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Abstract

In this paper we propose a method to retrieve images based on the persons shown. The
method aims at retrieving from images showing groups of people those in which the same
persons are depicted as in the query image. It is experimentally shown that this aim is
achieved for rather simple tasks and that improvements over baseline methods are possible
for harder tasks.

1 Introduction

Content-based image retrieval (CBIR) is a hot topic in research, but only few articles have
been written about what people expect from an image retrieval system. Those articles that are
concerned with the users’ needs focus on journalists [12] and medical doctors [9].

The most common request from journalists to picture archives are queries for certain objects.
Among these, the most frequently issued queries ask for certain persons. Unfortunately, no
current CBIR system can handle general photographs of persons.

In this paper we present a method that combines techniques from face detection and recogni-
tion with techniques from content-based image retrieval to allow the retrieval of images showing
certain persons. A first, though very limited, approach to achieve this goal has been imple-
mented in the PhotoBook system [15] which allowed for retrieving images of persons when the
face covered a large part of the image and was taken under normalized conditions. In [2] an
approach to the same problem is proposed. A more complex approach to retrieving portrait im-
ages robust with respect to facial expression, glasses, hats, and facial hair is presented in [13].
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A component-based descriptor for face images using LDA transformation is presented in [11].
In [1] portrait images taken from the web are indexed and performance measures for comparing
such systems are proposed. All of these approaches have in common that there is only one face
in the image. Furthermore it is assumed that the face to be recognized forms a significant part
of the image, which is not a suitable assumption for general image retrieval tasks. In contrast
to these approaches we propose a method that is able to deal with images displaying several
persons and in which the faces do not necessarily form large parts of the image.

To achieve this goal, we extend our CBIR system FIRE1 [4] by a newface feature. These
features are extracted from images using the Viola & Jones face detection method [18] and
Eigenface representations [17]. This face feature can then be combined with all image repre-
sentation features already available in FIRE.

Considering faces as objects in the general sense, this work also opens up new vistas to
retrieving images based on the objects they contain. The “only” necessity therefore is to have
a reasonably well working object detection and classification algorithm that is combined with
the image retrieval engine. In the field of object classification and detection recently many
approaches were presented [14, 8, 10, 7, 5].

2 The Image Retrieval Framework

The FIRE system [4] follows the approach of representing images by feature vectors that are
compared using certain distance measures. Another approach is inspired by textual information
retrieval and images are represented by a set of binary features. This approach is e.g. followed
by the GIFT system [16].

Given a set of positive example imagesQ+ and a (possibly empty) set of negative example
imagesQ− a scoreS(Q+, Q−, X) is calculated for each imageX from the databaseB:

S(Q+, Q−, X) =
∑
q∈Q+

S(q, X) +
∑

q∈Q−

(1− S(q, X)). (1)

whereS(q, X) is the score of database imageX with respect to queryq and is calculated as
S(q, X) = e−γD(q,X) with γ = 1.0. D(q, X) is a weighted sum of distances calculated as

D(q, X) :=
M∑

m=1

wm · dm(qm, Xm). (2)

Here,qm andXm are themth feature of the query imageq and the database imageX, respec-
tively. dm is the corresponding distance measure andwm is a weighting coefficient. For each
dm,

∑
X∈B dm(Qm, Xm) = 1 is enforced by re-normalization.

Given a query(Q+, Q−), the images are ranked according to descending score and theK
imagesX with highest scoresS(Q+, Q−, X) are returned by the retrieval system.

Due to the lack of suitable training data, weightswm were chosen heuristically based on
experiences from earlier experiments with other data.

1available online athttp://www-i6.informatik.rwth-aachen.de/˜deselaers/fire.html
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3 Face Detection and Representation

To allow for investigating the effect of face detection and representation methods, we tested two
methods: detection and representation using Eigenfaces [17] and detection using the Viola &
Jones method [18] and representing the face as a size normalized image patch. Both methods
are data driven methods and are explained briefly in the following. A general overview on
methods for face detection and representation can be found in [19].

3.1 Eigenfaces

Turk and Pentland applied principal component analysis to face recognition and detection [17].
Principal component analysis is performed on a training set of face images to generate the
Eigen-vectors (here called Eigenfaces) which span a subspace (called the face space) of the
image space. To detect whether an image shows a face or not, it is projected into the subspace
and back-projected using e.g. only the 20 first face space components. Then, the distance be-
tween the original image and the back-projection can be calculated. Due to the nature of the
Eigenfaces, face-like images can be reconstructed well, whereas non-faces are reconstructed
very poorly and thus the distance between the original image and the back-projection is high
in this case. Thus, this distance can be seen as a measure offaceness. If faceness is calculated
for every position in the image, a face map can be generated and a face can be detected by
searching for local minima. An advantage of this method is that it directly offers a compact and
generalizing method of representing faces.

3.2 Viola & Jones Method

Viola and Jones present a new and radically faster approach to face detection based on the
AdaBoost algorithm from machine learning [18]. Boosting is a method of combining several
weak classifiers to generate a strong classifier. AdaBoost is a well known algorithm to generate
strong classifiers from weak classifiers, while providing statistical bounds on the training and
generalization error of the algorithm. The weak classifiers in the Viola & Jones algorithm are
based on features of three kinds. A two-rectangle feature is the difference between the sum
of the values of two adjacent rectangular windows. A three-rectangle feature considers three
adjacent rectangles and computes the difference between the sum of the pixels in the extreme
rectangles and the sum of the pixels in the center rectangle. A four-rectangle feature considers
a 2 × 2 set of rectangles and computes the difference between the sum of the pixels in the
rectangles that constitute the main and off diagonals. For a24× 14 sub-window there could be
more than 180,000 such features.

