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ABSTRACT

The detection and precise segmentation of specific objectsisan important task in many computer vision and image
analysis problems, particularly in medical domains. Existing methods such as template matching typically require
excessive computation and user interaction, particularly if the desired objects have a variety of different shapes. This
paper presents a new approach that uses unsupervised learning to find a set of templates specific to the objects being
outlined by the user. The templates are formed by averaging the shapes that belong to a particular cluster, and are used
to guide an intelligent search through the space of possible objects. Thisresultsin decreased time and increased
accuracy for repetitive segmentation problems, as system performance improves with continued use. Further, the
information gained through clustering and user feedback is used to classify the objects for problemsin which shapeis
relevant to the classification. The effectiveness of the resulting system is demonstrated on a medical diagnosis task
using cytological images.
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1. Introduction

Quantitative analysis of digital images requires detection and segmentation of the borders of the objects of interest. In
medical images, this segmentation has traditionally been done by human experts. Even with the aid of image
processing software, manual segmentation is tedious and time consuming, especially in cases where alarge number of
objects must be specified. Although many new and sophisticated imaging techniques have been developed to
circumvent these problems (Collins & Skorton, 1986; Li et al., 1995), the utility of existing analysis systemsis limited
by their narrow focus. Single-purpose systems developed for specific applications cannot be reused for other
segmentation tasks, despite the fact that the systems frequently consist of the same general steps. While many
commercial systems include segmentation capability, they typically rely heavily on user corrections to specify the exact
border, a necessary step for precise morphological analysis. Thus the development of techniques to automatically and
quickly segment an exact border is an important goal.

Many methods have been proposed to detect and segment 2D shapes, the most common of which is template matching
(Duda & Hart, 1972; Nagel & Rosenfeld, 1972). However, its slow speed has prevented its wide spread use. Another
technique is based on global feature vectors (Kaual, 1974), but such global techniques are unable to recognize objects
that are partially visible. The Hough transform (HT) (Hough, 1962) is useful for shape analysisin noisy, occluded and
multiple-object environments. However, its main drawbacks are its substantial computational and storage requirements
that become especially acute when object orientation and scale have to be considered. Significant improvementsin
speed and memory storage are needed for efficient use of the HT for shape and object recognition. The size of the
parameter space must be reduced significantly to save storage and to minimize the associated search task.

We propose an on-line learning method that incorporates user feedback to adapt to new shapes as they are outlined.
This approach makes our method ideal for highly repetitive tasks such as morphological analysis of cytological and
histological images, in which many cells or cell nuclei must be precisely outlined in many different images, and the
shapes of the individual cells vary widely from one sample to the next. The remainder of the paper is organized as
follows. Section 2 briefly describes the foundation of our system, a combination of template matching and deformable
contours. Section 3 describes the proposed algorithm, including the clustering of shapes and the learning of templates.
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Experimental resultsin Section 4 show that the quality of segmentation produced using the proposed algorithmis
comparable to an exhaustive template search, and the computation time is significantly reduced. Conclusions are
presented in Section 5.

2. Platform

The Xcyt program (Mangasarian et al., 1995; Wolberg et al., 1994) is a graphical computer program for diagnosing
breast cancer and predicting the course of the disease. It performs analysis of cytological features based on a digital
scan of abreast fine-needle aspirate, diagnosis of the image as benign or malignant along with an estimated probability
of malignancy, and a prediction of when the cancer islikely to recur for cancerous samples. The program has proven
highly effectivein clinical practice, correctly diagnosing 97.6% of new cases since 1993 and providing accurate and
individualized prognosis without lymph node information (Street, 2000; Wolberg et al., 1999).

