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Abstract

In this paper, we present a new approach to improving
the performance of a writer identification system by fus-
ing asynchronous feature streams. Different feature streams
are extracted from on-line handwritten text acquired from a
whiteboard. The feature streams are used to train a text and
language independent writer identification system based on
Gaussian Mixture Models (GMMs). From a stroke con-
sisting of n points, n point-based feature vectors and one
stroke-based feature vector are extracted. The resulting
feature streams thus have an unequal number of feature
vectors. We evaluate different methods to directly fuse the
feature streams and show that, by means of feature fusion,
we can improve the performance of the writer identification
system on a data set produced by 200 different writers.

Keywords: writer identification, feature fusion, on-line
handwriting

1 Introduction

The work described in this paper has been conducted
in the context of research on Smart Meeting Rooms [12].
The aim of this research is to automate standard tasks usu-
ally performed by humans in a meeting [1, 11]. To record
a meeting, Smart Meeting Rooms are equipped with syn-
chronized recording interfaces to capture audio, video, and
handwritten notes.

An important task in a Smart Meeting Room is to capture
the handwriting rendered on a whiteboard during a meeting
and to identify the author of the text. Having identified the
author enables us to label the handwriting with the writer’s
identity. Furthermore, it allows us to validate the identifi-
cation results of video- or audio-based person identification
systems within the Smart Meeting Room scenario.

We use Gaussian Mixture Models (GMMs) to model a
person’s handwriting. GMMs provide a powerful yet sim-
ple means of representing the distribution of the features
extracted from the text lines written by a person. The mod-

els have a mathematically simple, well understood structure
and there exist standard algorithms for training and testing.

GMMs have originally been used in speech recognition
[14]. Richiardi et. al introduce GMMs for on-line signature
verification [15]. For off-line writer identification of text
lines GMMs are used in [19].

In [9] we have introduced a language and text indepen-
dent GMM-based system to identify the writer of on-line
handwriting captured from a whiteboard. The system is
trained using point- and stroke-based feature sets extracted
from the on-line data. The current paper presents an ex-
tension of the system described in [9] that is based on the
fusion of point- and stroke-based features.

Feature fusion has been used, for example, in the au-
tomatic recognition of audio-visual speech where a single
classifier is trained on the concatenated vector of audio and
visual features [13]. Feature fusion is complementary to de-
cision fusion, where individual classifiers are first trained on
the different feature sets and then the outputs of the classi-
fiers are combined [7, 17].

If two feature streams contain the same number of fea-
ture vectors then the fused feature stream can be easily ob-
tained by concatenating all pairs of corresponding feature
vectors. However, in our case an unequal number of point-
based and stroke-based feature vectors are extracted from
the data. Therefore, the fused feature stream can not be de-
rived by simple concatenation. In this work we propose a
new approach to directly fusing the asynchronous feature
streams and show that it improves the performance of the
writer identification system.

The rest of this paper is structured as follows. In the next
section we present our writer identification system based
on GMMs. In Section 3 we describe the feature sets ex-
tracted from the handwritten whiteboard data, and Section 4
introduces our approach to fusing the asynchronous feature
streams. Section 5 describes the experimental setup. The
results are presented and discussed in Section 6. Finally,
Section 7 concludes the paper and proposes future work.



Figure 1. Examples of handwritten texts ac-
quired from the whiteboard.

2 System Overview

On-line handwriting captured from a whiteboard differs
from handwriting acquired by other devices such as digitiz-
ing tablets or Tablet PCs. While some devices register the
pressure and the angle of the pen during writing, this infor-
mation is not recorded by the eBeam acquisition device1.
Furthermore, whiteboard data often have a wave like base-
line and the size of the letters varies (Fig. 1 shows some ex-
amples of handwritten texts). This writing style stems from
the fact that people stand, rather than sit, during writing and
their arm does not rest on a table.

Different feature sets are extracted from the text to train
the models. The feature sets are described in detail in Sec-
tion 3. Before feature extraction, a series of normalization
operations are applied. The operations are designed to im-
prove the quality of the features without removing writer
specific information. The preprocessing and feature extrac-
tion steps are described in detail in [21].