3.3 Faces in Image Retrieval

To be able to use the faces in our image retrieval framework, we have to define a distance
measure for two imagesX andY in which facesX1 . . . XF andY1 . . . YV have been detected.
One can think about various ways of matching, e.g. taking into account the positions of the



faces. For the experiments presented here, we decided to use the simplest possible matching.
That is, we calculate the Euclidean distancesd(Xi, Yj) between all pairs(Xi, Yj) of faces of
two imagesX andY . The smallest of these distancesd(Xi, Yj) is then used as the distance
between the imagesX andY . This can be interpreted as retrieving images that contain one of
the persons in the query image, and this person’s face should be as similar as possible to her
face in the query image.

4 Databases

We present experiments on two different databases:

a) Bio-ID database: a database showing one person per image which can be said to be
recorded under controlled conditions.

b) RWTH-i6 Groups of People Database: a newly created database which has been collected
using Google image search. It is obvious that this is a much harder task.

4.1 Bio-ID

The dataset consists of 1521 gray level images with a resolution of 384×286 pixel. Each image
shows the frontal view of a face of one out of 23 different test persons. The database is available
online2. This task is very simple and the results appear to be very good. Unfortunately, the data
are not properly labelled, thus a quantitative evaluation is not easily possible. Example images
are given inFigure 1.

4.2 RWTH-i6 Groups of People Database

Due to the lack of a database containing images of groups of persons, images of single persons,
and images without persons at all, we decided to create our own database. To do so we queried
Google image search3 using names of politicians, musicians, and music bands (e.g. Gerhard
Schroeder, Britney Spears, Depeche Mode) and retrieved 60 images for each of these keywords.
In total we used 38 search terms. Then we deleted all images that were not relevant to the search
term, as e.g. images showing dogs, comics, or images showing other people. This lead to a
database containing 868 images with 38 classes. Some example images along with their class
label are given inFigure 1.

5 Experimental Results

In the following we present some exemplary results of using our image retrieval system FIRE
to retrieve images from a database containing mainly images of people. We compare a setting

2http://www.humanscan.de/support/downloads/facedb.php
3http://images.google.com
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Bio-ID:

New “Groups Of People” database:

‘Abschlussklasse’
‘Genesis’ ‘Sex and the City’

‘Wildecker
Herzbuben’

Figure 1: Example images from the Bio-ID database and from our newly created “Groups of
People” database.

Figure 2: Example results of queries in the Bio-ID database where each top-left face image was
the query image.

that is known to perform well on general photographs with the same setting augmented by the
described face features.

5.1 Bio-ID database.

As it is impossible to give quantitative results for the Bio-ID database we show just three
queries, although we are aware that this is not the best practice.The queries are exemplary
and most queries give similar results. Examples are shown inFigure 2where the top-left image
is the query image in each of the cases. They clearly show that among the first 10 images re-
trieved, most images are relevant. As the results here are very good, we proceed to the harder
problem with our newly created database. For the experiments here we used the implementa-
tion of the Viola & Jones face detector from OpenCV4. Detected faces are extracted, scaled to
16×16 pixels and used as features.

4http://www.intel.com/technology/computing/opencv/index.htm
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Table 1: Results for the experiments performed
Setup ER MAP
color histograms & global texture feature 78.2 6.55
inv. feat. histograms & Tamura texture feature 78.3 6.95
16x16 faces, normalized 73.0 7.35
19x19 faces (center part), normalized 73.5 7.53
19x19 faces (center part), normalized, 10 Eigenface coeff 71.0 8.22

5.2 RWTH Groups of People database.

To evaluate the quality of the proposed method we compare it to two different baseline systems:

1. A combination of color histograms and a cooccurrence-based texture feature. A very
similar feature combination has been used in QBIC [6].

2. A combination of an invariant feature histogram accounting for color and Tamura texture
histograms. This method has been shown to perform well on general photographs [3].

Then we performed a series of experiments with the proposed method where the faces were
extracted and represented in different ways.

All experiments were performed in a leaving-one-out manner. That is, each image is used
as query image and the remaining images are used as database, images from the same class
are considered to be relevant. Results are given as error rates (as due to the limited number
of classes this can be considered to be a classification problem and as MAP (mean average
precision) which better reflects the retrieval precision over the complete ranking of database
images.

Results for different setups are given inTable 1. It can be seen that the results are far from
satisfactory. Nonetheless using face features, a considerable improvement can be achieved.

The high error rates are due to problems with the recognition of similar faces. The detection
of the faces works reasonable well.Figure 3shows some examples of detected faces. So
improvements are necessary in the area of comparing faces and recognizing whether two faces
are similar or not. In the domain of face verification these problems are partly solved already
and we are currently incorporating this knowledge into our system.

6 Conclusion

We have presented an approach to retrieving general images based on faces depicted. The
approach works reasonably well when faces contained in the database are sufficiently similar
to the query images which is the case for the Bio-ID database. For the newly created database
showing groups of people, results are not yet satisfactory but a considerable improvement over
the baseline system for general images could be obtained. In combination with knowledge from
face recognition and face verification it is very probable that strong improvements are possible.



Figure 3: Examples of face detection results.
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