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Abstract

In this paper, an off-line, text independent system for
writer identification using Hidden Markov Model (HMM)
based recognizers is described. For each writer we build
an individual recognizer and train it on text lines written
by that writer. A text line of unknown origin is presented to
each of these recognizers. As a result we get, from each rec-
ognizer, a transcription including the log-likelihood score
for the considered input. We rank all scores, and based on
the assumption that the recognizer with the highest log-
likelihood is the one that has been trained using text lines
of this writer, we assign the text line to the writer whose
score ranks first. We tested our system using over 2,200 text
lines from 50 writers and have in 94.47% of all cases cor-
rectly identified the writer. Using a simple confidence mea-
sure to define a rejection mechanism, we achieved an error
rate of 0% by rejecting 15% of the results.

Keywords: writer identification, off-line handwriting,
HMM-based handwriting recognition.

1. Introduction

Writer identification is the task of determining the au-
thor of a sample handwriting from a set of writers [13]. Re-
lated to this task is writer verification, i.e., the task of de-
termining whether or not a handwritten text has been writ-
ten by a certain person. If any text may be used to estab-
lish the identity of the writer the identification task is text
independent. Otherwise, if a writer has to write a particu-
lar predefined text to identify himself or herself the iden-
tification task is text dependent. Writer identification can
be performed on-line, where temporal and spatial informa-
tion about the writing is available, or off-line, where only
a scanned image of the handwriting is available. In this pa-
per we address the problem of text independent writer iden-
tification using off-line data. Generally it is believed that
text-independent writer identification is more difficult than
text-dependent writer identification. Moreover, it puts less

constraints on the writer and is thus more flexible from the
application oriented point of view.

There is a close relationship between the tasks of
writer identification and general handwriting recogni-
tion. The field of handwriting recognition has signif-
icantly progressed in recent years [14]. For isolated
word and general text recognition, Hidden Markov Mod-
els (HMMs) have become the predominant approach.
In fact, HMM based recognizers have a number of ad-
vantages over other approaches [4]: First, they are resis-
tant to noise and can cope with shape variations. Second,
they allow to model characters of variable width occur-
ring in the text. Third, HMM based recognizers are able
to implicitly segment a text line into words and char-
acters, a task that is difficult to perform explicitly [17].
Last, there exist standard algorithms for training and test-
ing [15].

This paper is based on the idea of utilizing HMM-based
handwriting recognition systems for the purpose of writer
identification. For each writer in the considered population,
an individual HMM based handwriting recognition system
is trained using only data from that writer. Thus for n differ-
ent writers we obtain n different HMMs. They all have the
same architecture, but their parameters, i.e., transition and
output probabilities, are different because they are trained
on different data each. Intuitively, each HMM can be un-
derstood as an expert specialized in recognizing the hand-
writing of one particular person. Given an arbitrary line of
text as input, each HMM based recognizer outputs a tran-
scription of the input together with a recognition score. As-
suming that correctly recognized words have a higher score
than incorrectly recognized words, and assuming further-
more that the recognition rate of a system is higher on input
from the writer the system was trained on than on input from
other writers, we can use the scores produced by the differ-
ent HMMs to decide who has written the input text line. We
simply opt for the writer whose HMM produces the high-
est score.

To experimentally evaluate this approach, we use the
same data as Hertel et al. [6] and thus can directly com-
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pare the results. A writer identification rate of 94.47% is
obtained by our system which is superior to the 90.7% re-
ported in [6]. Implementing a rejection mechanism based on
a simple confidence measure, we can reduce the error rate
to 0% at a rejection level of 15%.

The remainder of this paper is structured as follows. The
next section presents related work. In Section 3 we describe
our handwritten text line recognizers, and in Section 4 we
show how we combine them to build a system to determine
the writer of a text line. We present our experiments in Sec-
tion 5 and Section 6 concludes the paper.

2. Related Work

Surveys covering work in automatic writer identification
and signature verification until 1993 are given in [7, 13].
Writer identification can be understood as a classification
problem where a word, text fragment, or text is to be as-
signed to one out of a number of possible writers. Recently,
different approaches to writer identification have been pro-
posed. Said et al. [16] treat the writer identification task as
a texture analysis problem. They use global statistical fea-
tures extracted from the entire image of a text using multi-
channel Gabor filtering and grey-scale co-occurrence ma-
trix techniques.

