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Abstract. Active Shape Model (ASM) has been widely recognized as one of the 

best methods for image understanding. In this paper, we propose to enhance ASMs by 
introducing global texture constraints expressed by its reconstruction residual in the 
texture subspace. In the proposed method, each landmark is firstly matched by its 
local profile in its current neighborhood, and the overall configure of all the 
landmarks is re-shaped by the statistical shape constraint as in the ASMs. Then, the 
global texture is warped out from the original image according to the current shape 
model, and its reconstruction residual from the pre-trained texture subspace is further 
exploited to evaluate the fitting degree of the current shape model to the novel image. 
Also, the texture is exploited to predict and update the shape model parameters before 
we turn to the next iterative local matching for each landmark. Our experiments on 
the facial feature analysis have shown the effectiveness of the proposed method.  
Keywords: Active Shape Models (ASMs), Active Appearance Models (AAMs), 
Enhanced Active Shape Models (EASMs), Global Texture Constraints (GTC) 

1. Introduction 

In most pattern recognition and computer vision tasks, the localization and 
alignment of target object from an image is a task of great importance. To deal with 
the problem, many methods have been presented in recent years including active 
contour models (snake)[1], deformable template [2], elastic bunch graph matching 
[3], Gabor wavelet networks [4], Active Shape Models (ASMs) [5] and Active 
Appearance Models (AAMs)[6] etc. Among them, ASMs and AAMs are both based 
on statistical models, which are demonstrated to be efficient and effective for image 
interpretation. This paper presents an Enhanced ASM (EASM) by combining global 
texture constraints into ASM, which is essentially a strategy by combining ASM’s 
local profile matching with AAM’s global texture models. To integrate the local 
profile matching, the overall shape constraints, and the global texture constraints, the 
reconstruction residual of the global texture in its subspace is exploited to evaluate the 
fitting degree of the current model for the novel image. In addition, the global texture 
is also exploited to predict and update the shape model parameters. Therefore, with 
such an interleaving iteration of local profile matching, overall shape constraints, and 
global texture constraints, our method takes advantages of both ASMs and AAMs, 
meanwhile avoids their deficiencies. 
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2. EASMs with Global Texture Constraints  

2.1 Fitting Degree Measurement in EASM 

As is well known, the goal of the analysis-by-synthesis is to optimize the 
parameters of the model in order that the synthesized model matches the novel image 
to the utmost. Therefore, it is one of the most important tasks to define the objective 
function measuring the fitting degree between the novel image and the model, which 
should be minimized during the optimization.  

As illustrated in Fig.1, mis-matched shape implies distorted texture. Therefore, the 
mis-fitting degree is equivalent to the distortion degree in some sense. In this paper, 
the reconstruction residual of the current texture in the texture subspace is exploited 
as the fitting degree to be minimized.   

      
Fig. 1. Mis-matched shape model and corresponding distorted texture 

As in AAM, statistical texture model is pre-learned from a number of manually 
annotated images by applying PCA. The texture, g, warped from an image, can then 
be reconstructed as ggbPgg +=′ , where texture parameters, )( ggPb T

gg −= . 
So, the reconstruction residual can then be computed by: 

'gg −=ε  (1) 

If the model shape is well matched to the target object image, the texture is 
expected to be a normal patch without background and distortion. Therefore, 
according to the theory of the Eigen-analysis, the texture should be reconstructed 
“perfectly”, that is, the reconstruction residual should be relatively small. Otherwise, 
the residual would be very large. To demonstrate this point, we systematically perturb 
the ground truth shape in scale (from 0.75 to 1.25), rotation (from –25o to +25 o), and 
translation (from –15 pixels to 15 pixels along the X and Y axis respectively). Figure 
1 illustrates the corresponding relationship between the reconstruction residual and 
the parameters displacements in our experiment. Each curve represents a series of 
parameter variations for one image. From these figures, approximate monotony 
relationship between the reconstruction residual and the shape parameters 
displacement can be observed in a certain range. Especially, when the displacement 
ranges within a certain limit, the monotony attribute is quite ideal. So, it is reasonable 
to use the reconstruction residual as the fitting degree measurement, i.e. the objective 
function, to be minimized. 
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Fig. 2. Relationship between the shape parameters variations and the reconstruction residual 

