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Abstract. In this paper, a real-time face tracking and recognition system based 
on particle filtering and AdaBoosting techniques is presented. Regarding the 
face tracking, we develop an effective particle filter to locate faces in image se-
quences. Since we have considered the hair color information of a human head, 
the particle filter will keep tracking even if the person is back to the line of sight 
of a camera. We further adopt both the motion and color cues as the features to 
make the influence of the background as low as possible. A new fashion of 
classification architecture trained with an AdaBoost algorithm is also proposed 
to achieve face recognition rapidly. Compared to other machine learning 
schemes, the AdaBoost algorithm can update training samples to deal with 
comprehensive circumstances, but it need not spend much computational cost. 
Experimental results reveal that the face tracking rate is more than 97% in gen-
eral situations and 89% when the face suffering from temporal occlusion. As for 
the face recognition, the accuracy rate is more than 90%; besides this, the effi-
ciency of system execution is very satisfactory, which reaches 20 frames per 
second at least. 
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1   Introduction 

Face detection and tracking in an image sequence is a key problem in the research of 
human computer interaction. The purpose of face recognition is to endow computers 
with the same ability of identifying a person by analyzing his/her face images. Foresti 
et al. proposed a face tracking system which applied the Kalman filter [6]. Their sys-
tem consists of three face detection methods, including outline analysis, skin color 
detection, and principal component analysis (PCA). After the face is located, the as-
sociated image is fed into the Kalman filter. However, the outline analysis depends on 
the goodness of the change detection algorithm. Additionally, the skin color detection 
is confined to the quality of illumination conditions, and the eigenface method is 
settled by the number of face images to be trained. An et al. also completed a face 
tracking system using a simple linear Kalman filter [2]. There two critical problems in 
this proposed method, lighting condition change and the number of clusters in the k-
means clustering, are not solved yet. The development of face recognition is more and 
more advanced in the past twenty years. Most of these researches try to take the  
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features which are robust enough to represent different human faces. One method that 
combined the techniques of PCA, Fisher’s linear discriminant analysis (LDA), and 
radial basis function was realized to increase the successful rate of face recognition 
[5]. Another PCA-based method combined with moment invariants was proposed for 
varied-pose face recognition [12].  

In this paper, we intend to develop a face tracking and recognition system for de-
tecting and recognizing human faces in image sequences acquired in real environ-
ments. In the face detection, we adopt an improved temporal difference method 
which needs no additional morphological image processing to find moving objects 
speedily. Regarding the face tracking, we apply a particle filter to locate faces in an 
image sequence. Besides the reduction of the computational load, we utilize a fixed 
threshold to avoid the degeneracy problem and exploit both color and motion cues 
to make the influence of the cluttered background as low as possible. In the face 
recognition, a new architecture is built to achieve the fast classification of human 
faces. During the face tracking process, we will capture the face region and fed its 
features derived from the wavelet transform into a strong classifier which is trained 
with an AdaBoost algorithm. And a bottom-up hierarchical classification structure 
is devised for multi-class face recognition. Fig. 1 shows the flowchart of our face 
tracking and recognition system. 

 

Fig. 1. The flowchart of our face tracking and recognition system 

2   Face Detection 

In this section, we introduce a feature invariant method to detect human faces in 
image sequences. First, the change detection is adopted to find moving blobs that 
are the possible locations of objects. Then an enhancement process is required to 
improve the detected blobs because the object’s shape cannot be extracted exactly 
by change detection [10]. To achieve this, we mainly use temporal differences to 
detect moving objects [4], and the scene containing no moving object will not be 
further processed. 
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2.1   Change Detection and Blob Extraction 

