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Abstract. We present a component-based framework for face detection and identification. The face detection and
identifi cation modul es sharethe same hierarchical architecture. They both consist of two layersof classifiers, alayer with
aset of component classifiers and alayer with asingle combination classifier. The component classifiersindependently
detect/identify facial partsin the image. Their outputs are passed the combination classifier which performs the final
detection/identification of the face.

We describe an algorithm which automatically learns two separate sets of facial components for the detection and
identification tasks. In experiments we compare the detection and identification systems to standard global approaches.

The experimental results clearly show that our component-based approach is superior to global approaches.

Keywords: face detection, face identification, face recognition, object detection, object recognition, support vector
machines, components, fragments, parts, hierarchical classification

1. Introduction

Object detection systemsin which classification is based
on local object features have become increasingly com-
mon in the computer vision community over thelast cou-
ple of years (see e.g. Ullman et a., 2002; Heisele et al.,
2001; Mohan et a., 2001; Weber et a., 2000; Dorko and
Schmid, 2003; Schneiderman and Kanade, 2000). These
systems have the foll owing two processing stepsin com-
mon: In afirst step, the image is scanned for a set of
characteristic features of the object. For example, in a
car detection system a canonical gray-value template of
a wheel might be cross-correlated with the input image
to localize the wheels of a car. We will refer to these lo-
cal object features as the components of an object, other
authors use different denotations such as parts, patches
or fragments. Accordingly, the feature detectors will be
called component detectors or component classifiers. In
asecond step, the results of the component detector stage
are combined to determine whether the input image con-

tains an object of the given class. We will refer to this
classifier as the combination classifier.

An aternative approach to object classification is to
search for the object as awhole, for example by comput-
ing the cross-correl ation between atempl ate of the object
and the input image. In contrast to the component-based
approach, asingle classifier takes asinput a feature vec-
tor containing information about the whole object. We
will refer to this category of techniques as the global ap-
proach; examples of global face detection systems are
described in Sung (1996), Oren et al. (1997), Rowley et
al. (1998), Osuna (1998), Heisele et a. (2003). Thereare
systems which fall in between the component-based and
the global approach. The face detection system in Viola
and Jones (2004), for example, performs classification
withan ensembleof simpleclassifiers, each oneoperating
on locally computed image features, similar to compo-
nent detectors. However, each of these ssimple classifiers
is only applied to afixed x-y-position within the object
window. In the component-based approach described in
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and Poggio (1999), thecomponentsarelocated by search-
ing for the maximum outputs of the detectors across the
window. The only data propagated to the combination
classifier aretheoutputsof thecomponent detectorswhile
the information about the location of the maximais not
used. In this paper, we will investigate two possibilities
to add spatial information to this basic system: (a) im-
plicitly by restricting the location of each component to
be within a pre-defined search region inside the window,
and (b) explicitly by adding the position of the detected
components as additional inputs to the combination clas-
sifier. An iterative search for facia components based
on the detector outputs and the empirical distribution of
the relative position between pairs of components has
been published in Bileschi and Heisele (2002). Thistech-
nique achieved a higher accuracy in localizing the eyes
in a face than the straightforward search for the max-
imum detector responses. However, its computational
complexity is a major drawback regarding real-world
applicability.

The tasks of face detection and identification share
the key problems of pose and illumination invariance.
Most of the arguments mentioned before in support of
component-based face detection can therefore be ap-
plied to component-based face identification. However,
face identification poses two additional problems:. the
large number of classes and the small number of training
examples per class (Phillips, 1998). Our learning-based
approach requires a large set of training examples per
person. To solve this dilemma, we apply 3D morphable
models (Blanz and Vetter, 1999) during training to gen-
erate a sufficient number of synthetic face images from
an initially small training set of real images. We do not
addressthe problem of identifying alarge number of peo-
ple. Instead, we focus on robustness against changes in
poseand illumination givenasmall group of people. Sys-
tems like ours might be used in home and office environ-
ments where the number of people to be recognized is
usualy small.