We use Gaussian Mixture Models (GMMs) to model a
person’s handwriting. GMMs are defined by a weighted
linear combination of M uni-modal Gaussian densities, pi,
parametrized by a D × 1 mean vector, μi, a D × D covari-
ance matrix, Ci, and a mixture weight, wi:

p(x|λ) =
M∑
i=1

wipi(x) (1)

where the mixture weights wi sum up to one [14]. The pa-
rameters of a writer’s density model are denoted as λ =
{wi, μi, Ci} with i = 1, . . . , M . While the general model
supports full covariance matrices, diagonal covariance ma-
trices are used in this paper as experiments have shown that
they perform better than full covariance matrices [14].

The distribution of the features extracted from the hand-
writing of a person is modeled by one GMM for each
writer. Instead of training a writer model from scratch for
every writer, we obtain the writer models from an Univer-
sal Background Model (UBM). The basic idea is to derive
the writer’s model by updating the well-trained parameters

1eBeam system by Luidia, Inc. – www.e-Beam.com

from the UBM. In a first step, all data from all writers are
used to train a single, writer independent UBM. In a sec-
ond step, for each writer a writer model is build by updating
the parameters of the UBM via adaptation using all training
data from this writer.

The UBM is trained by means of the Expectation-
Maximization (EM) algorithm [3]. The EM algorithm fol-
lows the Maximum Likelihood (ML) principle by iteratively
refining the parameters of the GMM to monotonically in-
crease the likelihood of the estimated model for the ob-
served feature vectors. The writer models are obtained from
the UBM by a modified version of the EM algorithm based
on the Maximum a Posteriori (MAP) principle [4]. The
MAP approach provides a way of incorporating prior in-
formation in the training process which is particularly use-
ful to deal with problems arising from sparse training data,
for which the ML approach gives inaccurate estimates. An
adaptation coefficient (called MAP adaptation factor) con-
trols the adaptation process by emphasizing either on the
well-trained data of the UBM or on the new data when esti-
mating the parameters [14].

As a result of the training procedure, we get a model for
each writer that is well adapted to the handwriting of that
particular writer. In the testing phase, a text of unknown
identity is presented to each model. During decoding, the
feature vectors extracted from a text line are assumed to
be independent. Each model returns a log-likelihood score
and based on these scores, the text is assigned to the per-
son whose model produces the highest log-likelihood score.
The GMMs are implemented using the Torch library [10].

3 Feature Sets

Three feature sets extracted from the on-line whiteboard
data are presented in this section. The first two feature sets,
denoted as point-based feature set and stroke-based feature
set, respectively, have been used in previous work [9]. The
third set of features (all point-based feature set) contains
an extended set of on-line features as well as features ex-
tracted from an off-line representation of the on-line data.
In the remainder of this section, the number in round brack-
ets behind the name of a feature indicates the number of
individual features.

The first feature set denoted as point-based feature set is
similar to feature sets used in on-line handwriting recogni-
tion [5, 18] and signature verification [6, 16]. For a given
stroke s consisting of points p1 to pn, the following five
features for each consecutive pair of points (pi, pi+1) are
computed (for an illustration see Fig. 2): speed (1), writ-
ing direction (2), i.e., the cosine and the sine of the angle
φi between the line segment (pi, pi+1) and the x-axis, and
curvature (2), i.e., the cosine and the sine of the angle θi

between the line segments (pi−1, pi) and (pi, pi+1).
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Figure 2. Point- and stroke-based features.

The second feature set (stroke-based feature set) is based
on strokes. A stroke starts with a pen-down movement of
the pen and ends with the next pen-up movement. For each
stroke s = p1, . . . , pn we calculate the following eleven
features (for an illustration see Fig. 2): width and height of
the stroke (2), duration of the stroke (1), time difference to
previous and next stroke (2), number of points (1), number
of curvature changes (1), accumulated length (1), i.e., the
accumulated length lacc of all lines, accumulated angle (1),
i.e., the accumulated angle θacc of the absolute values of the
angles of the writing directions of all lines, and number of
up/down strokes (2), i.e., the number of angles of the writing
direction larger/smaller than zero.

