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Abstract. In this study, we propose three extended fitting methods to the 
standard ASM(active shape model). Firstly, profiles are extended from 1D to 2D; 
Secondly, profiles of different landmarks are constructed individually; Thirdly, 
length of the profiles is determined adaptively with the change of level during 
searching, and the displacements in the last level are constrained. Each method 
and the combination of three methods are tested on the SJTU(Shanghai Jiaotong 
University) face database. In all cases, compared to the standard ASM, each 
method improves the accuracy or speed in a way, and the combination of three 
methods improves the accuracy and speed greatly. 

1   Introduction 

The location of facial landmarks plays a very important role in face research. Most 
facial features location methods can be broadly divided into two categories: One is 
local methods[1],[2],[3]. The other is global methods[4],[5],[6]. Deformable templates, 
active shape model(ASM) and active appearance model(AAM) all belong to the global 
methods. Compared to local methods, global methods are more robust, the most 
important thing is that the number of facial landmarks detected by global methods is 
greatly more than that of the local methods. ASM has been successfully applied in 
many areas[7],[8]. However, its drawbacks in accuracy and speed limit its further 
application. First, standard ASM searches the new position in 1D profile. However, the 
true new position may not lie in 1D profile, it therefore may bring to some error. 
Secondly, local structure of each landmark in standard ASM is generated identically. 
However, all landmarks are characterized by different features. Construct structures 
alike is unreasonable. Thirdly, length of profiles in different levels equals to each other 
during searching. In fact, the displacements become to decrease with the increase of the 
level. Hence length of the profiles in different levels doesn’t need to be equal. 

This paper presents three methods to address the above problems. Firstly, the 1D 
profile is extended from 1D to 2D; Secondly, local structures for the different 
landmarks are constructed according to their characteristic features; Thirdly, we 
decrease the length of the profiles when it comes to the next level during the fitting. We 
also constrain the displacements in the last level. 
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The rest of the paper is organized as follows. Section 2 introduces the standard 
ASM. Three extended fitting methods are described in Section 3. Section 4 gives the 
comparison between the proposed methods and the standard ASM, experimental results 
are also presented. Section 5 is the conclusion of the paper. 

2   Active Shape Models 

ASM[4]is a statistic model, which includes the construction and fitting. The parameters 
used in this paper are listed in Table 1. 

Table 1. Parameters of ASM(stand ASM and our methods). Values given between parentheses 
are used in our experiments. 

k Number of landmarks(60) 

n Number of training images(200) 

s Number of images in the testing set(2069) 

t Number of modes in the shape model(21) 

m Number of points in sub-profile on either side of the landmark (4)  

l Number of points in profile either side of the landmark for searching, length of the profile is 

2l+1(11 for the first, second method and single-resolution standard ASM. 11,9 and 7 for different 

levels of the third method and the combined method) 

L  Number of levels(3) 

N Number of iterations(50 for single-resolution scheme,5 for each level of multi-resolution scheme)  

T Threshold of the displacement of the last level for the third method and the combined method(2) 
 

2.1   Construction of the ASM 

For each face image in face database, mark k facial landmark 1 1( , ),..., ( , )k kx y x y   
manually on picture as is shown in Fig. 1. Each landmark with the same index number  
 

 

Fig. 1. Facial landmarks 
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in different images stands for the same feature, and all the landmarks of an image give a 
shape vector 

1 1 2 2( , , , ,..., , )k kx x y x y x y=  (1) 

To make the shape model independent of the size, position and orientation, all shape 
vectors are aligned[4]. Principal component analysis(PCA) is then applied to the 
aligned shape vectors and we can get the mean shape 
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Then the eigenvalues i 2, ,..., )sλ λ λ（  and the eigenvector 1 2 s( , ,..., )p p p are 

computed. Select the first t eigenvectors and eigenvalues to satisfy the inequation:  
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where TV is the sum of all the eigenvalues. Then a shape vector can be approximated by  

x x Pb≈ +  (5) 

where b  is a vector of weights, computed by  

 ( )Tb P x x= −  (6) 

In order to find the new positions for facial landmarks, local structure needs to be 
constructed in advance. As for a landmark ( , )i ix y , sample m  pixels on either side then 
give a profile. Then local structure can be built by using the normalized first derivatives 
of this profile. Denoting the normalized derivative profiles 1 2, ,..., ng g g , the mean 
profile g , covariance matrix gS , we then can compute the Mahalanobis distance 
between a new profile ig and the mean profile 

1( ) ( ) ( )T
i i g if g g g S g g−= − −  (7) 

2.2   ASM Fitting 

ASM fitting can be realized by two iterative steps:(1)finding a new position for each 
landmark;(2)updating b and the parameters of the affine transformation. 

