°c In Proc. International ECCV 2002 Workshop on Biometric Authentication,
Springer, Lecture Notes in Computer Sciene, LNCS-2359, pp. 103{111,
Copenhagen,Denmark, June 2002.

Genetic Mo del Optimization
for Hausdor® Distance-Based Face Lo calization

Klaus J. Kirchberg, Oliver Jesorsky,and Robert W. Frischholz

BiolD AG, Germany
f k.kirchberg,o.jesorsky,r.frischholz g@bioid.com,
WWW home page: http://www.bioid.com

Abstract.  In our previous work we preserted a model-based approach
to perform robust, high-speed face localization based on the Hausdor®
distance. A crucial step during the design of the system is the choice of
an appropriate edge model that "ts for a wide range of di®erert human
faces. In this paper we presert an optimization approach that creates
and successiely improves such a model by means of genetic algorithms.
To speedup the processand to prevent early saturation we usea special
bootstrapping method on the sample set. Seweral initialization functions
are tested and compared.

1 Intro duction

Face localization is a fundamertal step in the processof face recognition. Its
aim is to decide whether there is a face in a given image and, in the positive
case,to determine the coordinates of the face. The accuracy of the detectedface
coordinates has a heavy in°uence on the recognition performance.

In [5] we preserted a method for robust frontal face detection basedon the
Hausdor®distance. This algorithm usesa prede ned edgemodel of the human
faceto nd face candidatesin the image. While it is possibleto use a simple
ellipse as a model, the detection performance can be improved by using a more
detailed model. Howewer, it must still represen a wide variety of faces.

In this paper we follow a geneticalgorithm approac to generatea facemodel
from scratch and to optimize it basedon afairly large databaseof sampleimages.
A coding schemefor binary edgemodelsis preseried along with the correspond-
ing geneticoperators. We describe a bootstrapping optimization framework that
speedsup the processby successiely adapting the subsetof evaluation samples.

Seweral experiments prove the performance of the system and compare dif-
ferent initialization strategies.

2 Hausdor® Distance-Based Face Detection

This section givesa brief overview of the underlying face detection algorithm. A
more detailed description can be found in [5].



The face detection problem can be stated as follows: given an input image,
decide whether there is a face in the image or not. If a face was found, return
the face coordinates inside the image. In our casethese are the coordinates of
the left and right eye certers, which is suzcient if the problem is restricted to
frontal view facesin imagesof constarnt aspect ratio.

For simplicity, we concerirate on the task of nding a singlefacein animage.
The extensionto "nding multiple facesis straightforward.

We use an edge-basedmethod for "nding faces.Therefore we rst calculate
an edge magnitude image with the Sobel operator. The relevant edge feature
points are extracted by a locally adaptive threshold Tter to compensate vari-
able illumination. We assumethat this procedurewill produce a characteristic
arrangemert of segmemation points in the facial area.

Basedon the typical layout that strongly dependson the segmemation steps,
we use a face model which itself consistsof a set of feature points and can be
represered as a binary image.

The feature points of the face model are chosenin a way that the pattern
stored in the model is somehav similar to the typically obsened patterns in the
images'face area.

To detect a face,the model is superimposedover the image at se\eral discrete
positions. At ead position the similarity betweenthe translated model and the
coveredpart of the imageis calculated. A faceis consideredto be located at the
position yielding the highest similarity betweenmodel and covered image part.
The procedureis illustrated in "gure 1. Note that the model can be scaledto
allow detecting facesof di®erent sizes.
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Fig. 1. Face nding procedure

An ezxcient yet powerful method to calculate the similarity of two binary
imagesis the Hausdor®distance [7], a metric betweentwo point sets. We use
a slightly adapted measure, called the (directed) modi ed Hausdor® distance
(MHD) [2] to calculate the similarity betweenthe image and the model. Given
the two point setsA and B and someunderlying norm jj ¢jj on the points, the



MHD is de ned as

1 X
Nmod(A;B) = Wam minkaj bk : 1)

With the two-dimensional point set A represerting the image and T,(B)
represerting the translated and scaledmodel with transformation parametersp,

the formula
dp = Min Nmoa(A; Ty(B)) (2)

calculates the distance value of the best matching position and scale. The pa-
rameters of the corresponding transformation are represenied by the parameter
setp.

