
March 29, 2008 19:37 WSPC/INSTRUCTION FILE ijprai2008

International Journal of Pattern Recognition and Artificial Intelligence
c© World Scientific Publishing Company

AUTOMATIC GENDER DETECTION – COMBINING ON-LINE

AND OFF-LINE SYSTEMS

MARCUS LIWICKI, ANDREAS SCHLAPBACH, and HORST BUNKE

Institut für Informatik und angewandte Mathematik
Universität Bern, Neubrückstrasse 10, CH-3012 Bern, Switzerland

{liwicki,schlpbch,bunke}@iam.unibe.ch
http://www.iam.unibe.ch/∼ liwicki

In this paper, the problem of classifying handwritten data with respect to gender is
addressed. A state-of-the-art classification method based on Gaussian Mixture Models
is appled to distinguish between male and female handwriting. Two sets of features
have been used for the classification, on-line and off-line features, respectively. In our
experiments, the on-line features produced a higher classification rate. Furthermore,
we combined both feature sets and investigated several combination strategies. The
maximum voting finally turned out to give the best results. The final gender detection
rate on the test set is 67.57% which is significantly higher than the performance of
the on-line system with about 64.25%. The combined system also shows an improved
performance over human-based classification.
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1. Introduction

A population of individuals can often be partitioned into sub-categories based on

various criteria. Dividing a population into sub-categories is interesting for nu-

merous reasons, for example, if a researcher is only interested in one specific sub-

category, or if specifically processing each sub-category leads to improved results.

For example, in the field of face recognition, much research has been conducted on

classifying a face image according to gender27,28. Classification results up to 94%

have been reported for this two-class problem.

For handwriting there exist several criteria for sub-categories. Whereas in KAN-

SEI the sub-categories are feelings for character patterns11, handwriting can also

be divided into writer-specific sub-categories including gender, handedness, age and

ethnicity24. Correlations between these sub-categories and handwriting features

have been presented in Ref. 13. Special interest has been focused on determining

the gender of the writer. In Ref. 10 humans were asked to classify the writer’s gen-

der of a given handwriting example. A classification rate of about 68% has been

reported. Further studies in Ref. 3, which inlcude a detailed analysis of the raters

background, reported results in the same range.

1
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Beside being an interesting research topic of its own, automatically identify-

ing sub-categories can be used to improve a handwriting recognition system. The

variability within a certain category is smaller than within a complete population,

which allows us to train specialized recognizers. Another application is demographic

studies. A concrete example would be to study the handwriting available on the

world wide web and to find out how many people from each category contributed

to the data.

Especially the classification of gender from handwriting has been a research

topic for many decades 4,22,25. However, there exist conflicting results ranging from

slightly more than 50% to more than 90%. An overview of several manual ap-

proaches detecting gender from handwriting can be found in Ref. 12. This thesis

tries to semi-automatically classify the handwriting, while it is done automatically

in this paper.

Little work exists on automatically identifying sub-categories, such as gender or

handedness, from handwriting. In Ref. 5 a system for classifying the handwriting

based on images of individual letters is presented. Results of 70.2% for gender classi-

fication and 59.5% for handedness have been achieved. If longer texts are available

and multiple classifier approaches are applied even better results are reported2.

However, these systems are restricted to the off-line case and either the transcrip-

tion of the text has to be known or even identical texts have to be provided by all

writers.

In this paper we present a system that classifies gender of on-line, Roman hand-

writing. This problem is a two class problem, i.e., male/female. On-line handwriting

means that temporal information about the handwriting is available. The hand-

writing is unconstrained, thus any text can be used for classification. However, two

feature sets are investigated in this paper. While the first feature set is based on on-

line features, the second set of features is extracted from off-line images generated

from the on-line data. We applied Gaussian Mixture Models (GMMs) to model the

classes. In our experiments, the classifier working with on-line features outperforms

the off-line classifier. Furthermore, we combined both feature sets and investigated

several combination strategies. The maximum voting finally turned out to give the

best results. :TODO: Do we really want to present our results in the introduction already? The final:TODO:

gender detection rate on the test set is 67.57% which is significantly higher than

the performance of the on-line system with about 64.25%. For the purpose of com-

parison, also an experiment with humans classifying the same on-line data set is

performed.