At first, sample l pixels either side of the landmark and give a profile alike as before, 
select a sub-profile and compute the Mahalanobis distance. The center of the 
sub-profile with the minimal Mahalanobis distance is the new position. Find the new 
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position for each landmark and compute the displacement for each landmark to get a 
displacement vector 1 2( , ,..., )kdX dX dX dX= .Then the following equation is used to 
update the affine transformation parameters and b: 

( , )[ ] cX M s x Xθ= +  (8) 

According to equation (8), we can get  

( (1 ), ( ))[ ] ( ) ( )c cM s ds d x dx X dX X dXθ θ+ + + + + = +  (9) 

and  

( (1 ), ( ))[ ] ( , )[ ] ( )c c cM s ds d x dx M s x dX X X dXθ θ θ+ + + = + + − +  (10) 

According to equation (5), db is utilized such that ( )x dx x P b db+ = + +  and 

1db P dx−= . Then affine transformation parameters and b are updated as follows: 

, , , (1 ),c c t c c c t c s bX X w dX Y Y w dY w d s s w ds b b W dbθθ θ θ= + = + = + = + = +  (11) 

where , , ,t s bw w w Wθ  are scalar weights. 

3   Extended Fitting Methods of the Active Shape Models 

Although there are many ways to refine the standard ASM, we discover that three 
methods can best improve the accuracy and speed of it. 

3.1   Extend the Profile from 1D to 2D  

It is well known that there is a key idea in the standard ASM: finding a new position for 
each landmark. This finding accuracy affects the whole accuracy of ASM directly. In 
Fig. 2, the target position of the current landmark is point P1, whereas the best position 
that can be located is point P2. To tackle this problem, we propose to extend profile 
from1D to 2D as shown in Fig. 3. 

  

Fig. 2. 1D profile Fig. 3. 2D profile 
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Since the profile has been extended to 2D, local structure should be constructed in 
another way: for each landmark, select a square with side length of m and center of 
current landmark, such that there are n squares, then compute the average gray-scale of 
each pixel within the square, and get a 2D profile og . A square with the side length of l 
and the center of the current landmark is selected during the fitting. We define a 
function of to replace the Mahalanobis distance:  

1 1
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= −
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where ij
og is the gray-scale of pixel lies in the ith row , jth column of 2D profile of oth 

landmark, ij
otemp is counterpart of the sub-profile of the oth landmark, of represents the 

similarity between the 2D profile and the 2D sub-profile. The center of the 
sub-profile is viewed as the new position for the current landmark if of reaches the 
minimum. 

3.2   Construct the Local Structures for Landmarks According to Their Feature 

In standard ASM, local structures of all landmarks are constructed identically. 
However, local structures of landmarks don’t express their true feature. Accordingly, 
the accuracy of location will subject from this kind of local structure. In order to 
improve the accuracy, we propose to construct the local structures for landmarks 
individually. For the landmarks around the irises and eyebrows, we construct the local 
structures not only with profiles, but also with gray-scale information. And a new 
function is used  

 1( ) ( ) ( )T
i i g if g gray g g S g g−= × − −  (13) 

where gray  is the gray-scale of the landmarks. Then for the landmarks on the contour 
of chin and mouth, we construct their local structures with profiles and edge 
information, and use another function  

1( ) ( ) ( )T
i i g if g edge g g S g g−= − × − −  (14) 

where edge  is the magnitude of the landmark of the gradient image.  

