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Abstract

In this paper, we propose a realtime face detection ap-
proach based on local structure and texture of the objects
in gray-level images. Our strategy is to map the local spa-
tial structures and image textures of face class into binary
patterns, and use these binary patterns as local descriptors.
Boosting based face detector is constructed using these lo-
cal descriptors, and cascade scheme is employed to further
improve the efficiency of the face detector. Compared to the
existing face detection approaches, our proposed method
has two advantages: (1) it is robust to illumination changes
to some extend, for the features use the information of local
relationship instead of the original gray values; (2) the com-
putational cost is very low, both in training procedure and
evaluation step. The experimental results show that the pro-
posed method can meet the demand of realtime applications
with a satisfied detection performance.

1. Introduction

Face recognition is attracting more and more attention
due to its potential applications. For an automatical face
recognition system, face detection is the first and one of
the most important steps. Many face detection approaches
have been developed in recent years[1]. Representative ap-
proaches include the distribution-based model [8], support
vector machine(SVM) [9], neural network [10] and the ad-
aboost [5]. Sung et al [8] develop distribution models of
face class and non-face class, and used a multilayer per-
ceptron (MLP) classifier for classification. The SVM ap-
proach [9] aims to find an optimal hyperplane between the
face and non-face class. The optimal hyperplane is defined
by a weighted combination of a small set of the training
samples. Rowley et al [10] present a set of neural network-
based filters on an image, and used an arbitrator to combine
the filters outputs. The most popular algorithm is the ad-
aboost approach by Viola [5]. He uses simple harr-like fea-
tures for face representation and adaboost to select features.
Integral image and cascade structure are adopted to acceler-
ate the face detector. This approach can meet the demand of
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realtime applications, but it often takes weeks of time train-
ing on a single PC.

In this paper, we propose a new realtime face detection
approach based on the local structure and texture descrip-
tors of the objects. Our strategy is to map the local struc-
ture and texture of face images to binary patterns, called the
improved local binary patterns (ILBPs) [2], which success-
fully preserve the local information of the object. ILBP fea-
tures have the virtues of simple, multiresolution, grayscale
and rotation invariant. Taking a 3 * 3 patch for example, it
compares the pixels in the local area with the mean of this
area and maps them to a binary pattern. Since ILBP fea-
tures are relatively primitive compared to some holistic fea-
tures [7], we use adaboost to combine the ILBP features to
form a strong classifier. Cascade scheme is adopted to fur-
ther improve the efficiency of the face detector.

The proposed approach has two advantages: (1) ILBP
features are simple but efficient and discriminative. It is illu-
mination invariant by nature. (2) The computation of ILBP
features is very easy and fast. Because it only needs some
ADD, MINUS, AND and OR operations, it costs less
time than most face detection approaches. The training pro-
cedure could also be finished in a short time. We propose
a realtime face detection algorithm. Our face detector can
process a frame of 320 * 240 in about 0.1 second using a
PIV2.8 GHz PC(The speed can be further improved with
coding optimization).

2. Local Texture and Structure Preserved De-
scriptors

2.1. Description of Improved LBP

Local binary pattern (LBP) is a texture operator with
powerful discrimination. It can detect microstructures such
as edges, lines, spots, flat areas, corners [3]. Compared
to the original grayscale features, LBP features are invari-
ant against monotonic transform of grayscale by definition.
With a circular neighborhood P with radius R, we could
compute the difference between the central pixel g. and
its neighborhood {go, ..., gp—1} to generate the operator
LBPp g, which is given as follows:
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Though the original LBP features have great discrimina-
tive power, they can not deal with some special cases. For
example, Figure 1.a contains two different microstructures,
but the original LBP gives the same representation shown
in Figure 1.b.

In this paper, we use the improved version of LBP in our
previous work [2]. The definition of ILBP is shown as equa-
tion (3),(4) and (5). The central information of the struc-
ture is encoded in ILBP, which actually plays an important
role in discriminating microstructures. So ILBP can repre-
sent 2P11 — 1 different local structures, while original LBP
produces 2° — 1. Figure 1.c gives the representations of the
above two microstructures based on ILBP. We can see that
the two microstructures are separated successfully.