The third feature set (all point-based feature set) con-
tains an extended set of the point-based feature set as well
as features extracted from an off-line representation of the
features. The following 18 on-line features are extracted:
speed (1), writing direction (2), curvature (2), x- and y-
coordinate (2), speed in x- and y-direction (2), overall ac-
celeration (1), acceleration in x- and y-direction (2), log
curvature radius (1), i.e., the curvature radius is the length
of the circle which best approximates the curvature at the
point pi [16], vicinity aspect (1), i.e., the aspect of the tra-
jectory in the vicinity of the point pi [5], vicinity curliness
(1), i.e., the deviation from a straight line in the vicinity of
the point pi [5], vicinity linearity (1), i.e., the average square
distance between every point in the vicinity and the straight
line linking the first and the last point in the vicinity [5], and
vicinity slope (2), i.e., the cosine and the sine of the angle of
the straight line from the first to the last vicinity point [5].

The off-line features of the all point-based feature set are
computed using a two-dimensional matrix representing an
off-line version of the data [5]. The matrix is obtained by
projecting the on-line strokes on the two-dimensional plane.
The following features are used: ascenders/descenders (2),
i.e., the number of points above/below the corpus line
whose x-coordinates are in the vicinity of the point and
which have a minimal distance to the corpus/base line and
context map (9), i.e., the two-dimensional vicinity of the
point is divided into three regions for each dimension. The
number of black points in each region is taken as a feature

value. The all point-based feature set consists of 29 fea-
tures.

4 Fusion of Asynchronous Features

If two feature streams contain the same number of fea-
ture vectors then a fused feature stream can be easily ob-
tained by concatenating the two corresponding feature vec-
tors. However, in our case the point-based and the stroke-
based feature streams contain an unequal number of fea-
ture vectors. From one handwritten stroke with n points, n
point-based feature vectors but only one stroke-based fea-
ture vector are extracted. Let pti denote the i-th value of
the t-th feature vector of the stream of point-based features
p and let sj denote the j value of the stroke-based feature
vector s. Then the question is how to fuse the two feature
streams:

n points

⎧⎨
⎩

〈p11 , . . . , p1p〉
. . . 〈s1, . . . , ss〉

〈pn1 , . . . , pnp〉

⎫⎬
⎭ 1 stroke

To address this question, we have implemented the fol-
lowing feature fusion methods:

complete The same stroke-based feature vector is added to
each point-based feature vector:

〈p11 , . . . , p1p , s1, . . . , ss〉
. . . . . .

〈pn1 , . . . , pnp , s1, . . . , ss〉

random Randomly the feature vector of one point of the
stroke is selected. The stroke-based feature vector is
added to the point-based feature vector of this point:

〈pr1 , . . . , prp , s1, . . . , ss〉
where r = random(1, n).

median The median value of every individual feature over
the set of all points is calculated. The stroke-based
feature vector is added to the median vector obtained:

〈mediant pt1 , . . . , mediant ptp , s1, . . . , ss〉
where t = {1, . . . , n}.

mean The mean of the set of all point-based feature vectors
is calculated. To the thus obtained mean vector the
stroke-based feature vector is added:

〈 1
n

∑n
t=1 pt1 , . . . ,

1
n

∑n
t=1 ptp , s1, . . . , ss〉

3



Feature Fusion Method Validation Set Test Set

point-based feature set (n) 52.64% (50) 47.50%
stroke-based feature set (1) 66.10% (150) 62.61%

complete feature fusion (n) 65.37% (250) 62.03%

random feature fusion (1) 60.78% (50) 59.30%
median feature fusion (1) 76.17% (50) 73.08%
mean feature fusion (1) 78.12% (100) 75.90%

Table 1. Results of fusing the point-based fea-
ture set and the stroke-based feature set.

The complete feature fusion method produces n feature
vectors of length p + s for a stroke consisting of n points.
The other three methods (random feature fusion, median
feature fusion, and mean feature fusion) produce one fea-
ture vector of length p + s and thus reduce the amount of
feature vectors by a factor of n.

5 Experimental Setup

Our experiments are based on the IAM On-line English
Sentence Database (IAM-OnDB) [8]2. We use data from
200 different writers. The task is to determine which person
out of these 200 individuals has written a text under ques-
tion. For each writer, we have eight paragraphs of text. A
paragraph contains eight text lines in average. The text lines
of four paragraphs are used for training, the text lines of two
paragraphs are used to validate the meta parameters of the
GMMs and the remaining text lines form the independent
test set.

