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Abstract. Accurate and robust location of feature point is a difficult and 
challenging issue in face recognition. In this paper we propose a new approach of 
using a cascade of Multi-Resolution Active Shape Models (C-MR-ASM) to 
locate facial feature points. In our approach, more than one MR-ASMs  
are obtained from different subsets of training set automatically, and these 
MR-ASMs are integrated in a cascade to locate facial feature points.  
Experimental results show that our algorithm is more accurate than traditional 
MR-ASM. The contribution of this paper includes: 1, unlike traditional 
MR-ASM, the training set is divided into several subsets automatically based on 
the principle a trained model should describe all the samples in training set 
accurately. 2, we propose the new cascade framework, which integrates all the 
subset MR-ASM. 

1   Introduction 

Accurate and robust location of feature point is a difficult and challenging issue in face 
recognition. Cootes et al. proposed a Multi-Resolution Active Shape Models (MR-ASM) 
algorithm [1], which could extract specified shape efficiently and accurately.  

Because of the robustness of MR-ASM, a lot of improved algorithms have been 
proposed. MR-ASM is a statistic model of shape variation, and so the accuracy of 
estimated distribution of training samples will determine the location result. Traditional 
improvements of MR-ASM focus on estimating and simulating the probability 
distribution [2,3,4]. In fact, due to the complicated variation of training samples, it is 
almost impossible that the training set conform to certain clustering property. It is 
therefore difficult to estimate and simulate the distribution of training samples 
accurately [6].  

In this paper, we propose an algorithm that can easily avoid this problem. Firstly, the 
training set is divided into several subsets automatically based on the principle that a 
trained model should describe all the samples in training set accurately. Then each 
subset is used to train a subset MR-ASM. At last, all subset MR-ASMs can represent all 
the samples in training set more accurately than one single model.. To locate facial 
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feature points, all the trained subset MR-ASMs are organized in cascade, so that a face 
image can be represented using the most suitable model.   

Our algorithm comprises two stages: training of subset MR-ASMs and location of 
facial feature points using cascade MR-ASMs. We first describe our procedure to 
obtain a subset MR-ASM at the training stage. Firstly, we use the whole training set to 
train a model. We then use this model to fit the training samples: we pick a subset of 
training samples that can be accurately represented using the trained model. This subset 
of training samples is then used to train a new model. The above procedure is repeated 
until a model is obtained that can accurately enough (at a certain precision) represent all 
the samples in the subset under consideration. This model is model 1 and the 
corresponding subset is subset 1. The whole training set excluding subset1 is used as 
the new training set. By repeating the above procedure, model 2 and subset 2, model 3 
and subset 3,…can be obtained in sequence. When the number of samples in all the 
subsets is more than 97.5% of the whole training set, about 2.5% reminder training 
samples are trained to get the final MR-ASM（MR-ASM l）.  

To locate feature points, all trained models are organized in a cascade. For an input 
image, the first model is used to fit it. If the texture of matched LMPs （LandMark 
Points） doesn’t satisfy texture distribution of the training set, the second model is used, 
…… The procedure will continue until the texture of LMPs matched by a model satisfy 
the distribution of training set, the location of feature points will be obtained by the 
output of the model. If there is not a model (from MR-ASM 1 to MR-ASM l-1) by 
which the texture of output LMPs satisfy the distribution of training set, the face image 
will be fitted using the final model (MR-ASM l), and its output will be the location of 
feature points.  

The following parts of this paper are organized as follows: In section 2, the training 
of MR-ASMs is described. In Section 3, the location of facial feature points using 
cascade MR-ASMs is described in details. Then experimental results are presented in 
section 4. Finaly, the paper is concluded in section 5. 

2   Training of MR-ASMs 

In our work, 98 feature points in a face image are used as landmark points (LMPs), as 

shown in Fig. 1. 

2.1   Training Texture at Each LMP 

Training texture is to extract the gray level feature in the neighbours of each LMP.  The 
neighbour of a LMP is a rectangle area, whose long side is parallel to the normal of the 
LMP, as shown in Fig. 2. 

The gray level of pixels inside the neighbour of the ith LMP is extracted one by one at 
the same order from inner face to outside, which forms a vector of gray level ig . Two 
statistics mean ig and covariance matrix iΣ of vector of gray level ig of all the 
training samples are computed respectively. 
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Fig. 1. Shape model in our work 

 

Fig. 2. Neighbour of LMPs 

2.2   Training a MR-ASM 

Training a MR-ASM comprises five steps [1]: 1.Labeling the training set (as Showing in Fig.2). 
2. Extracting gray profile at every landmark point. 3. Aligning training set ASM. 4. Computing 
the statistics of aligned training set by PCA. 5. Repeat from step 1 to step 4 at each resolution 
level. 

After these five steps, any shape iX  can be expressed as: 

iX X P b  (1) 

Where, X is the mean ASM of training set, eigenvectors P  represents the most 

important t  modes of variation, b is the vector of coefficients.  

2.3   Training Subset MR-ASMs 

With the traditional methods estimating and simulating the probability distribution of 
training set were the focus. One would expect to find one or a set of perfect description 
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to represent the whole distribution. However in fact, it is very difficult to estimate and 
simulate the distribution of the whole training set [6]. 

Cootes et al [7] proposed a different way to solve this problem. They sorted training 
set into several subsets manually by the angle of the head. Samples of each subset are 
used to train a MR-ASM. The collection of these trained MR-ASMs as a whole 
represent the faces from a wide range of angles. We push Cootes’s idea further in this 
work. 