Cha et al. [5] address the problem of writer verification,
i.e., the problem of determining whether two documents are
written by the same person. In order to identify the writer
of a given document, they model the problem as a clas-
sification problem with two classes, authorship and non-
authorship. Given two handwriting samples, one of known
and the other of unknown identity, the distance between two
documents is computed. Then the distance value is used to
classify the data as positive or negative.

Zois et al. [19] base their approach on single words by
morphologically processing horizontal projection profiles.
The projections are derived and processed in segments in
order to increase the discrimination efficiency of the feature
vectors which are then classified using either a Bayesian
classifier or a neural network.

In Hertel et al. [6] a system for writer identification is
described. The system first segments a given text into in-
dividual text lines and then extracts a set of features from
each text line. The features are subsequently used in a k-
nearest-neighbor classifier that compares the feature vector
extracted from a given input text to a number of prototype
vectors coming from writers with known identity.

Bulacu et al. [3] use edge-based directional probability
distributions as features for the writer identification task.
They introduce edge-hinge distribution as a new feature.
The key point of this feature is to consider two edge frag-
ments in the neighborhood of the central pixel and compute
the joint probability distribution of the orientations of the

Figure 1. Text Line Examples.

two fragments. This feature performs better than other fea-
tures they evaluated.

In a set of papers [1, 2, 12] graphemes as features for
describing the individual properties of handwriting are pro-
posed. Furthermore, it is shown that each handwriting can
be characterized by a set of invariant features called the
writer’s invariants. These invariants are detected using an
automatic grapheme clustering procedure.

Leedham et al. [8] present a set of eleven features which
can be extracted easily and used for the identification and
verification of documents containing handwritten digits.
These features are represented as vectors and by using the
Hamming distance measure and determining a threshold
value for the intra-author variation a high degree of accu-
racy in authorship detection is achieved.

3. Handwritten Text Line Recognizers

The system for writer identification described in this pa-
per is based on HMM recognizers designed for the task of
handwritten text line recognition. Each text line (some ex-
amples are given in Fig. 1) presented to the system is first
normalized with respect to slant, skew, baseline location and
height (see [9] for more detail). A sliding window is used
to transform a normalized handwritten text line into a se-
quence of feature vectors. The window is one pixel wide
and shifted from left to right over a line of text. At each
position of the window, nine geometrical features are ex-
tracted. Hence the input to our HMM is a sequence of nine-
dimensional feature vectors of variable length. The features
represent the following geometrical quantities: number 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. At first glance it may appear counterin-
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tuitive to apply normalization operations because they de-
crease a handwriting’s individuality. However, any HMM
that uses a sliding window for feature extraction needs care-
ful normalization to achieve reasonable recognition perfor-
mance, and reliable text recognition is essential for success-
ful writer identification. Hence any potential reduction in
handwriting individuality is compensated for by a gain in
recognition performance.

For each upper and lower case character, an individual
HMM is built. Additionally, we model frequent punctua-
tion marks, such as full stop, colon and space, and map in-
frequent ones, such as semi-colon and question mark, to a
special garbage model. Each HMM consists of 14 states that
are connected in a linear topology. The character models are
concatenated to word models, which share the individual
character models. Furthermore, to model a complete line of
text the word models are concatenated. Because of the con-
tinuous nature of the extracted features, the output probabil-
ity distribution is continuous using a Gaussian mixture with
four components. More details can be found in [9].

The system has been implemented using the HTK
toolkit [18], originally developed for speech recognition.
The toolkit employs the Baum-Welch algorithm for train-
ing and the Viterbi algorithm for recognition [15]. The
output of a HMM classifier is a sequence of words to-
gether with the log-likelihood score of each word. The
score of a text line is the sum of the log-likelihood of all
words.

4. Writer Identification System Based on Text
Line Recognition

For each writer, a text line recognizer as described in the
previous section is built and trained with text lines of this
writer only. In this way we obtain, for each writer, one rec-
ognizer that is specially adapted to the individual handwrit-
ing style of that writer.

A text line to be classified is presented to the HMM of
each writer. Each HMM outputs a transcription of the input
text line together with its log-likelihood score. We sort all
log-likelihoods in a descending order and assign the input
text line to the writer whose score is on the first rank.