The result of temporal differences shall be a binary image in order to segment moving 
objects from the background. There are two commonly used manners for getting the 
blobs. One is to choose an appropriate threshold to differentiate moving objects from 
the background in a scene and then carry out morphological image processing. An-
other way is to conduct motion analysis [8]. The first step in the latter approach is to 
compute the absolute values of the differences in a neighborhood (typically 9×9 pix-
els) surrounding each pixel. When the sum of the absolute values called accumulated 
difference is beyond a predetermined threshold Td, we classify the center pixel as part 
of a moving object. The threshold Td is typically set at 1.5 times of the temporal noise 
standard deviation, which can be alternately set by a certain multiple of the number of 
pixels in the neighborhood. By applying the threshold to the accumulated difference 
rather than a single pixel difference, we gain two following benefits. First, the Td can 
be expressed more precisely. Second, the neighborhood processing has an effect simi-
lar to the morphological operation “dilation.” This is useful to fill small gaps occur-
ring in the area where a moving object has resembling pixel values to the background. 
Through many experiments, we find the above-mentioned technique to be very effec-
tive for a wide variety of cluttered background scenes, which is employed for blob 
extraction in our system. 

2.2   Skin and Hair Color Detection 

In order to make the system achieve real-time processing and adapt to most of  
environments, we choose the color model with simple converting formulas and low 
sensitivity. Accordingly, the HSV and YCbCr color models are applied to replace the 
traditional RGB one for skin and hair color detection, respectively. For locating hu-
man faces, we utilize the H value to distinguish skin color regions from non-skin 
color regions. Via many experiments, we empirically set the H value between 3 and 
38 as the range of skin colors. In hair color detection, we adopt the discriminant func-
tions [14] to find hair color regions in the YCbCr color space.  

Besides employing the skin color information for detecting human faces, our sys-
tem exploits the hair color information to keep tracking a human head when the per-
son is back to the line of sight of a camera. When the skin and hair regions have been 
detected, the morphological operation “opening” is then conducted to eliminate the 
noise such as isolated pixels. 

2.3   Connected Component Labeling 

After the previous processing, the outcome is a binary image where the white pixels 
stand for skin and hair regions. Thus, we should determine each pixel-connected re-
gion individually, and then perform face region verification on these candidates to 
validate face locations. We resort to the linear-time connected component labeling 
technique which is proposed by Suzuki et al. for completing the components to be 
eight-connected [16]. 
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2.4   Face Region Verification 

Once we have obtained connected components, we will focalize on the search of a 
skin color region whose circumscribed box is possessed of the maximum probability 
to cover the face of a person according to geometrical features; for instance, the center 
of mass, box dimensions, and aspect ratio.  

If the box dimensions are too small with respect to the size of the blob of a person, 
or the box is found in a position that is too low comparatively to the normal position 
of a head, then the box is thrown away. Because the height of a human face is mostly 
greater than its width, we utilize the aspect ratio to determine the face region; that is, 
we discard the box with the height smaller than the width. Besides this, according to 
the experiments of some literature, the height of a human face is usually smaller than 
2.2 times of the width. Therefore, we prescribe (1) to locate probable face regions. 

H WB B>  and  2.2H WB B<  (1) 

where HB  and WB  are the height and width of the circumscribed box of a skin color 

region. Finally, we select the maximum box as the human face from the remaining 
boxes after the above verification step is completed. Since we cope with each moving 
object in an image, it is reasonable for finding the maximum box.  

3   Face Tracking 

The goal of target tracking is that once the system has detected moving objects, it 
keeps analyzing their movements and trajectories to get the locations in real time. At 
present, there are many tracking algorithms proposed by researchers. Among these 
tracking algorithms, the Kalman filter [17] and particle filter [15] are applied exten-
sively. Through rigorous evaluation, we employ the particle filter to effectively attain 
face tracking in our developed system. The following elaborates how we utilize a 
particle filter to implement face tracking. It is composed of four main stages, includ-
ing propagation, observation, selection, and estimate. 