Note that preliminary results on the topic of gender detection have been pub-

lished in Ref. 18. However, Ref. 18 is only loosely related to the current paper be-

cause several enhancements are present in this paper. First, a new classifier based

on off-line features is used in this paper. Second, a combination of both classifiers

is investigated in this paper. Next, the experimental evaluation has been improved,

i.e., while the purpose of Ref. 18 was to find the highest possible performance on

the validation set, and independent test set is used in this paper. Finally, the com-
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Fig. 1. Illustration of the recording process

parison with human performance has been elaborated, i.e., in this paper the on-line

information has been made available to the humans.

The rest of the paper is organized as follows. Section 2 introduces the normal-

ization and the features extracted from the data. Section 3 describes the GMM clas-

sifier. The combination strategy is described in Section 4. Experiments and results

are presented and discussed in Section 5, while Section 6 draws some conclusions

and gives an outlook for future work.

2. Data Acquisition and Feature Extraction

:TODO: Argue that both the on-line and off-line feature sets have shown excellent performance on the writer identification and verification task (Ref.

:TODO:

To acquire the handwritten data, the eBeamainterface is used. It outputs a sequence

of (x, y)-coordinates representing the location of the tip of the pen together with a

time stamp for each location. The data is in XML-format and the frame rate of the

recordings varies from 30 to 70 frames per second. An illustration of the recording

process is shown in Fig. 1.

A series of normalization operations are applied before feature extraction. The

operations intend to improve the quality of the features without removing writer

specific, i.e. class specific information. The recorded on-line data contain noisy

points and gaps within strokes, which are caused by loss of sampling data during

acquisition. In Fig. 2 examples of both types of distortion are shown. In the word

await a spurious point occurs that leads to the introduction of a large artifact, i.e.

two long additional strokes. Furthermore, we observe in the first line that there

are many gaps within the text, which are caused by loss of data. Thus we first

aeBeam System by Luidia, Inc. – www.e-Beam.com
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apply some on-line preprocessing operations to recover from these artifacts. These

operations are described in Ref. 16. An example of the results of these preprocessing

steps is shown in Fig. 3. Obviously, now the handwriting is of much better quality.

The cleaned paragraph of text is then automatically divided into lines using a

simple heuristics. If there is a pen-movement to the left and down greater than a

predefined threshold the start of a new line is assumed.

Fig. 2. Recorded text Fig. 3. Text after removing noise

2.1. On-Line Feature Set

For the on-line features, the next step is to divide each text line into sub-parts which

can then be normalized independently of each other. For each sub-part the skew

angle is corrected to horizontally align the text. Next each sub-part is divided into

three regions: the upper area, which contains the ascenders of the letters; the median

area with the corpus of the letters; and the lower area containing the descenders

of the letters. These three areas are normalized to predefined heights. Finally, the

width of each sub-part is normalized. The number of characters is estimated as a

fraction of the number of strokes crossing the horizontal line between the base line

and the corpus line. The text is then horizontally scaled according to this value.

The on-line feature set used in this experiment contains on-line features as well

as pseudo off-line features extracted from an off-line representation of the on-line

data. (In the remainder of this section, the number in round brackets behind the
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Fig. 4. Features extracted from the on-line handwriting.
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Fig. 5. Illustration of vicinity features.

name of a feature indicates the number of individual features.) For a given stroke s

consisting of points p1 to pn, the following 18 on-line features for each consecutive

pair of points (pi, pi+1) are computed (see Fig. 4 for an illustration):

• x/y-coordinate (2): the relative x/y-position of the point pi. The relative

x-coordinate is calculated by subtracting the x-coordinate of a point from

a moving average coordinate.

• speed (1): the speed vi of the segment

• speed in x/y-direction (2): the speed vix
/viy

in x/y-direction

• acceleration (1): the overall acceleration ai

• acceleration in x/y-direction (2): the acceleration aix
/aiy

in x/y-direction

• log curvature radius (1): the curvature radius is the length of the circle

which best approximates the curvature at the point pi. It is derived from

the local velocities and the local accelerations as follows:

r =
(vix

∗ aiy
− aix

∗ viy
)

√

(v2
ix

+ v2
iy

)
3

• writing direction (2): the cosine and the sine of the angle between the line

segment of the starting point and the x-axis

• curvature (2): the cosine and sine of the angle between the lines to the

previous and to the next point

• vicinity aspect (1): the aspect of the trajectory in the vicinity di =

{pi−n, . . . , pi, . . . , pi+n} of the point pi:

va =
∆ydi

− ∆xdi

∆ydi
+ ∆xdi

It characterizes the ratio of height to width of the bounding box con-

taining the preceding and the succeeding points14. Fig. 5 illustrates the

computation of this feature. The vicinity of a point is also used to de-
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ascenders

descenders

Fig. 6. Illustration of pseudo off-line features.

fine the following three features: vicinity curliness, vicinity linearity, and

vicinity slope.