3.3   Adjust the Length of the Profile Adaptively 

In the standard ASM, length of the profile in different levels is fixed. Experiments 
indicate that the displacements of the landmarks in the first level are very large, and the 
displacements begin to decrease with the increase of the level. Thus we propose to 
reduce the length of the profile with the increase of the level and constrain the 
displacements in the last level by setting a threshold T.  
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4   Comparison and Experiments 

To compare the proposed methods with the standard ASM, experiments are conducted 
on the SJTU face database, which includes 2269 labeled frontal face images and the 
size of image is 640×480. We divide the SJTU face database into training set and 
testing set. The former and the latter contain 200 and 2069 images respectively. All 
experiments are conducted on a P4 2.8GHz machine with Matlab implementations. In 
order to compare our methods with the standard ASM quantitatively, we first define 
two functions, average error 
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where ( , )X i j  is the manually marked position of the jth landmark of the ith image in 
the testing set, ( , )pos i j  is the position located by different methods, 

( ( , ) ( , ))dis X i j pos i j− is the Euclidean Distance between ( , )X i j and ( , )pos i j , itime  
is the computation time for the fitting of the ith face.  

At first, we compare the first method with the standard ASM. All other aspects of 
the two algorithms are identical except the shape of the profiles. Both use 50 
iterations for fitting. Since profiles have been extended from 1D to 2D, the 
corresponding searching spaces are also extended. Therefore, the probability of 
finding the new positions will be increased and the accuracy of whole fitting will be 
increased accordingly. We plot the average error against the number of iteration N= 
5, 10,…, 50 in Fig. 4, which shows that the average error of the first method is lower 
than that of the standard ASM during the fitting. Furthermore, it needs less iteration 
to converge. From Fig. 4 we can also see that the first method has converged after 25 
iterations, and the counterpart of the standard ASM is 35. However, on the other 
hand, the average computation time for two methods is 0.30s and 0.33s. It is not 
strange because the profile has been extended from 1D to 2D, and the corresponding 
searching space also be extended form 1D to 2D, it will come down to more pixels 
and need more computations.  

Then for the second method, we construct the local structure for landmark 
individually. Local structure of the second method has more information. Thus, the 
new local structure can discriminate the landmarks more efficiently. We plot the 
average error against the number of the iterations in Fig. 5. It shows that the second 
method also needs fewer iterations to converge. On the other hand, the second needs 
more computation since the functions of equation (14) and (15) need a more 
multiplication operation. The average computation time for the second method and the 
standard ASM is 0.31s and 0.30s.  
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Fig. 4. Average error against the number of iterations 

 

Fig. 5. Average error against the number of iterations 

For the third method, the number of pixels each side of the landmark in the first, 
second and last level is 11, 9 and 7. The displacement threshold T in the last level is 2. 
For the standard ASM, the number of pixels each side of the current landmark in all 
levels is 11. For both methods, the number of levels and the iterations of each level is 
3 and 5 in turn. We plot the average error against the iterations in Fig. 6, from which 
we can see that the standard ASM has converged after two levels(1-10 iterations). 
Fig. 6 also indicates that the average error of the two methods is the same in the first 
level. When it comes to the second level, we shorten the profiles. As for the third 
method, the number of iterations for converge is only 8, which is less than that of the 
standard ASM. The average computation time for the third method and standard 
ASM is 0.11s and 0.08s 

At last, we combine all three methods to give a combined method. Since the 
profiles are extended to 2D and the local structures of the landmarks are constructed 
differently, the accuracy of finding the new positions is enhanced, which leads to a 
great increase in the accuracy of the whole fitting. As the length of the second and 
third level in the combined method is shortened, the speed for the fitting is reduced. 
The average computation time of the combined ASM and standard ASM is 0.09s and 
0.11s. We also plot the average error against the iterations Fig. 7. It is clear that the 
combined method needs 7 iterations to fitting.  
 



 Extended Fitting Methods of Active Shape Model 617 

 

Fig. 6. Average error against the number of iterations 

 

Fig. 7. Average error against the number of iterations 

5   Conclusions  

In this paper we have presented three methods to the fitting of the standard ASM to 
locate the facial landmarks. Experimental results demonstrate that each of method can 
improve the accuracy or speed in a way, and the combined method improves the 
accuracy and speed greatly, when compared with the standard ASM. 
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