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Abstract

In this paper we propose a novel method for
demographic classification and present an image retrieval
system that can retrieve facial images by demographic
information that includes gender, age and ethnicity. The
demographic information is extracted from human faces
by demographic classifiers that are learned from boosting
Haar feature based Look-Up-Table type weak classifiers.
The image retrieval system consists of three modules, face
detection, facial feature landmark extraction and
demographic classification. Experiment results are
reported to show its potential in the management of a
large facial image database for online retrieval
applications.

1. Introduction

Facial image retrieval retrieves images based on
information extracted from human faces. It is a specific
problem of content based image retrieval and has great
potential in various applications, such as HCI, digita
video processing and visual surveillance. Due to therising
popularity of digital cameras and digital albums, retrieving
images of human faces becomes an interesting problem. In
the literature, Gudivada et al. [1] proposed a framework
for image retrieval systems and implemented a feature
based face retrieval system; Satoh [2] built aface retrieval
and recognition system called “Name It” for video content
analysis based on an eigen-face method for face
recognition. Eickeler [3] used a pseudo 2D Hidden
Markov Model to retrieve faces from a face database.

Most of the current face retrieval systems are based on
the face recognition technique, i.e. retrieval by identity.
Besides identity, the face contains a lot of other useful
category information, such as gender, age, ethnicity and
even expression, etc. It would be helpful to use clues other
than identity to retrieve facia images. Demographic
information including gender, age and ethnicity that are
categories of higher level knowledge than identity could
be well suited for retrieval uses. The process of extracting
demographic information from a facial image is called
demographic classification [4], see Fig.1. Previous works
on demographic classification are mainly on gender

classification, among which the main methods used
include PCA [5], ANN [6], SVMs [7] and Adaboost [4].
For age and ethnicity classification only a few systems
have been reported [4][8][9].

Figure 1. Demographic classification (above the face
block the estimations of gender, ethnicity and age are
labeled.)

The face retrieval system presented in this paper
consists of three modules, face detection, facial feature
landmark extraction and demographic classification. The
rest of this paper is organized as follows: Section 2
introduces the learning agorithm we used, Adaboost.MH;
Section 3 describes the Haar feature based LUT weak
classifiers; Section 4 gives the experiment results of
demographic classification; Section 5 presents our face
retrieval system; Section 6 gives the conclusion and
discussion.

2. The Adaboost.MH Algorithm

Adaboost [11] is a leaning agorithm that selects a
small number of wesk classifiers from a large weak
classifier pool or hypothesis space to construct a strong
classifier. The two-class Adaboost agorithm has been
successfully used in face detection [10] and demographic
classification [4]. However, many problems such as
ethnicity classification are multi-class in nature.
Fortunately, based on a measure of Hamming loss,
Schapire and Singer have extended Adaboost to a multi-
class multi-label version, called the Adaboost.MH



algorithm [12]. Denote the sample space by .+ and the
label set by )V . A sample of a multi-class multi-label
problem is a par (x,Y) , where xe.t'\Yc V . For
YcV,defineY[l] for l e JV as
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Fig. 2 liststhe details of the Adaboost.MH agorithm.
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Figure 2. The Adaboost.MH algorithm

From EQ.5, it can be seen a sample x can belong to
severa classes. To get a multi-class single-label classifier,
the Eq.5 is adjusted to the following form:

H(x) =agmax (Y. ah (x,1)), (6)
|
and furthermore a confidence of H is defined as:

D (X H )

tat

Conf, (x) =

: ()

3. Haar FeatureBased LUT Weak Classifier

In order to use the Adaboost.MH agorithm, a weak
classifier pool should be configured. We construct our
weak classifier based on the Haar feature proposed by
Viola and Jones [10]. For each Haar feature, one weak
classifier is configured. In [10], a threshold-type weak
classifier, whose output is Boolean value, is used, that is,
h(x) =sign[ f. (x) —b], where fu. is the Haar feature

and b is athreshold, see Fig.3.a. The main disadvantage of

this threshold model is that it is too simple to fit complex
distributions, such as a multi-Gaussian. For a multi-class
problem, @,,...,@, , we propose a rea-valued 2D LUT-

type weak classifier, see Fig.3.b. Assuming fya,r has been
normalized to [0, 1], the range is divided into n sub-ranges:

bin, =[(-1)/n,j/n),j=1,...,n 7
Theweak classifier h(x,l) isdefined as

If f,. (X)ebin then h(x,1) =2P" -1, (8)
where RV =P(xea, |, (X)ebin,)
characteristic function

By (u,) ={
the LUT weak classifier can be formally expressed as:
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Figure 3. Threshold vs. LUT (8-bin 2D LUT for 3-class
problem)

In practice, there are usually millions of possible Haar
features, so the weak classifier pool can be very large. If
exhaustive search is used in each boosting round to find
the global maximum, it will be very time consuming.
Therefore some optimization technique such as simulated
annealing is becoming necessary.