• vicinity curliness (1): this feature describes the deviation from a straight

line in the vicinity di (see Fig. 5). It is computed from the length of the

trajectory in the vicinity divided by max(∆xdi
, ∆ydi

)14.

• vicinity linearity (1): the average square distance between every point in

the vicinity and the straight line linking the first and the last point in the

vicinity14.

• vicinity slope (2): the cosine and the sine of the angle αdi
of the straight

line from the first to the last point in the vicinity (see Fig. 5)14.

The pseudo off-line features are computed using a two-dimensional matrix repre-

senting an off-line version of the data. The matrix is obtained by projecting the

on-line strokes on the two-dimensional plane (see Fig. 6 for an illustration). The

following 11 features are used:

• ascenders/descenders (2): 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 (denoted by the two dashed lines

in Fig. 6). The distance is set to a predefined fraction of the corpus height.

• context map (9): the two-dimensional vicinity of the point is divided into

three regions for each dimension (illustrated by the 3×3 matrix in Fig. 6).

The number of black points in each region is taken as a feature value.

Overall the feature set consists of 29 features.17

2.2. Off-Line Feature Set

Since the preprocessed data is still in the on-line format, it has to be transformed

into an off-line image, so that it can be used as input for the off-line recognizer. The

recognizer was originally designed for the off-line IAM-Database20 and optimized

on gray-scale images scanned with a resolution of 300 dpi. To get good recognition

results in the considered application, the produced images should be similar to these

off-line images. Consequently the following steps are applied to generate the images.
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First all consecutive points within the same stroke are connected. This results in

one line segment per stroke. Then the lines are dilated to a width of eight pixels.

The center of each line is colored black and the pixels are getting lighter towards

the periphery. Fig. 7 shows an example of a generated image. Compared to Figs. 2

and 3 the handwriting looks more similar to the IAM-Database (see Fig. 8). In

general, the realistic generation of off-line data is a quite complex problem. Ref. 26

proposes methods to create images that look even more similar to scanned images.

In the experiments reported in Ref. 26 the recognizer was trained and tested on

computer generated images, and the best performance has been achieved using a

constant thickness. During our experiments the recognition rate increased when we

supplemented this simple approach with the generation of different gray values.

Fig. 7. Generated gray-scale image Fig. 8. Image of the IAM-Database (produced
by a writer different from Fig 7)

Unlike the on-line data, the normalizations for the off-line data is applied to

entire text lines at once. First of all the image was rotated to account for the line

skew. Then the mean slant of the text was estimated, and a shearing transformation

was applied to the image to bring the handwriting to an upright position. Next the

baseline and the corpus line were normalized. Normalization of the baseline means

that the body of the text line (the part which is located between the upper and

lower baselines), the ascender part (located above the upper baseline), and the

descender part (below the lower baseline) are vertically scaled to a predefined size

each. Finally the image was scaled horizontally so that the mean character width

was approximately equal to a predefined size.

Figure 9 illustrates the off-line preprocessing. The first line shows the original

image, whereas the normalized image appears on the second line. The normal-

ization includes skew correction, slant correction, baseline positioning, and width

normalization.

To extract the feature vectors from the normalized images, a sliding window

approach was used. The width of the window was one pixel, and nine geometrical

features were computed at each window position. Each text line image was therefore

converted to a sequence of 9-dimensional vectors. The nine features were as follows:

Fig. 9. Pre-processing of an image of handwritten text
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• The mean gray value of the pixels

• The center of gravity of the pixels

• The second order vertical moment of the center of gravity

• The positions of the uppermost and lowermost black pixels

• The rate of change of these positions (with respect to the neighbouring

windows)

• The number of black-white transitions between the uppermost and lower-

most pixels

• The proportion of black pixels between the uppermost and lowermost pixels

For a more detailed description of the off-line features, see Ref. 19.