All training data from all writers are used to train the
UBM. The models of each writer are then obtained by
adapting the UBM with writer-specific training data. The
number of Gaussian mixture components is increased from
50 to 300 by steps of 50. The variance flooring factor is
set to 0.001 and full adaptation is performed, i.e., the MAP
adaptation factor is set to 0.0. The other meta parameters
are set to standard values [2].

6 Results and Discussion

Tables 1 and 2 show the results of fusing the point-
based feature set and the all point-based feature set with
the stroke-based feature set, respectively. The first two rows
give the results achieved by each of the two basic feature
sets before fusion. The number in brackets behind the name
of the fusion method indicates the number of feature vectors
extracted from one stroke. In the validation set column, the

2The IAM-OnDB is publicly available at the following address:
www.iam.unibe.ch/˜fki/iamondb

Feature Fusion Method Validation Set Test Set

all point-based feature set (n) 89.90% (300) 88.68%
stroke-based feature set (1) 66.10% (150) 62.61%

complete feature fusion (n) 87.04% (300) 84.79%

random feature fusion (1) 46.82% (50) 45.48%
median feature fusion (1) 78.71% (50) 74.93%
mean feature fusion (1) 89.09% (50) 86.98%

Table 2. Results of fusing the all point-based
feature set and the stroke-based feature set.

number in brackets represents the number of Gaussian mix-
ture components with the highest writer identification rate
on the validation set. The results on the test set are given in
the last column.

The results of fusing the point-based feature set and the
stroke-based feature set are shown in Table 1. If the stroke-
based and the point-based feature vectors are fused by the
complete feature fusion method then the resulting fused fea-
ture set performs inferior to the single stroke-based feature
set. Fusing the feature vectors using either the median fea-
ture fusion or the mean feature fusion method significantly
increases the writer identification rate by more than 10%.
The highest writer identification rate of 75.90% is achieved
by the mean feature fusion method.

In Table 2 the results of fusing the extended point-based
feature set with the stroke-based feature set is shown. The
fused feature set obtained by the complete feature fusion
method produces a lower writer identification rate than the
one resulting from the all point-based feature set. Nei-
ther the median feature fusion nor the mean feature fu-
sion method achieve an improved writer identification rate.
However, the mean feature fusion method produces a result
that is statistically not significantly lower then the all point-
based feature set. Here it is important to point out that the
number of features used in the mean feature fusion method
is much smaller than the number used in the all point-based
feature set. This data reduction also leads to much faster
training and testing times.

In both experiments, the random feature fusion method
yields rather poor results. This shows that the writer identi-
fication rate only increases if distinctive features are added
to the stroke-based feature vector. Adding the point-based
features of a random point does not improve the perfor-
mance. Similarly, simply adding the stroke-based features
to every point-based feature as in the case of the complete
feature fusion method does not improve the performance.

The median feature fusion and the mean feature fusion
methods perform best in both experiments. This result can
be interpreted as follows: both methods calculate a new
set of stroke-based features from the point-based features.

4



Then the two stroke-based feature sets are fused. It is thus
important to condense the point-based feature vectors into
distinctive stroke-based feature vectors. Interestingly, in
some cases the resulting stroke-based features have an in-
tuitive interpretation, e.g., mean or median speed within a
stroke.

7 Conclusion

In this paper we present a language and text indepen-
dent system to identify the writer of on-line handwriting
captured from a whiteboard. Different feature sets are ex-
tracted from the acquired data and Gaussian mixture models
(GMMs) are used to model the distribution of the features.

From a stroke consisting of n points, n point-based fea-
ture vectors and one stroke-based feature vector are ex-
tracted. The resulting feature sets thus have an unequal
number of feature vectors. We propose a new feature fu-
sion approach by directly fusing the asynchronous feature
sets and show that we can improve the performance of the
writer identification system on a data set consisting of 200
writers.

As the fused feature sets very likely contain correlated
features, the writer identification rate can potentially be im-
proved by applying feature selection and extraction tech-
niques [20]. Furthermore, defining further feature fusion
methods and comparing their performance with fusion on
other levels, such as the matching score or the decision
level, is left for future work.
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