2.1 Object Detection: GHT

Xcyt uses the Generalized Hough Transform (GHT) (Ballard, 1981) to detect the boundaries of the cell nuclei in an
image. The GHT isan extension of the Hough transform (HT) (Hough, 1962), a standard template matching algorithm.
Generally, an array of cells, H(x;,y;), of the same size as the input image, comprises the 2D accumulator, in which each
cell has avalue specifying the possibility that the reference point of an object shape to be detected is located at the cell.
These values are accumulated by having each edge point in the image “vote” for the positions that could correspond to
the reference point of the particular template. The GHT constraints the parameter computation by including the
orientation of edge pointsin the discrete representation. When the cell with maximum value in the accumul ator
exceeds a certain threshold, then an object with the desired shape is said to be detected at the location of the cell. To
perform the GHT, the template shapes are built in advance, requiring the user to know exactly what shapes will be
encountered. Further, when the scale and orientation of an input shape are variant and unknown in advance, brute force
is usually employed to enumerate all possible scales (S) and orientation (@) of the input shape in the GHT process.
This adds two dimensions to the parameter space, thus requiring a 4D accumulator, H(X;,y;,S,8). This dramatically
increases the execution time and leads to sparsity in the accumulator, making the selection of strong matches more
difficult. Iterative approachesto the GHT were proposed in (Lee & Street, 1999) which eliminate the extra dimensions
by using alocal accumulator (to find each template in turn) and a global accumulator (to collect the best scores from
the local accumulator).

2.2 Shape Representation

In order to model a scale- and orientation-invariant shape, we represent it by a set of points (r;,&8) in polar coordinates:
V= (r01 &)1 rll 911 r21 321 ey rn—lv gn-l)-
Assumethat OA is an arbitrary radius of the template. In our algorithm, starting from OA and moving clockwise, we
divide the circleinto n equal arcs to place points around the boundary, with each arc being ss0 degrees. So the above
n
set of points can be represented as
vV =(rg, 1,2 vy M1,
and the corresponding vector p in x-y coordinates consists of the points
pi = (%.yi) = (ricos(3e0)i, risin(s60)i)

Figure 1 Scale- and orientation-invariant r epresentation
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The shape shown in Figure 1 is represented with 16 linked nodes. Trandation invariance is achieved through the use
of an object-centered coordinate system. Shapes are normalized for size during the algorithm, as described in Section
3.3. Inthis application we limit ourselves to topologically simple shapes with no holes.

2.3 Segmentation: Snakes

To segment the exact boundaries of cell nuclei, Xcyt uses an adaptive spline curve-fitting technique known as a snake
(Kasset al., 1988). Snakes use an energy minimizing spline guided by external constraint forces and influenced by
image forces that pull it toward features such as lines and edges. Just like human vision, snakes start with an a priori
model of what an object should look like. By using the smoothness constraints of the splines, they are able to fill in
missing and noisy boundary information. As aresult, snakes have been successful in performing tasks such as edge
detection (both actual aswell as subjective), corner detection, motion tracking, and stereo matching. In our case, the
model isaclosed curve that is attracted to strong edgesin the image, and forms an arc in the absence of such edge
information. The snakes are initialized using the results of an iterative GHT that searches for ellipses of various sizes.
Previouswork (Lee & Street, 1999; Street, 2000) has shown that the Xcyt system isolates the cell nuclei very well
using the combination of GHT and snakes.

Still, the major problem of GHT, as with other template matching approaches, is the need to predefine templates to
represent shapes. If precise segmentation is necessary and the objects' shapes vary, many templates are needed,
requiring significant search time. In medical domains, the shape of the specific organ varies by person, and shape
representation must be very precise in order to quantify morphological features - or, even to initialize more precise
methods such as snakes. To overcome this drawback, alearning system is proposed that is able to generalize from
segmentation examples.

3. Method
3.1 Initialization

In this application the objectsin question are human cell nuclei, which are more or less elliptical in shape. Therefore
we begin by creating a set of elliptic templates with different shapes. Figure 2 shows some examples of eliptic
boundaries. Since the algorithm isinvariant to size and orientation, only one template with the same shape is created.
Theinitia templates are created automatically for this application but could easily be drawn by the user, or avoided
completely, without changing the fundamentals of the algorithm.

QOO

Figure 2 Examples of training templates

3.2 Object Detection and Segmentation

For each new image, the iterative GHT is performed using the existing set of templates. After plateausin the
accumulator are removed with a peak-sharpening step, the highest value in the global accumulator isfound. This
represents the best match of any template to a shape in theimage. The appropriate template is overlaid onto the image
at the appropriate rotation angle. This processis repeated until a user-defined number of objects has been located, or
until the match scores degrade below an adjustable threshold.