P-1
ILBPpr = s(gi —m)2 + s(g. —m)2F, 3)
i=0
1, ifz>0
s(z) = { 0, ifz <0, )
-
-  + ge). 5
m P+1(;gz+gc) (5)
X | 20| x x| o | x x| o | x
20 20 20 0 * 0 0 0 0
X 20 X X 0 X X 0 X
X 1 X X 0 X X 0 X
1 20 20 0 * 0 0 1 1
X | 20 | x X | o | x X 1 X

a. Original patch
Figure 1: Comparison of LBP,4; and ILBP, ;

b. Original LBP c. Improved LBP

2.2. Multi-Scale Strategy

ILBP also have the virtue of multiscale analysis. The per-
formance could be enhanced if larger scale descriptors are
introduced, since larger scale descriptors contain more in-
formation about the adjacent structure of texture. Of course,
down-sample can also provide multiscale information about
the structure of the texture, but the training samples in face
detection are already small and down-sample will cause loss
of the texture information. In this paper, we use different

neighborhoods of ILBP features to extract multi-scale in-
formation. In a sense, the censes transform [6] can be seen
as a special case of our multi-scale strategy.

In this paper, four variations of ILBP features are
adopted. Figure 2 gives the illustration. We can see that
ILBPs, is are-scale version of ILBPg ;. ILBPg ; op-
erator represents the local structure in a 3 * 3 patch, and
ILBPs , expresses the relationship in a 5 * 5 patch, which
contains larger scale information. Certainly other ILBP fea-
tures could also be introduced to express more detail tex-
ture information.
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Figure 2: ILBPg 1, ILBPg,,, ILBPs.,, ILBPs ,,

3. Learning Local Descriptors of face Pattern

Based on ILBP, we get a large number of simple features.
We construct a lookup table for each feature, and use ad-
aboost to select a small set of discriminative features from
them. Cascade structure is adopted to further enhance the
performance of the face detector.

3.1. Learning the Cascade

Adaboost [4] is an efficient learning technique to com-
bine weak hypotheses to form a strong classifier. At each
step, training data is re-weighted so that misclassified train-
ing samples can get larger weights. By that, the next loop
will focus on the misclassified samples in the last loop, and
actually this maximizes margins between training samples.
In this paper, we use adaboost to combine ILBP features to
make a strong classifier for face detection.

In order to improve the computational performance of
the face detector, cascade structure is adopted [5]. Cascade
structure can speed up the face detector greatly with very
small sacrifice in detection rate. The ILBP features are more
discriminative than rectangle features in [5], for they con-
tain detailed local structure information. We can use only
10 layers to obtain similar performance of [5] with 32 lay-
ers. In our experiment, the first layer has generally no more



than twenty features. But it can reject most negative exam-
ples while retaining almost all the positives. The perfor-
mance of each layer should meet the demand that the de-
tection rate is no less than 99%. So the total detection rate
is no less than 0.904(0.99'°). We use bootstrap strategy to
collect negatives [10]. The latter layers in cascade usually
have more features than the former because the negatives
get "harder” to be classified. The algorithm can be summa-
rized as Table 1.

1. Given training samples (z1,Y1),...,(Tn,yn) Where y,;=0,1

for negative and positive examples respectively.

up table, which has 2P+l _ 1 bins with only 1/0, and the
weighted error can be computed in the same way. We map
the selected local structures into binary patterns for evalua-
tion, and look it up in the look-up table to get the classifi-
cation result. So it is very fast for evaluation. Details of the
weak classifier is given in Table 2:

1. The distribution weight of the sample is w; where ¢
1,...,n is the sample label.

2. Create two weighted histograms for positives and nega-

tives respectively.

2. Initialize weight of the training sample (x;,y;): w,; =
ﬁ, %, for y; = 0, 1 respectively, where m and [ are the
number of the negatives and positives respectively.

3. t =0and Loop

e t=1t+1

e Compute weighted error of all the weak classifiers

histp(p,ilbp) = Zzi(;)l:ilbp Wy

histn(p,ilbp) = ZZ"(;)O:ilbp Wi
where histp, histn are the weighted histogram of posi-
tives and negatives respectively.
p = {a, b, ¢} contains the local structure information. a, b
are the coordinations of the ILBP feature, and ¢ is the type
of the ILBP feature used in this paper.

under the distribution w; (see table 2).

e Select one weak classifier py with the lowest error

€ and let 3 = li‘et,

e Update the distribution:

oy = —5inp

Werl,i = Wi

where e; = 0,1 for example z; is classified cor-

rectly and incorrectly respectively.

e Normalize the weights
W41,

w i = ——— 1=1,...,n
t+1,i Z’wt+1,i ) )

e Evaluate the performance using the obtained ¢ fea-
tures, if the performance meets the demand , then

T = t and break this loop

4. The final strong hypothesis of this layer is:

W(I) = 3y anhp,(ilbpe) > 53/,
where [ is an image patch to be classified.