3. Gaussian Mixture Models

We use Gaussian Mixture Models (GMMs) to model the handwriting of each sub-

category of the underlying population. The distribution of the feature vectors ex-

tracted from a sub-category’s handwriting is modeled by a Gaussian mixture den-

sity. For a D-dimensional feature vector x the mixture density for a specific sub-

category is defined as

p(x|λ) =
M
∑

i=1

wipi(x) (1)

where the mixture weights wi sum up to one. The mixture density is a weighted

linear combination of M uni-modal Gaussian densities pi(x), each parametrized by

a D × 1 mean vector µi and a D × D covariance matrix Ci:

pi(x) =
1

(2π)D/2|Ci|1/2
exp{−

1

2
(x − µi)

′(Ci)
−1(x − µi)}. (2)

The parameters of a sub-category’s density model are denoted as λ =

{wi, µi, Ci} for all i = 1, . . . , M . This set of parameters completely describes the

model and enables us to concisely model a sub-category’s writing on the whiteboard.

While the general model supports full covariance matrices, often only diagonal

covariance matrices are used. An example of the two dimensional case is shown

in Fig. 10. This simplification is motivated by the following observations: first,

theoretically the density modeling of an M dimensional full covariance matrix can

equally well be achieved using a larger order diagonal covariance matrix. Second,

diagonal covariance matrices are computationally more efficient than full covariance

matrices, and third, diagonal matrix GMMs outperformed full matrix GMMs in

various experiments 23.

Instead of training a sub-category model from scratch for every sub-category,

we obtain the models of the sub-categories from a Universal Background model

(UBM). The basic idea is to derive the sub-category’s model by updating the well-

trained parameters from the UBM. In a first step, all data from all writers is used to

train a single, writer independent UBM. In the second step, for each sub-category
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Fig. 10. A two-dimensional GMM consisting of a weighted sum of six uni-modal Gaussian densities.

a sub-category dependent model is build by updating the parameters in the UBM

via adaptation using all training data from this sub-category.

The UBM is trained using the Expectation-Maximization (EM) algorithm 7.

The EM algorithm follows the Maximum Likelihood (ML) principle by iteratively

refining the parameters of the GMM to monotonically increase the likelihood of the

estimated model for the observed feature vectors. The algorithm starts with a data

set X of N feature vectors xn, an initial set of M uni-modal Gaussian densities,

Ni=̂N(µi, Ci), and M mixture weights wi. Then, in the first step, for each training

data point xn the responsibility P (i|xn) of each component Ni is determined. In

the second step, the component densities, i.e., the mean vector µi and the variance

matrix Ci for each component, and the weights wi are re-estimated based on the

training data. These two steps are repeated until the likelihood score of the entire

data set does not change substantially or a limit on the number of iterations is

reached.

The Gaussian component densities of the UBM can either be initialized ran-

domly or by using vector quantization techniques such as k-means clustering 8.

Furthermore, variance flooring is employed to avoid an overfitting of the variance

parameter 21. The idea of variance flooring is to impose a lower bound on the vari-

ance parameters as a variance estimated from only few data points can be very

small and might not be representative of the underlying distribution of the data 21.

The minimal variance value is defined by

min σ2 = ϕ ∗ σ2
global (3)
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where ϕ denotes the variance flooring factor and the global variance σ2
global is

calculated on the complete training set. The minimal variance, min σ2, is used to

initialize the variance parameters of the model. During the EM update step, if a

calculated variance parameter is smaller than minσ2, then the variance parameter

is set to this value.

The sub-category models are obtained from the UBM by a modified version of

the EM algorithm based on the Maximum a Posteriori (MAP) principle. The MAP

approach provides a way of incorporating prior information in the training process

which is particularly useful for dealing with problems posed by sparse training data

for which the ML approach gives inaccurate estimates 9.

Similarly to the EM algorithm, the MAP adaptation algorithm consists of two

steps. The first step is identical to the expectation step of the EM algorithm, where

estimates of the statistics of the sub-category’s training data are computed for

each mixture component in the UBM. Unlike the second step of the EM algorithm,

however, for adaptation these new statistical estimates are then combined with the

old statistics from the UBM mixture parameters using a data-dependent mixture

coefficient. This adaptation coefficient (called MAP adaptation factor) controls the

adaptation process by emphasizing either on the well-trained data of the UBM or

on the new data when estimating the parameters 23.

During decoding, the feature vectors X = {x1, . . . ,xT } extracted from a text

line are assumed to be independent. The log-likelihood score 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), (4)

where p(xt|λ) is computed according to Eq. 1.

Diagonal covariance matrices are used and initialized by k-means clustering

in our system. The number of clusters equals the number of Gaussian mixture

components. The GMMs are implemented using the Torch library6.