In the following, we briefly review face identification
techniques which are closely related to our approach.
A comprehensive survey on state-of-the-art techniques
in face identification can be found in Zhao et a.
(2003). In Brunelli and Poggio (1993), faces were
identified by independently matching templates of three
facial regions: both eyes, the nose and the mouth. The
configuration of the components during classification
was unconstrained since the system did not include a
geometrical model of the face. A similar approach with
an additional alignment stage was proposed in Beymer
(1993). In an effort to enhance the robustness against
pose changesthe originally global eigenface method has
been further developed into a component-based system
in Pentland et a. (1994) where PCA is applied to local
facial components. The elastic grid matching algorithm

described in Wiskott et al. (1997) uses Gabor wavelets
to extract features at grid points and graph matching for
the proper positioning of the grid. The identification is
based on wavelet coefficients that were computed on the
nodes of a2D el astic graph. In Nefian and Hayes (1999),
awindow was shifted over the face image and the DCT
coefficients computed within the window were fed to a
2D hidden Markov model. A probabilistic approach us-
ing part-based matching has been proposed in Martinez
(2002) for expression invariant and occlusion tolerant
recognition of frontal faces.

Our face identification system uses the outputs of
the component-based face detector during training
and at runtime. In the training stage, the computed
locations of the face detection components are used
to iteratively learn a set of components suitable for
identification, called identification components. At
runtime, the face detector supplies the identification
module with the center locations of the identification
components which are then extracted and classified by
a hierarchy of identification classifiers. Thisis different
from our previous face identification system (Heisele
et a., 2003) in which the gray values of the detection
components were combined into one feature vector and
then classified by a single classifier.

The outline of the paper is as follows. Section 2 ex-
plains the architecture of our component-based face de-
tection andidentification system. In Section 3wedescribe
an algorithm for learning facial components for detec-
tion and identification. In Section 4 we explore different
techniques of integrating spatial information into the de-
tection process and present experimental results on the
face detection system. Resultsof thefull system on aface
identification test set are given in Section 5. This section
also includes comparisonsto standard global approaches
based on SVM, PCA and LDA.

2. Architecture of the System

An overview of our system is shown in Fig. 1. We first
computed aresolution pyramid from theinput image. The
pyramid was scanned for faces by diding a fixed sized
object window pixel-by-pixel across each image. On the
first level of the detection module, component classifiers
independently located components of the face inside the
current object window. We experimented with two differ-
ent strategiesfor localizing the components: (a) searching
for the maximum real-val ued output of the corresponding
component classifier over the whole object window, and
(b) searching for the maximum output in a pre-defined
rectangular search region within the object window.

The component detectors were linear SVMs, each of
whichwastrained on aset of extracted facial components
and on a set of non-face patterns.
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Figure 1. System overview of the component-based face detection and identification system. An object window of fixed sizeis slid over the input
image (1). At the first level, component classifiers specialized in detecting facia parts are shifted over the current object window (2) and their
real-val ued output val ues are computed at each position inside the object window (3). At the second level, the maximum output O of each component
and optionally the position X, Y of each maximum are input to the detection combination classifier. When a face is detected the center coordinates
of the detected components are passed to the identification module and the set of identification componentsis extracted around these points (5). The
identification components are classified separately by second-degree polynomial SVMs (6) and the outputs of the classifiers are combined to identify

the person’s face (7).

If a face was detected inside an object window, the
scale of the face and the location of the detected com-
ponents were passed to the face identification module.
Based on thisinformation, the face identification module
extracted a previously learned set of identification com-
ponents which was different from the set of detection
components. Each identification component is classified
by a separate component classifier and their results are
passed to a combination classifier which performs the
final identification of the face. The component classi-
fiers were second-degree polynomia SVMs which were
trained on aset of syntheticfaceimages. Weimplemented
four types of combination classifiers: classification based
on the majority vote amongst the component classi-
fiers, a classifier based on the sum over the real-valued
component classifier outputs, a classifier based on the
product of the real-valued component classifier outputs,
and a linear SVM trained on the component classifier
outputs.

3. Learning Components for Face Detection and
Identibcation

Extracting and labelling training datais usually atedious
and time-consuming work. In order to train the compo-
nent classifiers for both identification and detection, we
have to extract the components from each face image
in the training database. Manual extraction would only
be feasible for a very small number of components and
faceimages. To automate the extraction process, we used
textured 3D head models (Vetter, 1998) with known 3D
correspondences. By rendering the 3D head models we
could generate facesin arbitrary poses and with arbitrary
illumination.