An important aspect of the proposed method is the use of intelligent search to guide the order in which template
matches are attempted. As the images are processed, the program records the number of times each template has
matched an object. Thisallows usto search first for the object shapes that were most common in previous images. By
searching first for the objects that we are most likely to find, we significantly reduce the expected time required, since
not all templates will appear in every image. A user might also choose to search only for objects with a particular
classification. Thisisdiscussed in Section 3.4.

A snakeisinitialized for each object using the template points and runs to convergence. The user can then edit the
resulting outline by dragging the boundary pointsto their desired location. The user may also remove an incorrect
boundary, or draw a boundary on an undetected object by hand, using the mouse to initialize the snake points. From
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the perspective of the learning method, this process creates a collection of positive examples of the shapes that this user
would like to find and outline.

3.3 Clustering Shapes

After an object has been correctly outlined, its shape is compared to al existing templates. The difference between a
shape, v, and the template, t, is computed with the standard Euclidean error metric,

n
&= In" -]
i=1

wherer" isaradius in the shape and r' is the corresponding radius in the templ ate.

To avoid simple orientation differences, the new shape is compared to the template at 16 different rotations. For each
rotation angle, the size of the shape is normalized based on the length of the base radial segment. The final differenceis
defined to be the minimum of these errors.

If the minimum difference between a shape and one of the templatesis below athreshold, the shape is added to the
cluster represented by that template. Thisis done using a Point Distribution Model (PDM) (Cootes et a., 1995). A
PDM isadtatistical shape model which is generated from a set of examples of the objectsto be modeled. Given a set

of N clustered shapesin templatet, v* = (;* =" the average shape, V; , is calculated using

i=iAn '
n
vi=_L(rf+ z )
N+1 i=1
If the minimum difference between a shape and one of the templatesis greater than the threshold, a new templateis
created with the shape of the new object. Thus, after the first image, each template represents a cluster of objects that
are nearby one another in the space of possible shapes. The algorithm also records the scale of each matching object

relative to the template. Figure 3 shows the clustering process graphically. The threshold that determines when a new
shape has been found is set empirically, but is again adjustable by the user.

[nitial temnplate

Average ternplate Mexr ternplate

O -

Figure 3 Clustering of shapes

Figure 4 shows the scattering of points of segmented boundariesin the same cluster. It can be seen that some of the
points show little derivation over the training set, while others form more diffuse derivation.

3.4 Classifying Templates

The ability to classify objects in an image plays an important role in the projected applications of this system. Consider
the problem of isolating cell nuclei from heterogeneous tissue for dissection and genetic analysis. Such tissue may
contain both diseased and healthy cellsin the same sample. However, the molecular analysis may depend on collecting
a"clean" sample of all diseased or all healthy cells for comparison purposes. Further, the user should not be expected
to wait for the system to locate objects that are not desired for the particular experiment.

Cellular morphometry is often used to diagnose diseases such as cancer. For instance, the Xcyt system was
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Figure 4 Scatter of pointsfrom an aligned set of an elliptic template

originally designed to diagnose breast tissue as benign or malignant based on derived nuclear features such as

area, perimeter, and smoothness (Wolberg et al., 1994). We therefore take the approach that size and shape information
already gathered in the clusters may be able to solve classification problems.

The classification method proceeds as follows. As objects are isolated by the user, they are given aclasslabel. This
requires atraining phase in which an expert user isavailable. A count is maintained of the number of objects from

each classthat are represented in each cluster. For instance, the upper right template shown in Figure 6 is made up of
eight benign and ten malignant cell nuclei. These counts are stored based on the scale factor; for instance, Table 1
shows the scales and counts for the fourth template in Figure 6.

Table 1 Scale and diagnosisfor the shapesin template 4
SCALE 0.8 1.0 1.2 14 1.6
BEN/MAL Matches 2/0 5/0 0/0 0/1 0/1

Asthe training proceeds, the system is able to classify new cells based on the majority class of the matching template.
This simple instance-based |earning scheme further improves the speed of the detection algorithm in cases where only a
particular class of object isdesired. For instance, if a user wants only malignant cells, the template search procedure
will order the templates based on the probability of malignancy, rather than on the raw count of matched cells.
Templates that match mostly benign cellswill not be used until later in the search, even if their shapes were more
common in previous images.