5. Refresh the negative samples using bootstrap and goto
Step 2 to get another classifier to fill in the cascade un-

til all the layers are obtained.

1—e;

Table 1: Algorithm of AdaBoost

3.2. Weak Classifiers

In this subsection, we will describe how the weak clas-
sifiers are constructed. During each iteration in adaboost,
we set up two statistic weighted histogram of each ILBP
feature for positive and negative samples respectively us-
ing the sample weights in last loop. We count all the indexes
and sum them up into bins. Then we use the established his-
tograms to build a look-up table based on weighted majority
vote. Each weak classifier in the final form will be a look-

3. Calculate the error of this weak hypothesis:
€(P) = X, min{histp(p, ilbp), histn(p, ilbp) }
4. Finally the weak hypothesis is:

. 1, histp(p,ilbp) > histn(p,ilbp);
hy (ilbp) = { : else??(p p) > (p, ilbp)

where ¢lbp is the mapped value of an improved local bi-

nary pattern p.

Table 2: Computation of the weak classifier and error

4. Experiments

In our experiment, we use 5,000 face patches and their
mirror images as positive samples, which are manually
cropped by fixing the centers of the eyes. 10,000 non-face
samples are randomly collected from natural scene images
as negatives. The training samples are all resized to the size
24*24. The feature number of I LB Py ; is 484(22%22) (not
including the pixels on the border). The feature numbers of
ILBPgs,, ILBPg,, and ILBPg 5, are 400(20%20) re-
spectively. Therefore, the total number of features for se-
lection is 1684. Keeping the positive samples, we use boot-
strap method to recollect negative samples for each layer.
We perform 10 times on more than 10,000 natural images
containing no face with the size of 360%270. Training ev-
ery layer in the cascade will use the false detected patches
which pass through all the previous layers.

In evaluation step, one patch which passes all the layers
in the cascade would be considered as face. In order to get
face patches in all scales and positions, we scan each image
using a fixed down-sample factor of 1.2. Multi-detections



will usually appear around the true face position. We inte-
grate the final results by averaging the adjacent results.

We investigate the performance of the proposed ap-
proach using two sets. One includes images chosen from
the MIT-CMU set, which is widely used in the evaluation
of face detection algorithms. There are 80 images contain-
ing 227 faces [7]. We compare our approach with the meth-
ods of Schneiderman-Kanade [11] and Liu [7]. The results
are reported in Table 3. The evaluation of S-K which is pub-
licly available at hitp : //www.vasc.ri.cmu.edu/cgi —
bin/demos/ findface.cgi . There are two parameters, the
frontal detection threshold and the profile detection thresh-
old, which control the number of face detected and false
alarms. We can see that we get comparable results on the
MIT-CMU set to their approaches. But our approach is
much faster than theirs, for we do not need any PCA projec-
tion, which is time consuming. Our approach only needs to
map local structures of a patch to binary patterns, and then
looks them up in the tables. Only some ADD, MINUS,
AND, and OR operations are needed. Our face detector
can process a frame of 320 x 240 in about 0.1 second us-
ing a PIV 2.8 GHz PC (The speed can be further improved
with coding optimization).

method face false detection rate
detected alarms
S-K(1.0,1.0) 218 41 96.0%
S-K(2.0,2.0) 214 5 94.3%
S-K(3.0,3.0) 208 1 91.6%
BDF in [7] 221 1 97.4%
Our approach 211 3 93.0%

Table 3:  Experimental Results on the MIT-CMU Set

In order to evaluate the robustness to illumination vari-
ation of the proposed method, we construct another test-
set from the YaleB face database, which consists of 10 sub-
jects. Each subject has 576 images in (9 poses and 64 illumi-
nation conditions). We select 252 images, with the camera
axis less than 50 degrees in azimuth and 50 degrees in el-
evation. We exclude the images with extreme illumination,
since local structures of these images are lost. Thus we have
2520 images with pose and illumination variations. The re-
sults are shown in Table 4. We can see that our approach
also achieves an encouraging performance under illumina-
tion variation.

detection rate
94.6%

face detected false alarms
2385 12

Table 4:  Experimental Results on the YaleB set

In our experiment, it should be mentioned that we could
increase the detection rate and save computational time by

using less layers in cascade, but this will also increase the
false alarms and vice versa. There is a compromise between
the detection rate, computational time, and false alarm rate.

