding
window. The window moves from left to right one pixel
per step. For every column of pixels in the sliding win-
dow, nine geometrical features are extracted. The features
represent the following geometrical quantities [11]: num-
ber of black pixels in the window, center of gravity, second
order moment, position and contour direction of the upper
and lower-most pixel, number of black-to-white transitions
in the window, and fraction of pixels between the upper and
lower-most pixel. The feature vectors of every column in
the sliding window are averaged to produce the final fea-
ture vector. In a final step, the feature vectors which do not
contain any upper and lower-most black pixels are deleted.

The window width of the sliding window was optimized
in an independent validation experiment consisting of 571
text lines from 20 writers. These 20 writers were not used in
the subsequent experiments. A fixed number of 100 Gaus-
sian mixture components and a variance threshold of 0.001
were used for training. The window width was varied from
2 to 32 by steps of two. The highest writer identification rate
of 99.05% was achieved using a window width of 14 pixels.
This window width was used in all subsequent experiments
to extract the features from a text line.

The sequence of nine-dimensional feature vectors thus
obtained from each line of text is used to train the GMMs.
As a result of the training procedure, we obtain for each
writer a GMM that is specially adapted to the individual
handwriting style of that writer. During identification, a text
line to be classified is presented to the GMM of each writer.
Each GMM outputs the log-likelihood score and the stan-
dard deviation for the given text line. The log-likelihood
scores are sorted in decreasing order and the text line is as-
signed to the best ranked writer.

In applications where a wrong identification implies a
high cost, it is advisable to implement a rejection mech-
anism [13]. For the GMM based system, we define two
simple confidence measures. The first confidence measure
is the difference between the log-likelihood of the first and
the second best ranked writer, normalized by the length of
the text line, i.e., cm1 = (l1 − l2)/length. For the second
confidence measure, instead of the length of the text line,
we use the standard deviation of the first ranked writer, s1,
to normalize the score, i.e., cm2 = (l1−l2)/s1. Using these
confidence measures, we define the following rejection rule.
If the confidence measure is above a certain threshold, we
assign the text line to the best ranked writer. Otherwise, no
decision about the identity of the text line is made.

4. Results and Discussion

The experiments are based on pages of handwritten text
from the IAM database [12]1.The database contains over

1The database is publicly available at: www.iam.unibe.ch/˜fki/iamDB
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Figure 1. Writer identification rate as a func-
tion of the number of Gaussians and the vari-
ance threshold.

1,500 pages of hand written text from over 650 different
writers. Each page contains between five and eleven text
lines. For each writer we use five pages of text from which
between 27 and 54 text lines are extracted.

The data set used in this experiment contains 4,103 text
lines from 100 different writers. This data set is identical
to the one used in [19]. For each writer, the set of available
text lines is split into four disjoint subsets. We perform full
four-fold cross validation experiments. Three subsets are
used for training and the fourth subset is used for testing.

We first conducted an experiment to measure the influ-
ence of the number of Gaussians and the variance threshold
on the writer identification rate. In this experiment, we sys-
tematically varied the number of Gaussian mixture compo-
nents from 60 to 240 by steps of 10 and varied the variance
threshold from 0.001 to 0.025 by steps of 0.002.

The results of this experiment are presented in Fig. 1.
The highest writer identification rate of 98.46% is achieved
using 200 Gaussians and a variance threshold of 0.005. This
result is significantly better (at the statistical significance
level of 99% using the K-Fold Cross-Validation Paired t-
Test [8]) than the 97.03% presented in [19]. An identifica-
tion rate higher than 97.03% is achieved using 70 Gaussians
or more.

In Fig. 2, an n-best list is shown, where the writer iden-
tification rate based on the first n ranks is plotted. The error
rate of the GMM based system drops below 1% if the first
two ranks, and below 0.5% if the first five ranks are consid-
ered. For comparison, the n-best list of the HMM system
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Figure 2. n-best list for the HMM and the GMM
based system.
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Figure 3. Error-rejection curve for the HMM
and the GMM based system.

on the same data set is shown in Fig. 2 as well. The n-best
list of the GMM based system clearly outperforms the one
of the HMM based system.

The error-rejection curves of the HMM and the GMM
based system are shown in Fig. 3. If 4% of the text lines
with the lowest confidence score are rejected, then a writer
identification rate higher than 99.5% is achieved by the
GMM based system. The error-rejection curve of the GMM
based system using the confidence measure cm2 to reject
the text lines performs slightly better than cm1. Addition-
ally, in Fig. 3 the error-rejection curve for the HMM based
system using cm1 is shown for comparison. The error-
rejection curve produced by the GMM based system using
cm2 performs better than, or equal to, the error-rejection
curve of the HMM based system.

5. Conclusions

In this paper we use Gaussian Mixture Models (GMMs)
to address the task of text-independent writer identification.
A GMM models the distribution of a person’s handwriting
for each writer. When presented with a text line of un-
known origin, each GMM outputs the log-likelihood score
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and standard deviation for the given input. We rank the
log-likelihood scores of each model and choose the high-
est ranked writer.

We have tested our system on a data set consisting of
4,103 text lines coming from 100 writers. This data set
is identical to the one used in [19], where a writer identi-
fication system built from Hidden Markov Model (HMM)
based recognizers is presented. While the GMM based sys-
tem is conceptually much simpler and takes substantially
less time to train than the HMM based system, it achieves
a significantly higher writer identification rate of 98.46%
on this data set. Furthermore, if we consider not only the
first, but the four highest ranked writers, in over 99.5% of
all cases the writer of the text line is correctly identified.
Applying a simple confidence measure, we obtain a writer
identification rate higher than 99.5% if we reject 4% of the
text lines with the lowest confidence score.

In order to compare the performance of the GMM sys-
tem with the HMM based system we have used three pages
of text from each writer to train the system. In future work,
we plan to measure the influence of using less data to train
the GMMs. A possible approach is to use an universal back-
ground model [17] and then adapt this model to each spe-
cific writer model using fewer data. Furthermore, we plan
to address the task of writer verification.
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