4. Experiment Results

As mentioned above, the demographic classification
has three sub-problems, gender, ethnicity and age. The
gender classification is a standard two-class problem. In
this paper, the ethnicity classification is defined as a three-
class problem, Mongoloid (yellow), Caucasian (white) and
African (black). Due to the ground truth data of age
classification is difficult to obtain, at present the age
classification is set as a two-class problem, kid vs. adult.
From World Wide Web we have collected a large face
dataset that contains 5,597 females and 4,928 males, 2,411
Mongoloids, 2,306 Caucasians and 1,771 Africans, and
1,303 kids and 1,509 adults. All the face samples are
normalized to 36x36-pixel patches, see Fig.4. We do not
use any color information for generality. For testing, 5-
fold cross validation is adopted and the RBF-kernel SVMs



method is used for a comparison. For the gender and age
classifiers, we set T = 400 in the Adaboost.MH, i.e. 400
weak classifiers will be selected to construct one strong
classifier; for the ethnicity classifier T = 600. Experiment
results are listed in Table 1. It can be seen that the
correctness of our method is slightly better than that of the
SVMs method. However in average our method takes only
0.3ms to process a sample on an Athlon 1.4G Hz PC
which is faster than the SVMs method by a factor of 400.
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Figure 4. Standard face sample: a) female, b) male, ¢)
Mongoloid, d) Caucasian, €) African, f) kid, g) adult.
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Figure 5. An automatic demographic classification
system.

5. Facial Image Retrieval System

To retrieve faces by demographic classification, we
need to extract the gender, ethnicity and age information
from facia images automatically. The flowchart of this
procedure is shown in Fig.5. The system contains three
modules, face detection, facial feature landmark extraction
and demographic classification. The face detection module
is also based on a boosted cascade of LUT weak
classifiers [13]. As for facia feature landmark extraction
used in face sample normalization, we train a simplified
Direct Appearance Model (SDAM) [14] to extract three
facia landmarks, the pair of eyes and the mouth center
that are used as referenced landmarks for warping to a
normalized shape. For demographic classification, we use
the demographic classifiers described in the Section 4.

According to Eq.7, for each prediction the
demographic classifier can give a real-valued confidence
between [0, 1]. This confidence is very useful for face
retrieval. A single query of our retrieval system has two
parts, a class label and a threshold. For example the pair
(‘Femal€’, 0.3) isasingle query indicating that we want to
find all females with prediction confidences over 0.3. A

valid query consists of a series of such pairs, eg.
{(“African”, 0.1), (“Male’, 0.2)}. All samples satisfying
the query will be ranked according to their confidences.
Our method can achieve a processing speed of about 40ms
on a320x240 image on an Athlon 1.4GHz PC.
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Figure 6. The precision-recall curves for some queries:
Q1: Female, Q2: African, Q3: African Male, Q4:
Caucasian Female, Q5: Mongoloid Male, Q6: Female
Adult, Q7: Mongoloid Kid, Q8: African Female Adult.

We have used two data sets to test our system, one
from FERET [15] containing 3,105 faces and the other
from WWW containing 1,753 faces. Fig.6 gives the
precision-recall curves for some queries and Fig.7 shows
the first six faces found. It can be seen that the system has
better performance on the FERET set than on the WWW
set. One possible reason for this is that al the images in
the FERET set are snapshots captured under controlled
environments while most of the images in the WWW set
are real-life photos or posters that have relatively large
variance on pose, expression and illumination, etc.

6. Conclusion



In this paper we have proposed a LUT weak classifier
based boosting method for face retrieval by demographic
classification. We have developed a Haar feature based
2D LUT-type weak classifier for multi-class problems and
use a variation of boosting algorithm for multi-class multi-
label problems, Adaboost.MH, to learn the demographic
classifiers. And a prototype of automatic demographic
face retrieval system is presented and experiment results
show its potentials in the management of a large facia
image database for online retrieval applications.
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Table 1. Results of demographic classification
oblem Gender Ethnicity Age
Metho Female Male Overall Mongoloid Caucasian African Overal Kid Adult Overal
Ours 92.3% 90.2% 91.4% 95.0% 96.1% 93.5% 95.0% 95.8% 95.9% 95.8%
SVMs 91.6% 90.9% 91.0% 95.6% 95.4% 92.7% 94.7% 93.7% 94.8% 94.3%
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Figure 7. First six retrieval results: Q1: Female, Q2: African, Q3: African Male, Q4: Caucasian Femae, Q5:
Mongoloid Male, Q6: Female Adult, Q7: Mongoloid Kid, Q8: African Female Adult.