5. Conclusion and discussion

In this paper, we use improved local binary pattern as de-
scriptor in face detection instead of original grayscale value.
Adaboost algorithm is used to select the local descriptors
and cascade structure is adopted in our classifier to make it
more efficient. Our method has two advantages. Firstly, it
is robust to illumination change using ILBP features. Sec-
ondly, the computational cost of our face detector is very
low, both in the training procedure and in evaluation. It can
meet the demand of realtime applications. The experimen-
tal results show that our approach has encouraging perfor-
mance.

Acknowledgments

This work described in this paper was fully supported by
grants from the Research Grants Council of the Hong Kong
SAR and a Hong Kong RGC/NSFEC joint project N-CUHK
409/03 (NSFC No. 60318003), and partially supported by
NSFC Grant No.60405005.

References

[1] M. Yang, D. Kriegman, and N. Ahuja: ”Detecting faces in im-
ages: A survey” IEEE TPAMI 2002 vol.24(1), pp.34-58

[2] H.Jin, Q. Liu, H. Lu, and X. Tong: "Face Detection Using Im-
proved LBP Under Bayesian Framework™ ICIG 2004.

[3] T. Ojala, M. Pietikainen, and T. Maenpaa: ’Multiresolution
gray-scale and rotation invariant texture classification with lo-
cal binary patterns” IEEE TPAMI 2002 vol.24(7), pp.971-987

[4] R.E. Schapire, Y. Freund, and W.S. Lee: ”Boosting the Mar-
gin: A New Explanation for the Effectiveness of Voting Meth-
ods” ICML 1997

[5] P. Viola and Michael J. Jones: ”Robust real-time object detec-
tion” International Journal of Computer Vision, 2001

[6] B. Froba, and A. Ernst: "Face Detection with the Modified
Census Transform” AFGR 2004

[7] C.Liu: ”A Bayesian Discriminating Features Method for Face
Detection” IEEE TPAMI 2003 vol.25(6), pp.725-740

[8] K-K. Sung, and T. Poggio: “Example-Based Learning for
View-Based Human Face Detection” IEEE TPAMI 1998
vol.20(1), pp.39-51

[9] E. Osuna, R. Freund, and F. Girosi: "Training Support Vector
Machines: an Application to Face Detection” CVPR 97

[10] Henry A. Rowley, S. Baluja, and T. Kanade: “Neu-
ral Network-Based Face Detection” IEEE TPAMI 1998
vol.20(1), pp. 22-38

[11] H. Schneiderman and T. Kanade: “Probabilistic Modeling
of Local Appearance and Spatial Relationships for Object
Recognition” CVPR 98.



	Index
	ICME 2005

	Conference Info
	Welcome Messages
	Venue Access
	Committees
	Sponsors
	Tutorials

	Sessions
	Wednesday, 6 July, 2005
	WedAmOR1-Action recognition
	WedAmOR2-Video conference applications
	WedAmOR3-Video indexing
	WedAmOR4-Concealment &amp; information recovery
	WedAmPO1-Posters on Human machine interface, interactio ...
	WedAmOR5-Face detection &amp; tracking
	WedAmOR6-Video conferencing &amp; interaction
	WedAmOR7-Audio &amp; video segmentation
	WedAmOR8-Security
	WedPmOR1-Video streaming
	WedPmOR2-Music
	WedPmOR3-H.264
	WedPmSS1-E-meetings &amp; e-learning
	WedPmPO1-Posters on Content analysis and compressed dom ...
	WedPmOR4-Wireless multimedia streaming
	WedPmOR5-Audio processing &amp; analysis
	WedPmOR6-Authentication, protection &amp; DRM
	WedPmSS2-E-meetings &amp; e-learning -cntd-

	Thursday, 7 July, 2005
	ThuAmOR1-3D
	ThuAmOR2-Video classification
	ThuAmOR3-Watermarking 1
	ThuAmSS1-Emotion detection
	ThuAmNT1-Expo
	ThuAmOR4-Multidimensional signal processing
	ThuAmOR5-Feature extraction
	ThuAmOR6-Coding
	ThuAmSS2-Emotion detection -cntd-
	ThuPmOR1-Home video analysis
	ThuPmOR2-Interactive retrieval &amp; annotation
	ThuPmOR3-Multimedia hardware and software design
	ThuPmSS1-Enterprise streaming
	ThuPmNT1-Expo -cntd-
	ThuPmOR4-Faces
	ThuPmOR5-Audio event detection
	ThuPmOR6-Multimedia systems analysis
	ThuPmOR7-Media conversion
	ThuPmPS2-Keynote Gopal Pingali, IBM Research, &quot;Ele ...