3.1   Propagation 

Suppose a target found at time step t-1 is represented by a rectangular window and the 
state of the target is defined as: 

{ }1 11 1 1, , , 
t tt t t x ys x y B B
− −− − −=  (2) 

where 1 1( , )t tx y− −  is the center of the window; 
1txB

−
 and 

1tyB
−

 symbolize the width and 

height of the window, respectively. The sample set consisting of N particles should be 
predicted by a dynamic model. To generate a particle, the dynamic function is estab-
lished by a random model as shown in (3): 
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where txΔ , tyΔ , 
txBΔ , and 

tyBΔ  are computed by use of a Gaussian distribution at 

time step t. 
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3.2   Observation 

In the observation model, we first consider the color cue to describe the target by 
the method proposed in [15], instead of using a color histogram [11]. To deal with 
the clutters arisen from skin-colored objects in the background, we further employ 
the motion cue in the observation model to overcome the limitation of the individ-
ual cue. Since we are interested in the motion of skin and hair color regions, we 
subtract the skin and hair color image of the target found at time step t-1 from that 
of a particle generated at time step t to obtain the skin and hair color difference 
image which acts as the observation of the motion cue. Accordingly, this method 
can track moving objects in dynamic backgrounds. For each particle, the likelihood 
of the box bounding the face is estimated by color and motion cues in the rectangu-
lar window.  

We observe that when the face moves rapidly; that is, the velocity of the moving 
face is high, the motion cue is obvious. It means such an observation of the motion 
cue is more reliable. On the other hand, when the movement is slow, we can weigh 
particles mainly by the observation of the color cue. Therefore, we take a linear com-
bination of color and motion cues to characterize their contributions of importance, 
which is represented by 

( )1 c mM M Mλ λ= − ⋅ + ⋅  (4) 

where Mc and Mm are the color and motion cues, respectively, and λ is proportional to 
the velocity of a moving face that yields 

2 2k x yλ = ⋅ +& &  (5) 

with a normalization factor k such that λ is ranged from zero to one. In the above 
equation, x&  and y&  stand for the velocities in the horizontal and vertical directions, 

individually. Then the likelihood of each particle is specified by a Gaussian distribu-
tion with zero mean and variance. 

3.3   Selection 

Assume that we have to select N  particles to track the target. At first, we draw the 
particles with the weights greater than or equal to a predefined threshold Tw, and 
compute the sum of these weights that are acquired from the likelihood of each parti-
cle at the previous stage. The remaining particles with the weights less than Tw  are set 
to be zero. Thus, we employ (6) to determine how many particles with the same 

weight ( )iπ  should be selected from the i-th particle. 

( )( )i
iC W Nπ⎢ ⎥= ⋅⎣ ⎦

    with     ( )

1

N i

i
W π

=
=∑  (6) 

where W is the sum of the modified weights of the particles. Ultimately, we choose 
the particle with the highest weight to be the predicted result as the desired target at 
time step t. 
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4   Face Recognition 

Through the face tracking procedure, we have received the face image that is then fed 
to the face recognition procedure. To begin with, we apply the image normalization to 
make the sizes of face images be the same. The brightness of the images will be also 
adjusted for diminishing the lighting effect. After that, we subsequently conduct fea-
ture extraction to obtain the feature vector of a face image. Then it can be used to 
discriminate the identity of a person. In advance of accomplishing this, we should 
collect face images as training data. The feature extraction methods include the eigen-
face [5], wavelet transform [1], averaging [9], and so forth. Herein, we adopt the Haar 
wavelet transform for extracting features, and then employ an Adaboost algorithm to 
recognize human faces. 

4.1   Preliminary Processing 

To raise the recognition rate, we should have adaptive pre-processing for reducing the 
differences among various images such as the faces taken in different sizes or illumi-
nation conditions. For the consideration of computational load, we prescribe the im-
age size of 40 60×  pixels used in our developed system.  

The brightness change of an image is on a global scale under the varied conditions 
of illumination; that is, when the lighting becomes dark, the average gray value of this 
image will be small, and vice versa. Therefore, we utilize such a property to adjust the 
gray level of each face image and let the average value be 128. Given an image with n 
pixels, we make use of (7) to adjust all the grey levels of constituting pixels. 

