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Abstract

We propose a fully automatic system that detects and
normalizes faces in images and recognizes their gen-
ders. To boost the recognition accuracy, we correct the
in-plane and out-of-plane rotations of faces, and align
faces based on estimated eye positions. To perform gen-
der recognition, a face is first decomposed into several
horizontal and vertical strips. Then, a regression func-
tion for each strip gives an estimation of the likelihood
the strip sample belongs to a specific gender. The like-
lihoods from all strips are concatenated to form a new
feature, based on which a gender classifier gives the
final decision. The proposed approach achieved an ac-
curacy of 88.1% in recognizing genders of faces in im-
ages collected from the World-Wide Web. For faces in
the FERET dataset, our system achieved an accuracy of
98.8%, outperforming all the six state-of-the-art algo-
rithms compared in this paper.

1 Introduction

Recently, gender recognition using facial images has
attracted a great deal of attention. [7] used Support
Vector Machines (SVMs) for appearance-based gender
classification. In [4], a gender classifier based on Fuzzy
SVM (FSVM) is developed to improve the generaliza-
tion ability. Besides SVM-based approaches, Viola et
al. proposed an Adaboost-based gender classification
scheme [11]. The three algorithms used whole faces as
features.

To circumvent the problem caused by pose, expres-
sion, or illumination variations, some have proposed ap-
proaches based on local facial regions. [1] extracted a
normalized feature vector formed by matching N lo-
cal regions of the face against some fixed set of M face
images using the Facelt® algorithm. [8] presented a hi-
erarchical feature fusion model constructed by an evo-
lutionary learning algorithm. The locations, widths and
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Figure 1. Gender recognition using fusion of facial
strips. A face is first decomposed into several horizon-
tal and vertical strips. A regression function for each
strip gives the likelihood that the strip patch belongs
to a specific gender. The likelihoods from all strips are
concatenated to form a new feature (x), based on which
a gender classifier carries out the final decision.

heights of local regions were automatically determined
during learning. [5] defined seven local facial regions,
which are inner face, upper and lower faces, left eye,
nose, mouth, and the whole face itself. Three most sig-
nificant regions were selected and the decision-level fu-
sion strategy was applied to yield the final gender clas-
sification results.

In this paper, we propose an automatic gender recog-
nition scheme based on local facial regions. The local
facial regions used in our work are different from all the
aforementioned approaches. Instead of either selecting
local regions automatically or manually, we extract ver-
tical and horizontal facial strips systematically. Unlike
the previous region-based approaches which fuse local
regions in decision-level or score-level, we measure the
likelihood of each local region belonging to a certain
gender and concatenate these likelihoods to form new
features. Figure 1 illustrates the proposed scheme. In
addition, a face preprocessing is employed which cor-
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Figure 2. System overview.

rects the in-plane and out-of-plane rotations of faces,
and aligns faces according to the estimated eye posi-
tions. This scheme boosts the final gender recognition
by 6% in our experimental study.

Figure 2 shows the overview of the proposed system.
The system can be divided into four major modules: the
Face Detection module, the Face Normalization mod-
ule, the Non-Face Rejection module and the Gender
Recognition module. The Face Detection module de-
tects faces in images and it applies the standard Viola-
Jones face detector [10]. In the following, Section 2
describes the Face Normalization and Non-Face Rejec-
tion modules. Section 3 introduces the proposed gender
recognition algorithm using facial strips. A comprehen-
sive experimental study is given in Section 4, followed
by the conclusion and the future work in Section 5.

2 Face Preprocessing
2.1 Face Normalization

Viola-Jones face detector gives rough positions and
regions of human faces. The proposed normalization
module gives more accurate face positions by aligning
their eyes. Given a face detected by the Viola-Jones
detector, we first detect salient facial feature points, or
fiducial points, using a latest extension of the Active
Shape Model [6] (ASM), which used two-dimensional
landmark templates and stacked two ASMs in series.
[6] gives 68 fiducial points, based on which we normal-
ize a face as the following:

1. Calculate the eye centers, and rotate the face to
make the line passing through eye centers horizon-
tal. This step corrects the in-plane rotation.

. Crop the face from the image in the way that the
eye positions are the same for all the cropped faces.

. Warp the fiducial points such that points on the left
half of the face and those on the right half of the
face are symmetric. This step corrects the out-of-
plane rotation.
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Figure 3. Correcting the in-plane and the out-of-
plane rotations given a face detected in an image.