With traditional methods one model is obtained from the training set. In fact, 
however, due to the complicated variation of samples in training set, it is difficult to 
represent all training samples accurately in the training set using one model. The naïve 
explanation for this phenomenon is that it is difficult to observe all of the things clearly 
from one perspective. On the contrary if we observe different subsets of things from 
different angles, it is possible that all the things can be observed clearly overall. 
Cootes‘s idea is based on the above naïve understanding, where the subsets were 
created manually [7]. However Cootes’ approach is somewhat subjective and it is 
difficult to justify the subsets produced. In our work, the subsets are obtained 
automatically, based on the principle that a trained model should describe all the 
training samples accurately.  

The framework of our algorithm is shown as follows: 

Suppose, the whole training set is 0N , the number of samples in 0N is 

0NNumber . The sequence of subset MR-ASMs is represented as 

, 0,1, 2,... 1iL i k= − . Let 0i = . 

1. Suppose that there are two subsets iSP N= , { }SN = Φ ,From the training set 

SP , we can get a trained model ,0iM  by the steps in Section 2.2, and let 0j =  

2. Using model ,i jM  to locate the LMPs of all the samples in subset SP . 

Computing the displacement from labeled LMPs for every samples and the average 

displacement ,i jE in subset SP . 

3. If ,i j thE C<  ,  

It means that the model ,i jM  can represent all the samples in sebset SP ,  go to step5.  

Otherwise, 
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Remove all the samples in which the average displacement of LMPs is bigger than ,i jE  from 

subset SP , and insert them into subset SN . 

4. Let 1j j= + , using the training set SP , we can train a model ,i jM , go to step 2. 

5. do the following operation: 

,i i jL M= , 1i i= + , iN SN=  

Count the number SNNumber of samples in SN .  

If
0

0.025SN NNumber Number≤   

It means that at least 97.5% training samples have been used,, the loop should be stopped. go to 

step 6. 

Otherwise go to step 1.  

6. From subset SN , we can train a model 1kL − .  

7.  Ordering the sequence of models , 0,1, 2,... 1iL i k= − by the number of samples 

in the corresponding subset SP, so that models at the front can represent more common variation 

in training set. 

3   Location of the Facial Feature Points 

In our approach the sequence of subset MR-ASMs are organized in a cascade, as shown 

in Fig. 3.  

The fitting result is tested using the square of Mahalanobis distance: 

1

1

( ) ( )
Tn

dist i i i i i
i

M g g g g−

=

= − Σ −∑  (2) 

Where, ig  is the vector of gray level at the ith  LMP, ig  is the trained mean of gray 

level at the corresponding LMP. 1
i
−Σ is the inverse of covariance matrix of the 

corresponding LMP. 
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Fig. 3. The framework of feature point location 

4   Experimental Results 

The CMU-PIE face database is used to test the accuracy of our algorithm. A total of 153 
face images of 17 people (each person uses 3 different images under 3 expressions) are 
chosen as training set. 36 unseen face images from the same 17 people are used as the 
test set. The size of images is 640×480 pixels. The average distance between two eyes 
is 90 pixels. 

The PCA thresholds are set to 95% for every MR-ASM locators. Three gray levels are 
used in the MR-ASM algorithm. The length of gray profile at each LMP is set to 11 pixels. 
The number of searching positions is three in the both normal directions of face contour.  

In the experiment, we trained five locators to compose the cascade location system. 
Details are shown in table 1. 

Table 1. The cascade locator training information 

Locator No. Training sample selected Location error for whole face Location error for F.S.O. Location error for chin

1 32 3.53 3.04 4.93 

2 26 4.02 3.36 5.96 

3 31 8.32 5.98 15.1 

4 24 5.86 5.25 7.65 

5 40 10.52 7.65 18.89 
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Where F.S.O. means five sense organs. Location error is measured in pixel. 
Table 2 shows the first two shape parameters of each locator. It presents the main 

shape variation trend of each automatically selected subset of the train set. 

Table 2. The shape parameters of the cascade locators 

Locator No. -3std 0 +3std -3std 0 +3std 

1

2

3

4

5

 

The second to the fourth coloumns correspond to the first parameter. The fifth to the 
seventh coloumns correspond to the second parameter. It can be seen that different 
locators represent different variations of face shape. 

We first compared the performance of testing the whole train set between our 
algorithm and traditional MR-ASM. The results are shown in table 3. 

Table 3. The results compared with traditional MR-ASM for train set 

 Face (pxl.) F.S.O. (pxl.) Cheek contour (pxl.) 

MR-ASM 9.3 6.6 16.6 
Our algorithm 4.98 4.00 7.32 
Improvement 46.5% 39.4% 55.9% 

It can be seen that, for all testing subjects, our algorithm is much more accurate than 
traditional MR-ASM. Further more, because of the less influence of background, the 
location results of eye, mouth, nose and eyebrow for both algorithms are the best. For 
the same reason, as to the feature points of cheek contour, both results are the worst.  
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Table 4. The results compared with traditional MR-ASM for testing set 

 Face (pxl.) F.S.O. (pxl.) Cheek contour (pxl.) 

MR-ASM 6.42 5.15 10.12 
Our algorithm 5.53 4.65 8.11 
Improvement 13.9% 9.7% 19.9% 

Secondly we use both algorithms to test the unseen face image set. The results are 
shown in table 4.  

5   Conclusion 

With the development in the face recognition technology, face recognition in complex 
backgrounds becomes an interesting research topic, where accurate location of facial 
feature points is important. 

In this paper an improved MR-ASM algorithm has been proposed. At the training 
stage, the training set is divided into several subset automatically based on the principle 
that a trained model should describe all training samples accurately, and more than one 
MR-ASM are trained to represent all training samples accurately. Then all the trained 
MR-ASM locators are integrated in cascade, so that an image can be identified by the 
most suitable MR-ASM locator. 
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