Thislearning approach was chosen for its simplicity and extensibility. Its primary function in this phase is to guide the
template search. However, it is certainly plausible that future applications will require other features, such as
chromaticity and second-order size and shape features, to classify the objects sufficiently well. These features can also
be collected and stored for each cluster. At that point, a second classification method, such as an artificial neural
network, could be added to include these features in the classification.

4. Experimental Results

The agorithm was tested on ceftol ogical images from fine-needl e biopsies of breast masses, the same images used to
train the original Xcyt system™. These images are gray-scaled with 640x400 pixel spatia resolution.

These images are classified as benign or malignant on a per-sample basis; no classification is available for individual
cell nuclei. Thereforein these results we consider all nuclei in benign images to be benign and all nuclei in malignant
images to be malignant. This assumption is reasonable but not entirely accurate, making the classification problem
particularly difficult due to classification noise.

Figure 6 shows the set of templates constructed after training on six images. The first five shapes are modifications of
the predefined templates in Figure 2. The following 17 new templates were created during the experiment. There are
two numbersinside each template: the first one is the number of benign cells matching the template, and the second
one is the number of malignant cells.

The test proceeded as follows. Two test images (one benign and one malignant) were set aside and used for all tests.
The system was trained on a sequence of training images, aternating between benign and malignant, and tested

! These images are available at ftp://dollar.biz.uiowa.edu/pub/street/images/.

INFORMS & KORMS - 1465 - Seoul 2000 (Korea)



Figure 5 Sample image (reduced by 50%)
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Figure 6 Experimental result : template set

on both test images after each training image.

Figure 7 shows number of templates that had to be searched for the benign (Figure 7(a)) and malignant (Figure 7(b))
test images on alogarithmic scale. The search was carried out in four different ways. The original iterative GHT was
performed with a constant set of dliptical templates. These vary significantly in size and shape in an attempt to capture
the basic shape of al nuclei that might be encountered. The learning system builds a set of templates asiit is used; the
curve labeled "All trained templates' shows the number of these learned templates at each point. After aninitial
"ramping up" period, this number grows very slowly at alevel nearly an order of magnitude below the original set of
templates. The curve labeled "Best matching templates' shows the result of searching the templatesin order of their
frequency in previous images, and stopping when a result equivalent in accuracy to searching all the learned templates
isreached. Thisresultsin a’50% reduction in the number of necessary templates. Finaly, the templates were ordered
based on their classification, e.g., templates with the highest probability of being benign were searched first on the
benign test image. This reduces the necessary search time even further, indicating that the instance-based classification
method is able to distinguish reasonably well between nuclei types, even though the ground truth classificationsin this
problem were extremely noisy. Thisbodeswell for future applications on heterogeneous tissue in which a trained
expert will be available for the training phase.

Figure 8 shows the predictive accuracy of the segmentation method on the first 50 outlined nuclei (in the case of the
benign image) or on all of the nuclei (in the case of the malignant image). Asthe systemistrained on more and
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Figure 8 Predictive accuracy: (a) Benign test image, (b) Malignant test image

more images, its ability to correctly segment the nuclei in the test images increases. The accuracy of the new system
reaches that of the exhaustive GHT after about seven training images for the benign case. In the malignant case,
accuracy does not yet reach that of the original system. We attribute this to the wide variation in shape of malignant
nuclei, making the test more dependent on the particular training images. We expect this to be corrected as the system
istrained with more images. In short, after a brief training phase, the new system has comparable accuracy to the
original system, and achieves this performance in an order of magnitude less time per image.
Figure 9 shows the accuracy of the classification system in these tests. For each well-matched nuclel in atest image,
the class is predicted based on the mgjority class of the template. Poorly-matched nuclel are not included in this
computation. The instance-based classifier does very well in general. The apparent fluctuation occurs because the
system tends to perform better on the class of objects on which it was just trained.

5. Summary

This paper introduces an incremental learning scheme to aid the location and segmentation of objectsin large-scale
image analysistasks. The system demonstrates dramatic improvements in the time needed to perform template-
matching search, without sacrificing the quality of the result. Future work will focus on the improvement of the
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Figure 9 Classification accuracy

instance-based classification algorithm for application to heterogeneous tissue, where the classification of different
types of objectsis of primary importance.
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