4. Combination

:TODO: Ask Prof. Bunke for good references.:TODO:

After decoding, each classifier returns a log-likelihood score, i.e., the on-line classifier

returns llon−line and the off-line classifier returns lloff−line. To combine the results

of the on-line and the off-line classifier, the following standard rules for the classifier

combination on the score level have been applied 1:

• Average Rule

The log-likelihood scores of both the on-line and the off-line classifiers are

averaged: llsum = 1

2
∗ (llon−line + lloff−line).

• Maximum Rule
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The largest log-likelihood score is chosen: llmax = max(llon−line, lloff−line).

• Minimum Rule

The smallest log-likelihood score is chosen: llmin = min(llon−line, lloff−line).

The range of log-likelihood scores of both classifiers vary greatly. Therefore,

before combination the results of both classifiers are normalized in respect to mean

and standard deviation. Due to the fact, that only two classifiers have been used,

other combination rules such as the median rule or voting are not applicable in this

case.

5. Experiments and Results

The experiments have been conducted on the IAM-OnDB, a large on-line handwrit-

ing database acquired from a whiteboard15b. This database consists of data from

more than 200 writers with eight handwritten texts per writer. Each text consists of

seven text lines on average. The classification task is to identify the correct gender

for a given text line.

For the task of gender classification we randomly selected 40 male and 40 female

writers for training the classifiers, 10 male and 10 female writers for the validation

of meta-parameters, and 25 male and 25 female writers for testing the final system.

This assures that both classes are equally distributed in all sets, the training, the

validation, and the test set.

For the GMM the number of Gaussian mixture components G have been op-

timized between 1 and 250. Next, the variance flooring factor ϕ has been varied

between 0.001 and 0.011 in steps of 0.002. Furthermore, the MAP adaptation factor

α has been varied from full adaptation, i.e, α = 0 to no adaptation, i.e., α = 1 steps

of 0.2.

In Table 1 the results on the validation set are given. The first column gives the

type of classifier, the second column describes the meta parameters and the third

column shows the classification rate on the validation set.

Table 2 shows the classification results for the gender classification task on the

test set. The best combination achieved a performance of 67.57%. This result is

significantly higher than the classification of the best individual classifier (using a

z-test with α = 0.05).

To compare the performance of the classifiers to that of humans, we asked 20

persons to classify 24 movies of handwriting from different writers each.c For these

movies we took writers from the test set. For “training” purposes, these humans

also had classified images from other writers available. The average classification

rate of the humans is about 63.88% for the gender recognition task.

bhttp://www.iam.unibe.ch/̃ fki/iamondb/
cThe test is available under http://www.iam.unibe.ch/̃ smueller/
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Table 1. Gender classification rates on the validation set

Classifier Meta Parameters Classification Rate

On-line G: 231, ϕ : 0.8, α : 0.009 69.98%

Off-line G: 221, ϕ : 0.4, α : 0.001 57.88%

Combination (Average Rule) G: 221, ϕ : 0.8, α : 0.001 64.51%

G: 241, ϕ : 0.8, α : 0.001 64.51%

Combination (Maximum Rule) G: 231, ϕ : 0.2, α : 0.009 70.98%

G: 231, ϕ : 0.6, α : 0.011 70.98%

Combination (Minimum Rule) G: 221, ϕ : 0.4, α : 0.001 58.37%
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Fig. 11. Optimizing the number of Gaussian mixtures and the MAP adaptation factor.

Table 2. Gender classification rates on the test set

Classifier Classification Rate

On-line 64.25%

Off-line 55.39%

Combination 67.57%

:TODO: Discuss the difference between the results on the validation and on the test set.:TODO:
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Table 3. Gender classification rates of several combination approaches

Classifier Combination Classification Rate

Average Rule 67.57%

Maximum Rule 61.93%

Minimum Rule 65.58%

6. Conclusions and Future Work

In this paper we have presented a system for the classification of gender of hand-

writing. The data is given in on-line format and we extract two feature sets, a set

of 29 on-line features, and a set of 9 off-line features. For the classification, we used

Gaussian Mixture Models (GMMs).

In our experiments classification results higher than human classification have

been achieved. The GMM results for gender classification are similar to results

reported on another data set by Ref. 5.

The combination of classifier’s results on the score level has shown to signifi-

cantly increase the classification rates. Other approaches to combine the classifier’s

results exist, such as combination on the feature or on the decision level. Compar-

ison of the results presented in this paper with these approaches is left for future

work.

:TODO: Think: Is gender verification an interesting topic for future work? :TODO:
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