(128 )modified ave iI I I= − +     with   
1

n

ave ii
I I n

=
=∑  (7) 

where Ii 
represents the gray level of the i-th pixel. 

4.2   The AdaBoost Algorithm 

Boosting is a general method for improving the performance and extending the capa-
bilities of any learning algorithm. The AdaBoost algorithm was proposed in the litera-
ture of computational learning theory in 1996 [7]. The weak classifier is the core of an 
AdaBoost algorithm. Each weak classifier produces the answer “yes” or “no” for the 
particular features of the subjects to be recognized. The AdaBoost algorithm is flexi-
ble because it can be combined with any classifier, such as the K-nearest neighbor, 
linear discriminant analysis (LDA), Naive Bayes, support vector machine (SVM), and 
neural network. Here, we adopt Classification & Regression Trees (CARTs) as the 
structure of a weak classifier trained with the AdaBoost algorithm[3]. 

4.3   Our AdaBoost-Based Multi-classifier 

In the face recognition procedure, we do not use all the information received from the 
Haar wavelet transform executed on a face image. If the dimensions of the original 
information are n, we can first perform a sorting operation on the information. And 
then select l larger values (l ≤ n) to constitute the feature vector. The number of l is 
determined by accumulating the larger values until the amount is just greater than 
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0.95 times of the sum of all values. This is in terms of the more significant informa-
tion that are mainly required. The smaller values may be the noise, which are dropped 
to reduce the error rate. Thus, the training and recognition time can be economized.  

Since the AdaBoost algorithm we exploit is a binary classifier, we further develop 
a bottom-up hierarchical classification structure for multi-class face recognition. This 
structure has a good property that we can update the model locally by training only 
new added data, without modifying the whole model trained before. Fig. 2(a) shows a 
classifier M1 that recognizes persons α and β. When we put in another person γ to be 
recognized, we just construct the classifier M2 by taking persons α and β as the nega-
tive samples and person γ as the positive sample as shown in Fig. 2(b). Hence, we can 
utilize this structure to carry out the face recognition of more than two classes. 

(a) (b)

M1

α β

M1

α β

M2

γ

 

Fig. 2. Illustration of classifier expansion: (a) binary classifier; (b) ternary classifier from ex-
panding (a) 

5   Experimental Results 

Table 1 lists both the hardware and software that are used for the development of our 
face tracking and recognition system to demonstrate the effectiveness of the proposed 
methods. The experimental results comprise two parts: 1) face tracking using a parti-
cle filter; 2) face recognition using an AdaBoost algorithm. 

Table 1. The Developing Environment of Our Face Tracking and Recognition System 

Hardware Software 
CPU: Pentium 4 3.2GHz 
RAM: 512MB 
Camera: Logitech Quick-Cam Pro 4000 

Tool: Borland C++ Builder 6.0 
MATLAB 7.2 
Operating System: Microsoft Windows XP 

5.1   The Results of Face Tracking 

The types of test image sequences are roughly classified into three kinds: the front 
face (Type A), the back side (Type B), and the temporal occlusion (Type C). Each 
type has three different image sequences, and we will complete five tests on each of 
them. In these experiments, we use 30 particles to track faces in each frame. 

Fig. 3 illustrates part of the tracking results obtained from an image sequence of 
Type B. From this figure, we can see that the person back to the line of sight of a 
camera is still correctly tracked. Notice that there are some skin color regions around 
the head in the background, but our algorithm can track it effectively because the 
motion cue is employed in the particle filter. 
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(a)                                                                   (b) 

Fig. 3. Part of the tracking results indicated by green rectangles: (a) thirty possible locations; 
(b) the mostly possible location of a human face 

