
Cell Clustering Using Shape and Cell Context

Descriptor

Allison Mok: 55596627 F. Park E. Esser

UC Irvine

August 11, 2011

Abstract

Given a set of boundary points from a 2-D image, the shape context

captures the distribution of points relative to each point on that shape.

We have applied the shape context descriptor to cancer cell images.

Using the shape context, we clustered a list of cancer cell images into

groups having likewise similar shapes. To do this clustering, we used

the K-means algorithm. From there, we implemented our cell context

descriptor by gathering information about the different intensity val-

ues. In doing so, we divided the cell into polar rectangles, and in each

rectangle, we measured the intensity by counting the number of times

the cell concentration hits a certain value. Afterwards, each partition

is a histogram which sums up all the different values. This applies

concepts from mathematics, computer science, and biology in helping
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quantify early stage cancer cell images. Through this application, we

provide a method of distinguishing cancer cells by means of digital im-

age processing. Afterwards, we hope to combine the contextual and

shape information to help further cluster the possible cancerous cell

images.

Key Terms: quantize, shape context, scale invariance, rotation in-

variance, clustering, K-means
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1 Introduction

Look at the two cell images in Fig. 1 and Fig. 2. To the human

observer, the images appear to be rather similar. However, when

doing pixel-to-pixel comparison, the two images are quite different.

Our objective in this paper is to use the shape information from the

shape context descriptor and the contextual information from the cell

context, with the attaining goal to better cluster different shaped cells.

Figure 1: Cell 1 Figure 2: Cell 2

We approach this as a three-stage process:

1. Gather shape information of stem cells from the shape context

descriptor

2. Gather contextual data of the different intensity values within

each polar rectangle of cell context

3. Combine contextual and shape information to help further clus-

ter cancer cells

Our primary contribution in this work is a simple algorithm for
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finding the overall sum of the different intensity values within the

stem cells of a cell. Two-dimensional shapes can be represented by a

set of boundary points sampled from the output of an edge detector.

The more boundary points we have the better approximations we have

about the underlying shape [4]. Next, we establish a shape descriptor,

known as shape context. The shape context captures the distribution

of points relative to each point on the shape and thus summarizes

global shape in a rich, local descriptor [5, 3]. We apply this shape

context descriptor on a cell image, and can obtain the contextual

information relative to each point. Then, using multiple reference

points, we measure the different stem cell concentration intensities,

by doing a histogram of each partition which sums up all the different

intensity values. Afterwards, we combine the contextual and shape

information to help cluster cancer cells.

The structure of this paper is as follows: In Section 2, we discuss

the shape context descriptor. We describe obtaining shape informa-

tion within the cell using the shape context descriptor in Section 3. In

Section 4, we gather data measuring the different stem cell concentra-

tion intensities. We conclude in Section 5. We discuss possible future

work in Section 6.

2 Shape Context Descriptor

How can we tell Fig.1 and Fig.2 are similar shapes? Well, by using

our shape context descriptor, we are able to capture the distribution
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of boundary points relative to each point and summarizing the global

shape. Afterwards, we can compare the similarity of their shape con-

texts to determine their overall ”similarity.” We can go about this in

a multitude of steps. We first convert the edge elements of a shape

into a set of boundary points, which needs not to correspond to key-

points such as inflection points or minima of curvature [5]. We prefer

to sample these boundary points with roughly uniform spacing. An

example using the shape in Figure 1 is shown in Figure 3(a).

After sub-sampling our coordinates, we compute the Euclidean dis-

tance relative to each point. We then normalize mean distances be-

tween each pair points in the shape, so we can achieve scale invariance.

The shape context definition is invariant to translation, because every-

thing is measured with respect to the boundary points on the shape [5].

We create radial bins that are uniform in log polar space, so as to make

the descriptor more discriminate to closer sample points compared to

points further away [4, 2]. Using the normalized distance information

and the log distance scale, we are able to create a distance matrix and

quantize it. Even though we lose information after we compress the

range of values to a smaller range of values, we use this information

later on. In the distance matrix, bins with higher numbers describe

more points falling within that log(r) distance scale. After binning

the distances, we compute the angles between all points from 0 to 2pi

[2]. Then taking into account the number of theta bins, we create our
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Figure 3: Shape context from two cell data images (a,b) Sub-sampled bound-
ary points (c) diagram of log-polar histogram bins used in computing the
shape contexts. We use five bins for log r and 2 bins for theta. (d,e,f) exam-
ple of shape contexts for reference points. Each shape context is a log, polar
histogram of the coordinates relative to the reference point. The brighter the
intensity, the larger the value is. Compare the visual similarity between the
shape contexts of d and e. Compare the contrast of the shape context of f.

angle matrix and quantize it. After retrieving the distance and angle

matrix, we combine this information into our descriptor. It captures

the number of points in each r, theta bin. It turns our sub-sampled

boundary points, radial bins, theta bins into a rich, local descriptor,

because the information is relative to each point, not just a set origin.