In applications where a wrong identification implies a
high cost, it may be advisable to implement a rejection
mechanism. The rejection mechanism used in this paper is
similar to the one described in [11]. We calculate the differ-
ence between the log-likelihood of the best and the second
best ranked writer and normalize it by the length of the text
line. This length is equal to the width of the text line in pix-
els. This results in the following confidence measure for a
given text line:
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Figure 2. n-Best List

cmtext line =
l1 − l2

text line length
(1)

where l1 is the log-likelihood score of the highest ranked
writer and l2 is the log-likelihood score of the second high-
est ranked writer.

Once this confidence value has been computed, we reject
an input text line if the value of cm is smaller than a given
threshold.

5. Experiments

5.1. Database

Our experiments are based on the IAM database [10]1

which consists of handwritten pages containing between
five to ten text lines per page. We use a subset of the
database that is identical to the data set used in [6]. A to-
tal of 50 writers have contributed to this data set. For each
writer we use five pages and extract between 26 and 63 text
lines per writer. In total, we have 2,207 text lines from 50
different writers including 4,210 different words. For each
writer, the set of available text lines is split into four dis-
joint subsets to perform full four-fold cross validation ex-
periments. In each of the four runs, we use three subsets to
train each of the handwriting recognition systems. The re-
maining sets of text lines form the test set. This procedure
guarantees that text lines in the training sets do not appear
in the test set. Hence our experiments are text independent.

5.2. Results

The correct writer identification rates obtained in the
four-fold cross-validation experiment are shown in Table 1.

1 Publicly available at: www.iam.unibe.ch/˜fki/iamDB
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test set 1 2 3 4 avg.

writer identi-
fication rate

94.23 94.77 95.41 93.46 94.47

Table 1. Writer Identification Rates.

test set 1 2 3 4 avg.

word recogni-
tion rate same

67.87 67.01 68.35 65.92 67.30

word recogni-
tion rate other

15.53 15.23 15.93 15.28 15.49

Table 2. Word Recognition Rates.

The results are significantly better (at the statistical signif-
icance level of 99%) than the 90.7% reported in [4] on the
same dataset. As our approach uses a handwriting recog-
nition system and is based on the hypothesis that the word
recognition rate is higher when the input comes from the
writer whose data were used to train the system, we also
report the correct word recognition rate of the handwrit-
ten text recognizer in Table 2. Here we distinguish between
the case where training and input data come from the same
writer (row same) and the case where they come from dif-
ferent writers (row other). Obviously, there is a huge dif-
ference in recognition performance between the two cases,
which confirms our hypothesis.

Next, we measure the recognition rate not only based on
the first rank, but based on the first n ranks. The correspond-
ing n best list is shown in Fig. 2. We observe a drop of the
error rate from 5.53% to 1.99% if the first four ranks are
taken into account.

By rejecting text lines with a low confidence measure
(see Eq. 1), we can reduce the number of misclassifications
on the first rank. The resulting error-rejection curve is given
in Fig. 3. The recognition rate of 94.47% reported in Ta-
ble 1 corresponds to the case where no input text line is re-
jected. This is equivalent to an error rate of 5.53% shown
in Fig. 3 at zero rejection rate. Increasing the confidence
threshold as specified in Eq. (1) leads to an increasing num-
ber of rejections and a decrease of the error rate. At a rejec-
tion level of 15% the error rate drops to zero.

6. Conclusion

In this paper, we have presented a writer identification
system that utilizes HMM based text line recognizers in
the off-line mode. Our approach is text independent and
uses text lines as basic entities, from which features are ex-
tracted. For each writer, we train a recognizer and present
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Figure 3. Error-Rejection Curve.

unknown input text lines to each recognition system. As
output we get, for each recognizer, the log-likelihood of
the input text line. We rank the output of each system and
choose the writer whose HMM recognizer is on the first
rank.

Using handwriting text line recognizers in this novel
way, we achieve a writer recognition rate of 94.47%. A drop
of the error rate to 1.99% is obtained if the first 4 ranks are
considered. Using a rejection mechanism based on a sim-
ple confidence measure, we can reduce the error rate on the
first rank to zero by rejecting 15% of the input data.

In our future work we plan to test the system on a larger
database including a larger number of writers. Additionally,
we want to apply the system to the task of writer verifica-
tion.
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