Table 2. The Comparison among the Conventional, Mean Shift, and Our Methods 

 Measurement Conventional particle filter Mean shift Our proposed method 
 Avg. execution time (each frame) 51 ms 28 ms 18 ms 
 Avg. frame rate (frames per second) 16 25 37 
 Number of particles 100 30 30 
 Avg. accuracy rate (Type A) 92.2% 99.5% 99.0% 
 Avg. accuracy rate (Type B) 90.3% 98.1% 97.2% 
 Avg. accuracy rate (Type C) 81.9% 90.6% 89.7% 

What follows compares the performance of our proposed tracking method to those 
of the conventional and mean shift embedded particle filters [15]. From Table 2, we 
can observe that our method is superior to the other two methods in both the execu-
tion time and frame rate, but the accuracy rate of the mean shift method is slightly 
better than ours. In general, the tracking accuracy of the face with temporal occlusion 
is lower than those of the other two types. This is because that when the object is 
moving to the front of a face, the particles are usually predicted on the arm or the 
hand which are also the skin color regions. On the other hand, the false alarms and 
miss rates of face tracking for Types A and B are produced by ill illumination, com-
plicated backgrounds, and so on.  

5.2   The Results of Face Recognition 

In the following experiment, there are three subjects to be recognized, and each of 
them has 150 samples. Fig. 4 illustrates some of our training samples, where the faces 
may be panned from 30− ° to 30°  and tilted from 10− ° to 10°

 
when taking pictures. 

The features of these training samples are obtained from the two-level Haar wavelet 
transform. And the size of each wavelet face image is 10 15× pixels.  

In this experiment, we employ 5-fold cross-validation to estimate the accuracy of 
different system models. Finding out the optimal numbers of tree nodes and training 
iterations are in order to avoid over-fitting simultaneously. From the model estima-
tion, we can see that the best performance is achieved with the AdaBoost algorithm 
for a 24-split CART. The detailed experimental data and its associated analysis are 
recorded in Table 3. For each subject, we choose 150 face images from some video 
samples, and select the same number of face images of other subjects as the test data. 
The recognition result received from the strong classifier is a confidence. If this con-
fidence is within a certain range which approaches zero, we will sort out the subject 
as “Others.” 
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Fig. 4. The sample faces used for training the classifier 

Table 3.  The Face Recognition Results of the Three Subjects 

Subject Shalo Baboo Feng Other Avg. Accuracy rate Avg. execution time 
Shalo 137 8 4 1 91.3% 26 ms 
Baboo 0 136 12 2 90.7% 43 ms 
Feng 0 12 136 2 90.7% 45 ms 
Other 5 7 4 134 89.3% 45 ms 

6   Conclusions 

In this paper, we have developed a face tracking procedure that is able to detect and 
locate human faces in image sequences acquired in real environments, followed by a 
face recognition procedure using a strong classifier trained with an AdaBoost algo-
rithm. The particle filter in our face tracking procedure can use fewer particles to 
maintain multiple hypotheses than the conventional particle filters do, so the compu-
tational cost is greatly decreased. When applying the particle filter to face tracking, a 
manner based on the fusion of color and motion cues is employed to reliably measure 
the likelihood of each particle. The skin and hair color models are adapted to deal 
with color variation during the face tracking. 

We realize weak classifiers using the CARTs, which are integrated into a strong 
classifier automatically by means of the AdaBoost algorithm. Then the face image is 
to be recognized through the authentication of the strong classifier where we prede-
fined a threshold to determine whether the corresponding person is in our identified 
member list. Experimental results reveal that our approach is preferable to the con-
ventional particle filters when it is applied to face tracking. As for the face recogni-
tion, compared with the other machine learning methods such as an SVM [13] and a 
neural network [5], the AdaBoost algorithm does not employ a complicated computa-
tional technique under the prerequisite that the accuracy of face recognition is close to 
each other. It not only takes less training time than the other machine learning meth-
ods do, but also maximizes the margin that separates a pair of classes. Thus, we can 
update the training samples to handle different situations, but need not spend much 
computational cost. 
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