3.1. Training Data for Detection

From 100 textured 3D head models of Caucasian sub-
jects we rendered? tens of thousands of face images of
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Figure6. Illustration of theiterative growing process for the component located at the center of nose (top) and the right eye (bottom) in the detection
case. The components are arranged from top left to bottom right, starting with the initial component in the top left corner. The minimum CV error is
given above each component and the arrow indicates the corresponding direction selected.
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Table 1. Thedimensions of the 14 learned components for face detection and identification. Left and right are relative

to the face.
Detection Identification
Component Right Left Up Down Right Left Up Down

R. Eye 9 17 9 9 7 7 18 4
L. Eye 17 9 9 9 19 14 3
R. Eyebrow 2 31 5 22 2 12 9 7
L. Eyebrow 31 2 5 22 17 12 7
Nose Bridge 7 13 8 8 8 9 17 4
Nose 10 8 19 17 3 5 22
R. Nostril 11 13 10 10 11 11 7
L. Nostril 13 11 10 10 14 4 12 8
R. Corner Mouth 9 24 19 5 3 8 9 13
L. Corner Mouth 24 19 5 16 2 12 8
Upper Lip 10 9 8 10 4 10 13
Lower Lip 15 22 9 3 10 10
R. Cheek 6 31 16 3 15 14
L. Cheek 31 6 16 21 2 10

Figure7. Thefina sets of the 14 learned components for detection (left) and identification (right).

conducted experimentswith threetypesof featurevectors
for the combination classifier:

(1) The maximum real-valued outputs o; of the com-
ponent classifiers. This lead to a feature vector
(01,...,0i,...,01).

(2) The absolute-valued deviations (& édid from
the expected position of the component in the
image® which lead to a 2N-dimensional vector
(Kidhdy 1. . KR, ..  Kidbdyiid

(3) The concatenation of the previous two feature vec-
tors: (01, Kidhdyidb. .. O, Kiddyid. .. , 014, Kiad
N1d

4.2. Results

The test set consisted of 5,000 non-face patterns which
were selected by a19 19 low-resolution LDA classi-
fier as the most similar to faces out of 112 background
images. The positive test set consisted of a subset of the
CMU-PIE database (Simet d ., 2003) whichwerandomly
sampled across the individuals, illumination and expres-
sions. We restricted the rotation of the faces to be in the
range between about 30 to 30 which matched the
pose range spanned by the training set. The faces were
extracted based on the coordinates of facial feature points
given in the CMU-PIE database.

For each test image, we computed the real-valued out-
puts of the combination classifier across different scales
and positions.® Only the maximum output of the combi-
nation classifier in a given test image was kept for com-
puting the ROC curve. Figures 8-10 show examples of
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Figure 10. Examples of false detections generated by the component-based face detector.
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Figure 11. Left: Comparison between different classification strategies: “a’ no search regions, “b” search regions, “1” maximum outputs of the
component classifiers as inputs to the combination classifier, “2” positions of the detected components as inputs to the combination classifier, “3”
positions and maximum outputs as inputs to the combination classifier. Right: Comparison between the performance of the component classifiers
for the systems without search regions “a”’ and with search regions “b”. Each of the two ROC curves is the average across the 14 ROC curves of the

component classifiers.

faces which were correctly detected, missed, and falsely
detected. The red (correct) and blue (incorrect) boxes
indicate the most likely locations of a face according to
the maximum response of the combination classifier. The
smaller green boxes indicate the location of the two eyes
and the mouth. Note that the variability in the training
images was much smaller than in the test images. The
synthetic training database consisted of Caucasian faces
only, it did not include people with a beard or a mous-
tache, neither did it include people wearing glasses.
Theleft diagram in Fig. 11 shows the ROC curves for
the different classification strategies. The two systems
with search regions and a feature vector containing the
maximum outputs of the component classifiers (b1 and
b3) perform about the same and are better than the rest.
Thesystemwith search regionsand position featuresonly
(b2) performs poorly. It is not surprising that once the
search for a component is confined to a relatively small
region, the position of the maximum isnot agood feature
to distinguish between faces and non-faces. The systems
in which the components are searched across the whole

pattern (al, a2, a3) perform worse than b1l and b3 but
better than b2. The importance of search regionsis also
evident in the comparison between the individual com-
ponent classifiersfor a3 and b3. The diagram on theright
in Fig. 11 shows the ROC curves averaged across the 14
components. The difference in the recognition rate be-
tween search regions and no search regionsis about 10%
across large parts of the ROC curve. Comparing the two
diagramsin Fig. 11 we get animpression of theimprove-
ment achieved by combining the component classifiers.
The FP rate of the classifier combination at 70% recog-
nition rate is about 1% of the FP rate of the individual
classifiers, at 80% recognition rate it is about about 2%.

The ROC curve in Fig. 12 compares the best of the
component-based systems (b1) with two globa systems
and the OpenCV (OpenCV Online Reference Manual,
2006; Lienhart et al., 2003) implementation of the Vi-
ola and Jones (2004) face detection system. The global
classifiers were single SVMs with linear and second-
degree polynomial kernels trained on the histogram-
equalized gray values of thewhole 58 58 face patterns.