Figure 3 illustrates an example of normalizing and
cropping a face in a photo.

2.2 Non-Face Rejection

There exists some non-face image patches that the
Viola-Jones face detector wrongly detects them as a
face and the Active Shape Model wrongly locates some
fiducial points on them. To reject these non-faces, two
schemes are applied: (1) we first employ a Support Vec-
tor Machine [3] to classify face candidates detected by
the Viola-Jones detector into faces and non-faces; (2)
for those classified as faces, we reconstruct them us-
ing eigen-components of human faces and calculate the
difference between the original images and the recon-
structed ones. We reject those with large reconstruction
eITorS.

3 Gender Recognition Using Facial Strips

In general, using multiple local facial regions yield
better accuracies than using the whole faces alone in
facial recognition. Local facial region approaches typ-
ically involve two steps: (1) the definition of facial re-
gions, and the (2) fusion of facial regions. Most existing
algorithms selected a bunch of local regions, either au-
tomatically or manually. Each region has its own gen-
der classifier. Given a face, region-specific classifiers
make their own classifications, and these classification
results are fused to give an overall decision. Two typi-
cal fusion strategies were applied in most of the previ-
ous works: the decision-level fusion applies the major-
ity rule; the score-level fusion sums up some distance
measures given by region-specific classifiers. The gen-
der with a smaller overall distance is the result.

We have carried out an extensive experimental study
on region-based gender recognition and had the fol-
lowing observations: (1) Human-perceivable facial re-
gions are not necessary good in discriminating genders;



set | Ay Ay te 1y # strips
A | W2 | H2 | W/4 | H/4 6
Ay | W/2 | H2 | W/8 | H/8 10
Az | W/2 | H2 | W/16 | H/16 18
B | W/4 | H/4 | W/ | H/8 14
C | W/8 | H/8 | W/16 | H/16 30

Table 1. Definitions of facial strip sets used in this
study.

(2) Smaller regions contains less information, and they
are sensitive to the misalignment of faces; (3) All fa-
cial regions contribute in facial gender recognition. Us-
ing only partial regions results in a lower accuracy; (4)
Some facial regions are more effective in discriminat-
ing genders than others, and should be assigned larger
weights. However, weighting facial regions in both
decision-level and score-level does not improve the ac-
curacy. These observations lead to the development of
a new region-based gender recognition approach with
novel regions extraction and fusion scheme. The pro-
posed scheme is illustrated in Figure 1. In the follow-
ing, Section 3.1 and 3.2 describe the region extraction
and fusion scheme respectively.

3.1 Facial Strip

A facial strip is a strip of face, and it can be a
horizontal strip or a vertical strip. A facial strip can
be written as {z,y,w,h}, where {x,y} is the upper
left corner of this strip, {w, h} is its width and height.
Let the width and the height of the face be W and H,
then a horizontal and a vertical strip can be written as
{L,y,W, A\, } and {z, 1, \,, H}, respectively, where A,
and A, can be regarded as the bandwidth of the fa-
cial strip. To extract horizontal strips on a face, one
can start with {1, 1, W, A, }, sliding it downward on the
face and crop a new strip every t, pixels. Using this
scheme, a uniform facial strip set can be written as
{Ay, ty, Az, tz}. Table 1 gives examples of some uni-
form facial strip sets. The six facial strips of the set A
in Table 1 are shown in Figure 1.

3.2 Fusion of Facial Strips

For each facial strip, we construct a regression func-
tion s : x — [—1,1] to minimize squared error,
Erry yp(s(z) — y)? given a set of training data D,
where z is the feature vector and y is either *—1" or °1’,
standing for 'male’ and *female’ respectively. To recog-
nize the gender of a given facial image, each regression
function gives its own estimation, and estimations of all
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normalize | image | subspace | feature | accuracy
face size learning dim. %)
o 24x24 576 79.0 [11]
NONE 78.0
500
20x25 84.0
yes PCA 130 85.0[7]
LDA 1 82.0

Table 2. Comparison between whole-face based ap-
proaches. The 'normalize face’ indicates faces were
pre-processed by the procedures described in Section
2.1.

the regression functions are concatenated to form a new
feature vector. Based on this feature vector, an overall
classifier is trained to classify it into a male or a female
(see Figure 1).