2.2 Updating Shape Model According to the Global Texture 

Similar to AAMs, we also make use of the approximate linear relationship assumption 
between the texture displacement, gδ , i.e. the shifting from the pre-trained mean 
texture, and the displacement of the shape parameter bδ (However, we do not go all 
the way as AAMs, where appearance parameter is used.) [6]. That is, bδ can be 
predicted by linear regression: gRb bδδ = , gRt tδδ = , where bδ  and tδ  are the 
shape parameter displacement and the affine transformation parameters respectively. 
The linear regression mapping bR and tR  is computed in the same way as AAMs.  

2.3 EASM with Global Texture Constraints for Image Feature Analysis 

To sum up, the enhanced ASM with global texture constraints are outlined as 
follows: 

 
1. Initialize the mean shape in the novel image; 
2. Move each landmark locally to its “best position” by profile matching as in ASMs;  
3. Adjust the 2D affine parameters, and update the shape parameters under the 

statistical shape models constraints as in ASMs; 
4. Warp the novel image to the mean shape according to the new shape to obtain the 

global texture g, and compute the fitting degree measurement, i.e. the 
reconstruction residual ε  in the pre-learned texture subspace;  

5. If ε is small enough, convergence is declared;  
else {if ε  is smaller than its previous value, go to step 2;  
          else, go to the next step;} 

6. Predict and update the shape parameters according to g;  
7. Perform the same operation as Step 4; 
8. If  ε  is smaller than its previous value, go to step 6 again; otherwise go to step 2; 
9. The above iteration is continued until no further improvement is observed.  
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In the above iteration, each landmark is firstly matched by its local profile in its 
neighborhood, and the overall configure of all the landmarks is re-shaped by the 
statistical shape constraint as in the ASMs. Then, the global texture is warped out 
from the original image according to the current shape model, and its reconstruction 
residual from the pre-trained texture subspace is computed to measure the fitting 
degree of the current shape model to the novel image. Also, the texture is exploited to 
predict and update the shape model parameters before we turn to the next local 
matching for each landmark. Thus, by such an iteration interleaving the local profile 
matching, shape constraints and texture constraints, our method integrates the global 
texture constraints. 

3. Experiments 

By taking face image analysis for example, we conducted experiments to demonstrate 
the effectiveness of the proposed EASMs. A face database containing 500 face 
images manually labeled is exploited, in which all the faces possess different 
expressions including laugh, surprise and angry and all the faces are near frontal with 
slight illumination variation. To analyze the face image, we defined 103 landmarks on 
the face, whose coordinates form the face shape in our experiments.  

In our experiments, the performance is evaluated by calculating the mean point 
distance between the resulting shapes and the labeled ones (ground-truth). The 
distance can be denoted as: 
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where N is the total number of the test images, n is the number of the landmark points 
in the shape (for our face case, n=103), ijP and '

ijP  are respectively the labeled 
coordinate and the resulting coordinate for the j-th landmark of the i-th test image. 
The function ),( ijij ppdist ′  is the Euclidean distance between the two points.  

In the experiment, 350 images are randomly selected from the 500 images as the 
training set to build both the statistical texture model and the statistical shape model. 
The remaining 150 images are used for testing. Similar experiments are conducted 10 
times for statistics. Table 1 shows the average experimental results of both ASMs and 
the proposed EASMs, from which some improvement of our method over ASMs can 
be observed.  Figure 3 shows some example results of both ASM and EASM. As 
illustrated in this figure, the matching result of the mouth for ASM is not ideal due to 
the variation of expression, but the EASM works better.   

Table 1. Performance comparison of different methods 

Method d (pixel) Variance of d (pixel) 
ASMs 3.05 3.23 
EASMs 2.59 2.71 
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    Results of ASM   Results of our EASM 

Fig. 3. Comparison between our method and ASM 

4. Conclusion 

In this paper, we propose the Enhanced ASMs by introducing global texture 
constraints expressed by its reconstruction residual in the texture subspace. The global 
texture is also exploited to predict and update the shape models. The method is 
essentially a combination of the ASM and AAM. Experiments have shown that our 
proposed method performs better than standard ASM. 
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