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Abs t rac t .  An improvement of the Active Shape procedure identifying 
new examples of previously learned shapes using the point distribution 
model is presented. The novel segmentation and interpretation approach 
incorporates a priori knowledge about the objects of interest and their 
specific structural relationships to provide robust segmentation and la- 
beling. 
The method was utilized to successfully identify 10 neuroanatomic struc- 
tures in 19 individual MR images and 2 car classes (left-right and right- 
left oriented) in 400 perspective images of street scenes. 

1 Introduction 

There have been numerous at tempts to build models describing shape and ap- 
pearance of non-rigid objects, and employ them for automated object identifi- 
cation in the analyzed images [1-5]. Among them, the Point Distribution Model 
(PDM) representing the variation of a set of shapes around the average that  
was designed by Cootes and Taylor has many favorable shape representation 
properties [6, 7]. 

We report  an improvement of the Active Shape procedure [7] designed to find 
new examples of previously learned shapes using the point distribution model. 
This approach is particularly useful if variations in shape and appearance are 
difficult to model as is often the case with non-rigid objects or when point-of- 
view perspective is involved. The method presented below is generally applicable 
to virtually any task involving deformable shape analysis. 

2 Object Occlusion and Shape Outliers in PDM-based 
Image Interpretation: A New Approach 

In many areas of image segmentation and interpretation, reliable a priori knowl- 
edge is available to help guide the image analysis process. In many cases, approx- 
imate positions of individual objects can be determined from context. Knowledge 
about object sizes, shapes, gray level appearance, etc. can be acquired from a 
training set of examples. 
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2.1 Knowledge-Based Point Distribution Model 

In order to take advantage of the available a priori knowledge, three additional 
features were included in the model: Gray-level appearance, border strength, and 
average position. In the implementation described below, we also used the im- 
plicit knowledge about object context representing inter-relationships of several 
objects. 
Gray-level  appearance  is calculated in neighborhoods around each of the 
shape model points. It is determined for every shape model point j of each 
training image along a profile gj of a constant length, centered at the point j. 
Since the profiles vary with gray level scaling, derivatives of the gray levels along 
each profile are determined and normalized. 
Border strength is determined for each border segment of the model. Every 
two consecutive model points that lie on the object boundary define a border 
segment. To compute its strength, a local filtering is applied to each clique 
on that border segment. The filter is based on a pair of close parallel profiles. 
Average position of each shape model point that is calculated in the image 
coordinates is also incorporated in the model. 

Our knowledge-based shape model  combines generally applicable pa- 
rameters of the point distribution model and the knowledge-specific parameters 
appropriate for the image segmentation task in question. As such, the complete 
model is composed of: 

1. The eigenvectors corresponding to the largest eigenvalues of the covariance 
matrix describing the Allowable Shape Domain [6, 7]. 

2. The average gray level appearance values for each point of the model. 
3. The average border strength for corresponding border segments and the 

parameters of the mask (width, length) for which the strength was computed. 
4. The average position of the points of the average shape. 
5. Connectivity information (the number of shapes, point ordering along con- 

tours). 

2.2 Searching for Objects:  Model  F i t t ing  

The searching procedure developed for our PDM approach to image segmenta- 
tion and interpretation is based on a model fitting strategy that substantially 
differs from the Active Shape Procedure of Cootes and Taylor. The difference is 
twofold. First, our search is entirely model driven meaning that segmentation 
hypotheses are not influenced by possibly misleading image data and do not use 
any preprocessing. At each step of the fitting process, several model location 
hypotheses are considered and evaluated. Second, an outlier detection and re- 
placement procedure has been developed to detect misplaced points and infer 
their new positions. The outlier detection improves robustness and accuracy of 
the shape model fitting process. 

The searching procedure consists of the following steps: 1) Model fitting using 
linear transforms, 2) model fitting using piecewise linear transforms, 3) outlier 
removal, 4) final point adjustment, 5) final outlier removal. 
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Model  F i t t i ng  Funct ion  As a result of the hypotheses generation processes, 
shape model locations are sequentially hypothesized. In order to evaluate the 
model location hypotheses, a fitness function is needed to assess the agreement 
between the image data and the particular model instance. We have designed a 
fitness function F = F B / ( Fc A ) 2 that consists of two components: 

1. Fitness of the gray level appearance FG A is determined as the average squared 
Euclidean distance between the actual gray level appearance and the mean 
gray level profile incorporated in the shape model. 

2. Fitness of the border Fs  is calculated as the ratio between the aggregate 
response of all four point cliques along the contour and the maximum possible 
response (twice the number of cliques). 