	Friday, 8 July, 2005
	FriAmOR1-Annotation &amp; ontologies
	FriAmOR2-Interfaces for multimedia
	FriAmOR3-Hardware
	FriAmOR4-Motion estimation
	FriAmPO1-Posters on Architectures, security, systems &a ...
	FriAmOR5-Machine learning
	FriAmOR6-Multimedia traffic management
	FriAmOR7-CBIR
	FriAmOR8-Compression
	FriPmOR1-Speech processing &amp; analysis
	FriPmSS1-Sports
	FriPmOR2-Hypermedia &amp; internet
	FriPmOR3-Transcoding
	FriPmPO1-Posters on Applications, authoring &amp; editi ...
	FriPmOR4-Multimedia communication &amp; networking
	FriPmOR5-Watermarking 2
	FriPmSS2-Sports -cntd-
	FriPmOR6-Shape retrieval


	Authors
	All authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	Papers by Session
	All papers
	Papers by Topic

	Topics
	1 SIGNAL PROCESSING FOR MEDIA INTEGRATION
	1-CDOM Compressed Domain Processing
	1-CONV Media Conversion
	1-CPRS Media Compression
	1-ENCR Watermarking, Encryption and Data Hiding
	1-FILT Media Filtering and Enhancement
	1-JMEP Joint Media Processing
	1-PROC 3-D Processing
	1-SYNC Synchronization
	1-TCOD Transcoding of Compressed Multimedia Objects
	2 COMPONENTS AND TECHNOLOGIES FOR MULTIMEDIA SYSTEMS
	2-ALAR Algorithms/Architectures
	2-CIRC Low-Power Digital and Analog Circuits for Multim ...
	2-DISP Display Technology for Multimedia
	2-EXTN Signal and Data Processors for Multimedia Extens ...
	2-HDSO Hardware/Software Codesign
	2-PARA Parallel Architectures and Design Techniques
	2-PRES 3-D Presentation
	3 HUMAN-MACHINE INTERFACE AND INTERACTION
	3-AGNT Intelligent and Life-Like Agents
	3-CAMM Context-aware Multimedia
	3-CONT Presentation of Content in Multimedia Sessions
	3-DIAL Dialogue and Interactive Systems
	3-INTF User Interfaces
	3-MODA Multimodal Interaction
	3-QUAL Perceptual Quality and Human Factors
	3-VRAR Virtual Reality and Augmented Reality
	4 MULTIMEDIA CONTENT MANAGEMENT AND DELIVERY
	4-ANSY Content Analysis and Synthesis
	4-AUTH Authoring and Editing
	4-COMO Multimedia Content Modeling
	4-DESC Multimedia Content Descriptors
	4-DLIB Digital Libraries
	4-FEAT Feature Extraction and Representation
	4-KEEP Multimedia Indexing, Searching, Retrieving, Quer ...
	4-KNOW Content Recognition and Understanding
	4-MINI Multimedia Mining
	4-MMDB Multimedia Databases
	4-PERS Personalized Multimedia
	4-SEGM Image and Video Segmentation for Interactive Ser ...
	4-STRY Video Summaries and Storyboards
	5 MULTIMEDIA COMMUNICATION AND NETWORKING
	5-APDM Multimedia Authentication, Content Protection an ...
	5-BEEP Multimedia Traffic Management
	5-HIDE Error Concealment and Information Recovery
	5-QOSV Quality of Service
	5-SEND Transport Protocols
	5-STRM Multimedia Streaming
	5-WRLS Wireless Multimedia Communication
	6 SYSTEM INTEGRATION
	6-MMMR Multimedia Middleware
	6-OPTI System Optimization and Packaging
	6-SYSS Operating System Support for Multimedia
	6-WORK System Performance
	7 APPLICATIONS
	7-AMBI Ambient Intelligence
	7-CONF Videoconferencing and Collaboration Environment
	7-CONS Consumer Electronics and Entertainment
	7-EDUC Education and e-learning
	7-SECR Security
	7-STAN Multimedia Standards
	7-WEBS WWW, Hypermedia and Internet, Internet II

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using the Acrobat Reader
	Configuration and Limitations

	Copyright
	About
	Current paper
	Presentation session
	Abstract
	Authors
	Hanqing Lu
	Xiaoou Tang
	Qingshan Liu
	Hongliang Jin