To make an e+cient implemertation possible,we use a discrete grid for the
model point positions. A model canthen berepresered by a binary imagewhere
white pixels represen the model points. The resolution of this image hasto be
high enoughto be ableto represert enoughdetail but hasto be aslow aspossible
to minimize computation time for both the localization procedureand the model
optimization process.We useda 45£ 47 model grid which hasturned out to be
a good trade-o®.

One of the major problems of the Hausdor®distance method is the actual
creation of the facemodel. While a simple "hand-drawn" model will be sutcient
for the detection of simple objects, a generalface model must cover the broad
variety of di®erert faces.

3 Genetic Mo del Optimization

The task of 'nding awell-suited model for Hausdor®distance basedfacelocaliza-
tion can be formulated as a discrete global optimization problem. An exhaustive
seard would produce the optimal result (with respect to a given sample set),
but due to the exponertial complexity it is not computationally feasible.In the
broad area of global optimization methods, Genetic Algorithms (GA) form a
widely acceptedtrade-o® between global and local seard strategy. They were
chosenhere for they are well-investigated and have proven their applicability in
many elds.

Sincetheir invertion by Holland [4], Genetic Algorithms have becomea stan-
dard solution approac for multi-dimensional global optimization problems. We
usethe algorithm and terminology of the Simple Genetic Algorithm (SGA) de-
scribed by Goldberg [3].

To formulate our face nding problem as a genetic algorithm, we have to do
the genotype coding of the face model, de ne a tness function and have to set
somemore parameters (population size, crossawer method etc).

3.1 Genot ype Coding

The genotype coding of the face model is done fairly straightforward by a two-
dimensional binary genome.We presumethat the averageface model is sym-



metric along the vertical axis, which is not exactly true for a single face but
suzxcient for our purposes.Thus, only the left half of the model is coded in the
genome.

3.2 Fitness Function

The tness function assignsa real-valued number to a given model. This value
must re°ect the performance of the face localization algorithm with a certain
model. During reproduction phaseof the GA this value determinesan individ-
ual's probability to survive and produce o®spring. To rate a speci ¢ model, it
is tested on a set of sample face images. This sample set must be both large
enoughto be represenativ e and also small enoughto allow fast evaluation of
the "tness function.

We de ne the "tness value of a model as the ratio of found facesto the
overall number of facesin the set. A faceis said to be found if somedistance
measurebetweentrue position and found position is below a certain threshold.
We use here the accuracy measuredeye introducedin [5]. Let d; and d; denote
the distancesbetween the true eye certers C;;C, 2 R? and the expected eye
positions, respectively. Then the rating distanceis de ned as

_ max(d; d;)
Geye = kC i C/k 3)

with the euclideannorm jj ¢jj.

The threshold that de nes a face as found was set to d\eye = 0:12 for the
optimization process,which meansthat we allow a shift of 12% with respect to
the distance between the true right and left eye. The true eye positions were
marked manually.

We used a set consisting of 1362 face images for evaluation. To speed up
ewlution, we choose a subset of 80 images. This subset selection is updated
every v e generations. The processis shavn in “gure 2.

initialize population
do while not converged

evaluate population on complete set

build new evaluation set with best model

run GAfor five generations on evaluation set
end do

Fig. 2. Optimization process

When a new evaluation set of face imagesis built, the localization is per-
formed on the whole set of imageswith the best model of the current population.



For each image we record deye and sort the imagesby this distance. The new
ewvaluation set is then compiled from 40 out of the 200 top-ranking imagesand
40 out of the 200 imageswith the lowest rating. This makesthe GA learn to
“nd new faceswhile not "forgetting" the others.

3.3 Selection, Crossover, Mutation, Population Size

In the choice of the other genetic operators we mostly follow the suggestionsin
Goldberg's book [3].

Selectionis done by the Roulette wheel scheme, which meansead individ-
ual's selection probability is directly proportional to its tness.