Model  f i t t ing using linear t rans forms  Shape instance hypotheses specify 
the locations of all model points within the analyzed image. The hypotheses are 
generated using affine transformations and are applied to the model average po- 
sition. The parameters of the linear transforms that contribute to the hypotheses 
generation are application dependent and reflect the a priori knowledge one has 
about the scale and pose of the objects of interest. For the two applications re- 
ported here the parameters were: scaling in the range [0.9, 1.1], step 0.1 (both 
applications); rotation [-8 °, 8°], step 4 ° (brain model) and [-4 °, 4 °] (car model); 
and translation [-4, 4] pixels, step 1 pixel in both x, y directions (brain model) 
respectively [-128, 128] pixels (car model). Each hypothesis represents a rigid 
transform of the average shape, and all generated hypotheses are sequentially 
evaluated using the model fitting function and the best fit is determined. If the 
prior knowledge includes the fact that the objects of interest are always present 
in the images processed (as is the case of the brain images) no thresholding 
is subsequently done, otherwise the best fit value is thresholded and no object 
reported if its value is low. 
Mode l  f i t t ing using piecewise linear t rans forms  Since non-rigid objects or 
object with inter-subject variability are discussed here, rigid linear transforms 
do not account for any potential deformations of the expected shape. Therefore, 
linear transforms (translation, rotation, and scaling) with a small range of pa- 
rameters are applied to subsets of consecutive model points. Each model point 
is taken in turn as the center of such a subset. After the best position of the 
subset is obtained, a thresholding of the fitting value is performed and the center 
point of the set is considered to be occluded and discarded if the value is low. 
Otherwise, only the position of the center point is kept and the remaining points 
are discarded. The number of consecutive points that are considered for this 
transform is application dependent and is a function of local border strength 
and length. To preserve robustness, the center point is not moved if the two 
border segments adjacent to it are very weak. 
Outl ier  removal: A new approach Under unfavorable circumstances, the 
previous step may introduce incorrectly determined vertices - outliers. This 
may happen if a subshape fitted by the previous step exhibits weak edges or if 
there exists another border of similar properties in the neighborhood. In the ex- 
isting literature dealing with point distribution models, no outlier detection has 
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been introduced. Typically, when using PDM's, shapes that  do not correspond 
to the allowed shape at any stage of the detection process are rejected (Fig. 1). 
In other words, the model parameters bj (Eq. 2) must not exceed some maxi- 
mum values. Cootes and Taylor propose to derive limits for by by examining the 
distributions of the parameter values required to generate the training set [7]. 
They recommend that  bj's be chosen such that  

< _< av/  (1) 
since most. of the population lies within three standard deviations of the mean. 
This approach can introduce two kinds of errors: 1) The shape/location hypothe- 
sis is completely rejected because one or two points are misplaced, such situation 
is documented in Fig. 1; or 2) the hypothesis is accepted even though one or two 
points are misplaced. 

£ 9 10 

3*sqr t ( lambda)  = [0 .23  0.28 0.32 0.35 0.56 0.77 ] 

abs(b) = [ 0 .54  0.05 0.24 0.35 0.21 0.28 ] 

Max. var. perc. = [2j 28, 2B, 38, 16, 8, 21, 7, 5, 49, ] 

Fig. 1. Example of a shape hypothesis rejected by the Cootes' Active Shape procedure 
(left). Note an outlier responsible for rejection (marked by 10). The same shape hy- 
pothesis after our outlier removal and adjustment steps (right, adjusted vertex marked 
by *). The average shape is shown in the middle. The values given below the figure are 
specified by Eq. 1, 2, and 6. 

To treat  the problem of outliers in a systematic fashion, we have developed a 
new approach to outlier detection and position adjustment. The misplaced points 
are identified using the information about the relative positions of the shape 
model vertices that  are implicitly included in the shape model. Let z = (x' ,  y~)T 
be the model point positions after the piecewise linear transforms were applied 
and the resulting shape was aligned with the shape average. According to the 
shape model, the hypothesized shape should satisfy 

z =~  + P b  (2) 
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where ~ is the average shape, P is the matrix of the first t eigenvectors, and b 
is a vector of weights. Therefore, 

where 

bj .~- ~ Pi,j(zi- xl) : ~ vi,j (3 )  

i=1 i=1 

Ivi,jl  = IPi,j(z - (4) 
is the absolute variation induced by point i in parameter bj. Let the percentage 
of variation induced by point i in parameter bj be defined as 