The features of the proposed approach are: (1) Facial
regions are defined systematically instead of manually
assigned; (2) No hard decision is made by any facial
region; (3) All the facial regions contribute in the final
decision, and (4) their weights are learned implicitly by
the overall gender classifier.

4 Experimental Results

We collected 2229 images from the World-Wide
Web, and our system detected more than 10,000 hu-
man faces in these images. Most of faces have age be-
tween 20 and 45, while some belong to children and
elders. 3,000 images composed of equal amount of yel-
low male, yellow female, white male, white female, were
randomly selected to form training set. Another 3,000
images with the same make up were selected to form
the festing set. Table 4 gives the results of whole-face
approaches. We can see that via normalizing faces, the
recognition rate improves from 78% to 84%. Apply-
ing the Principal Component Analysis (PCA) yields a
slightly better rate of 85%, while applying the Linear
Discriminant Analysis (LDA) does not help.

Table 3 gives the results of region-based approaches
using different facial regions and fusion schemes. For
the proposed approach, the regression function for each
strip and the overall gender classifier are constructed us-
ing the e-SVR and C-SVC respectively provided by the
libsvm [3]. Some conclusions can be drew from this
table: (1) Facial strips (set A, Ay and Aj3) yields bet-
ter results than manually defined facial regions (set M);
(2) Score-level fusion is better than decision-level fu-
sion. The proposed fusion scheme outperforms the two
strategies. (3) Sets using smaller facial strips (set B and
C) yield lower accuracy than the one using larger fa-
cial strips (set A); (4) Comparing sets A, A; and As,



set | #regions | decision | score | proposed
M 7 85.0[5] | 853 86.7
A 6 85.8 87.4 87.8
As 10 86.2 87.6 88.1
As 18 86.8 87.7 88.0
B 14 85.4 86.7 86.6
B’ 10 85.0 86.0 86.3
C 30 85.5 85.9 86.5
c’ 22 85.5 86.1 86.3

Table 3. Comparison between region-based ap-
proaches using different facial regions and fusion
schemes. Facial regions are cropped from facial images
of size 80x100. Sets A, Aa, Az, B, C' are defined in Ta-
ble 1. The 7 facial regions in set M is similar to those
used in [5]. Set B/(C") is the subset of B(C), and it
contains 10(22) best strips in terms of classification ac-
curacy. The ’decision’ and ’score’ stands for decision-
level and score-level fusion scheme respectively. The
"proposed’ applies the strip-specific regression func-
tions.

algorithm M|F accuracy
Moghaddam 2002 [7] | 1044|711 96.6
Tivive 2006 [9] 1150|612 96.5
Baluja 2007 [2] 1495914 94.4
Leng 2008 [4] 160|140 98.1
proposed 1158]615 98.8

Table 4. Comparison between the proposed approach
and four state-of-the-art algorithms on the FERET
dataset. "M’ and "F’ stands for the number of the male
and female images respectively.

we can see sets using the same size of facial strips but
smaller step sizes (I, and t,) yield slightly higher ac-
curacies, but this benefit saturates when the step size is
too small compared with the size of the facial strip. (5)
The results for B’ and C” are slightly worse than B and
C respectively. It suggests that using the set of strips
covering the whole face area is a better strategy.

Table 4 compares the proposed approach with the
state-of-the-art algorithms on the FERET dataset. In
this table, [9] applied a convolutional neural network;
[2] is an Adaboost-based approach. Although the num-
bers of test images were different for algorithms in Ta-
ble 4, these algorithms all used the fa partition in the
FERET dataset. Our algorithm also used the fa parti-
tion. The proposed algorithm achieves the best accu-
racy.

5 Conclusion and Future Work

In this paper, we propose an automatic system that
detects and recognizes faces in images. The contribu-
tions of this paper are twofold: (1) we propose a face
pre-processing scheme that corrects the in-plane and
out-of-plane rotations of faces, and aligns faces based
on the estimated eye positions. This scheme boosts the
gender recognition accuracy by 6%; (2) we propose the
facial strip and a novel fusion scheme for gender recog-
nition. We have demonstrates experimentally that facial
strips are better than manually defined facial regions,
and the proposed fusion scheme outperforms two com-
monly used schemes. The proposed approach is vali-
dated on both images from World-Wide Web and the
FERET dataset. It outperforms all six state-of-art al-
gorithms evaluated in this study. Our future work will
apply the facial strips to face recognition.
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