As crosswer operator we usethe natural extensionof the one-point crosswer.
Its function in the twn-dimen<innalcaseis denicted in "niire R

Fig. 3. One-point crossover operator for 2d binary genomes

Mutation is represerted by random bit °ip with a probability of 0:00025for
ead bit.
The population sizeis constart and is setto 50 individuals.

3.4 Initialization

Another important decisionis how to initialize the population. In our experi-
mernts we usedthree di®erert initializations:

{ blank model
{ averageedgemodel
{ bhand-drawn model

Theseinitialization options are described in more detail in the next chapter.

4 Experiments

The described approac was rst tested on three di®erern setups. They all dif-
fered in the method usedto initialize the “rst generation. The purposeof this
test wasto ched the in°uence of the initialization on the corvergencebehavior.



In the “rst method, the population was initialized with random points, each
one having a 5% probability of being set. Further genetic parameterswere:

crosswer rate 0.9
mutation rate 0.00025
population size 50

Somemodels generatedby the GA in this run are shawvn in "gure 4.

Fig. 4. Models from the randomly initialized GA run

For the secondsetup, an average edge map was generated from a set of
sample images. In the initialization step, the model points were randomly set
with a probability proportional to the value of the corresponding point in the
averageedgemap. Somemodels from this run are shown in "gure 5.

Fig. 5. Models from the average edge map-initialized GA run

The third run was initialized with a hand-drawn face model and 5% of the
bits °ipp ed. Figure 6 shaws the hand-drawn model and someother models from
this run.

Fig. 6. Models from the hand-drawn initialized GA run



The resulting modelsweretested on the XM2VTS [6] data setand the BIOID
facetest set, which is publicly available at [1]. The "rst mentioned contains 2360,
the second1521gray level images,ead of them shawing a single face.

The results for the three models on both sets are summarizedin Figure 7.
The "gure shows the distribution function of the detection results rated using
the samemethod asusedby the "tness function describedin the previous section
(seeeq. 3).
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Fig. 7. Distribution function of relative eye distances for the XM2VTS (a) and the
BIOID face data set (b) for the best models of the three runs

Regarding a value of deye = 0:25 more than 80% of the facesare found in the
XM2VTS test set. According to the de nition of deye @ value of 0.25 equalshalf
the width of an eye. This hasshown to be a reasonablethreshold for robust face
recognition.

The results on the BIOID test set are a little poorer becausethis set has
beenrecordedunder a larger variety of illumination and face scaleand therefore
implies a harder problem for face detection systems.

The model gained from blank initialization performs best on both data sets.
Therefore we used the blank initialization method to start a secondoptimiza-
tion on a larger image database, also using more generationsthan in the “rst
ewvaluations.

With the resulting model that is showvn in “gure 8, together with the belong-
ing distribution functions, the localization performancecould be increasedup to
92.8% on the BIOID and 94.2% on the XM2VTS dataset (again considering a
maximum allowed error of 0.25 relative eye distance).

In comparison, the detection rate for the hand-drawn model itself is 62.3%
on the XM2VTS database.

Due to the lack of a common performance measuremen for face detection
algorithms it is hard to comparedi®erert approades. For example, Smeraldi et
al [8] reported a detection rate of 91% for a SVM approac on a subset of 349
imagesfrom the M2VTS database.They allowed an absolutetolerance of 3 pixel
for eyesand mouth positions.
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Fig. 8. Resulting model (a) and corresponding distance distribution functions for the
XM2VTS and the BIOID face set (b).

5 Conclusions

One of the major problems in model-basedface detection is the creation of a
proper facemodel. We have presened a geneticalgorithm approad for obtaining
a binary edgemodel that allows localization of a wide variety of faceswith the
Hausdor®seard method.

The experimerts showved that the GA performs better when starting from
scratch than from a hand-drawn model. With this method, the localization per-
formancecould be improved to more than 90% comparedto roughly 60%for the
hand-drawn model.

Genetic Algorithms are a powerful tool that can help in 'nding an appro-
priate model for facelocalization. The preseried framework led to a model that
performed considerably better than a simple hand-drawn model.

Face localization can be improved by a multi-step detection approad that
usesmore than one model in di®erent gradesof detail. Each of these models
can then be optimized separately This doesnot only speedup the localization
procedure but also producesmore exact face coordinates.
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