Iv~'Jl 100 (5) V~,y-  n 
Iv',Yl 

i=1 

and let the maximum percentage of variation induced by point i in any of the 
parameters bj be defined as 

ui = max V~,5 (6) 
j = l . . t  

If all the points were to generate an equal amount of variation, then alI the 
percentages ui were approximately 100/n, n being the number of object points. 
However, since outliers may be present, larger variation may be associated with 
some points - the outliers. A point is considered to be an outlier if the percentage 
of variance generated by its position in any of the parameters bj of the model is 
more than 4 x greater than the average amount of variation. If several outliers are 
present, the variance is distributed among them and (perhaps) the well placed 
points. As a result, it is difficult to identify outliers if more than a few occur 
simultaneously. Once such misplaced points are detected, they must be moved to 
a new position that can be inferred from the alignment of the rest of the shape 
instance with the average shape. 
Final  point  ad ju s tmen t  Some of the shape model points may have been de- 
clared outliers in the previous step. Consequently, their position may have been 
adjusted solely considering the average shape appearance and not considering 
the image data. Therefore, they must be subject to the position optimization 
step to better correspond with the image data. 
Final  out l ier  removal  Resulting from the previous steps, or newly introduced 
during the final point adjustment, outliers may remain present in the shape 
model. Following the same outlier detection procedure as applied in the first 
outlier removal step, the outliers are identified and removed, no adjustment is 
attempted in this final step of model fitting. 

3 R e s u l t s  

The method presented above was employed to design two PDM shape models. 1) 
Magnetic resonance images of human brain were segmented into neuroanatomic 



403 

Fig. 2. Example of automated brain image segmentation and interpretation. Upper 
row from left to right: Manual tracings. Initial average position of the shape model. 
Optimal shape model position after linear transform step. Bottom row from left to right: 
Optimal shape model position after piecewise linear transform step. Outlier detection 

outliers marked by dark dots). Final outlier detection marked by dark dots and 
removed from consideration in the shape model. 

brain structures. 2) Perspective images of moving cars on a street  were used. 
Training image sets served for construction of shape models, and the method ' s  
performance was quantitatively assessed in separate testing image sets. 

First, the PDM approach was trained in 8 images and tested in 19 MR 
brain images. Ten neuroanatomic structures were successfully segmented and 
interpreted in all images from the test set. Fig. 2 shows the observer-traced 
and computer-detected contours together with the intermediate results. In the 
test  set, the neuroanatomic structures were identified with the labeling error 
of 7 d= 3~0, and the average border positioning error was 0.8 + 0.1 pixels. The 
automatical ly-determined borders of the ten neuroanatomic structures exhibit a 
high level of accuracy and substantial  speedup when compared to a previously 
reported genetic image interpretation approach [8]. 
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Fig. 3. Example of automated car segmentation, a) Original image, b) Optimal left- 
to-right car model position, c) Optimal right-to-left car model position, d) Second best 
right-to-left car model position. 

Second, the PDM approach was employed in identification of two car classes 
(left-right and right-left orientation) in perspective images of street scenes. After 
training in 10 images, our approach correctly detected the cars present in 400 
images from the test set. Fig. 3 shows an example of the computer-detected 
contours for the two car models. Note that,  although the model was trained 
only on sedans, it was also able to accurately detect a hatchback car (except for 
the one contour point with an opposite convexity). Also note the good detection 
of the occluded cars in the background. As a mat ter  of fact, all cars exhibiting 
less than 4070 occlusion were successfully detected. The car segmentation results 
represent a substantial improvement over a recently published study [5]. 



405 

4 Discuss ion 

We expect further improvement of the method 's  performance by incorporat ing 
bet ter  s tructure positioning information. At this moment ,  no explicit statistical 
information is used concerning the relative positions of the objects. The only 
constraint  tha t  is enforced after each step is tha t  no two objects overlap tha t  
belong to the same multi-object model. In case of object overlap, the faulting 
objects have to be grouped together. If an object is misplaced but does not 
overlap with another object, the hypothesis is accepted and a wrong detection 
may occur. While we did not experience such a behavior, the possibility remains 
present. ~ar thermore,  no statistical information is used concerning the model 
points variation. Incorporat ion of such information may be useful for the outlier 
detection procedure. 

5 Conclusion 

A new fully au tomated  segmentation and interpretation method has been pre- 
sented. The method was utilized to identify 10 neuroanatomic structures in 
individual MR images and 2 car classes (left-right and right-left oriented) in 
perspective images of moving cars. In all cases, the method was independently 
trained and tested in separate images sets. The method correctly segmented and 
interpreted images from the two very dissimilar application areas. 
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