Our shape context is actually our computed log polar histogram.

For any shape matching approach, it should be invariant to scaling

and translation, as well as it being robust under small perturbations

[4]. Translation invariance is inherent to shape context, because all
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measurements are taken with respect to each relative point on the

shape. As we mentioned before, by normalizing all radial distances

between each point pair in the shape, we are able to achieve scale in-

variance [4]. Because shape context is such an abundant descriptor, it

is intrinsically insensible to small perturbations on parts of the shape.

In regards to rotation invariance, this part of the application may

not always be desired because some local features lose their discrimina-

tive power if not measured relative to the same corresponding starting

point, e.g. distinguishing a ”6” from a ”9.” Another disadvantage to

this aspect is that many points will not have dependable tangents.

Nevertheless, we can provide for complete rotation invariance, if de-

sired. One way is to measure angles at each point relative to the direc-

tion of the tangent vector at that point as the positive x-axis. In doing

so, the reference frame rotates with the tangent angle, thus making

our shape context descriptor completely rotation invariant [4, 2, 1].

3 Application of Shape Context De-

scriptor on Cancer Cells

We applied our shape context descriptor on different cell images. We

were given a cell image which had multiple stem cells inside. Then,

we extracted the sub-sampled boundary points to retrieve a log-polar

histogram, which gives us information about the relative location of

these points. We were then able to input this information into the
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K-means algorithm to help cluster the different stem cell shapes. If

two shapes have similar histograms, the two similar shapes will be

clustered into the same group. We used K-means as our clustering

algorithm, because we already knew how many groups the shapes

could cluster into.

Figure 4: 3 Different Stem Cells
Figure 5: Cell Clustering Using Shape
Context Descriptor

In doing so, we successfully clustered the stem cell shapes based

upon their shape context information. However, an issue arises. Look

at Fig. 6 and 7. If we have two cells that have similar boundaries,

but one cell contains a cancerous stem cell and the other does not,

how are we be able to tell the difference? Is there a way to compare

cancer cells to non-cancerous cells by using just boundary information?

Unfortunately, the answer is no. We need contextual information in

order to accurately cluster cancer and non-cancerous cells.

9



Figure 6: Non-Cancerous Cell Figure 7: Cancer Cell

4 Measuring Stem Cell Concentrations

Since we want to measure the different stem cell concentrations, we

can no longer use a binary image. We must take color into account,

and change our cartesian coordinates into polar coordinates. Like be-

fore, we must extract our subsampled boundary points, and cut our

cell image into polar rectangles. We do this because we want to know

the information from each reference point, each particular wedge, spe-

cific radial bins, and from each RGB channel. Because we are using

each relative boundary point, we store all our summed information

into a huge matrix. This way, depending on which reference point,

wedge, radian bin, and channel, it will be relatively easy to locate our

information.

Referring to Fig. 8 and Fig. 9, we created a cell context descriptor

measuring the intensity values. We calculated the total sum of each

color intensity for specific log polar bins. In Fig. 9, we were able to
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Figure 8: Log Polar Rectangles on the
Stem Cell Image

Figure 9: Bar Graph from First Point,
Second Wedge, Third Radial Bin, and
the Red Channel Intensity

graph the red channel intensity from the first point, second wedge, and

third radial bin. With this cell context descriptor, we have successfully

extracted color intensity information from the cell.

5 Conclusion

In conclusion, we were able to cluster our stem cell images using just

our shape context information. We were also able to extract the stem

cell color concentrations from an image. However, when extracting

the boundary for the different stem cells, there is a starting point

issue. This can be solved with fourier transform, because it takes

away the phase information and makes the descriptor starting point

invariant. Nevertheless, because we were able to successfully cluster

different stem cell shapes using only the shape context information

and extracted contextual information from a cancer cell image.
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6 Future work

For future work, if we can combine the contextual and shape infor-

mation and input that into the K-means algorithm, we might be able

to better cluster the cancer cell data. We must also learn what the

cancer cell data means. If we are able to accomplish all of this, we

could possibly differentiate cancer cells and non-cancerous cells using

our shape and contextual information. This could be a powerful de-

scriptor, because it has the potential to distinguish between shapes

that cannot be distinguished using shape context information alone.
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