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Abstract - In this paper, a novel algorithm is proposed to
facilitate the automated counting and identification of cell colonies in
a Petri dish. In order to detect all the individual colonies, the
original Petri dish image is converted to a black white version,
after which a distance transform is carried out to highlight the
colony centers. Finally, a progressive erosion approach is adopted to
isolate and identify all the individual colonies. Experiment results
show that the algorithm performs well on practical Petri dish
images.

Index Terms - Digital Image Processing, Automated Colony
Identification, Distance Transform.

| . Introduction

The cell colony formation method is a standard
procedure to determine the growth rate of bacterial cells in
biological experiments. In a typical setting, a certain
number of cells are plated into an agar plate where some
nutrient has been randomly distributed. After some time,
the cells that happen to be in suitable locations would
reproduce and give rise to colonies. Naturally, the number
and distribution of the colonies on the plate provide
important measurements for determining the growth rate of
the cells. Traditionally, this is done through manually marking
each colony that appear on the plate. This task can be eye-
straining, tedious and time consuming. The results thus
obtained also fail to be consistent due to human errors.
Therefore, in recent years, algorithms based on computer vision
have been proposed to complete this task automatically [1],
[2]. Hough transform was employed to effectively count the
single colonies[3]. As an alternative,the authors in [4]
employed an algorithm based on forward scattering to identify
the bacterial colonies. In [5], top hat filtering was utilized
followed by a segmentation algorithm to successfully count
the bacterial colonies on agar plates. However, many of
these algorithms result in high false positive and true negative
rates. There remains much room for performance
improvement.

In this paper, a novel approach is proposed for the
problem of automated counting of cell colonies. The
progressive erosion based algorithm was specifically designed
to address key tech- nical issue such as nonuniform lighting,
overlapping colonies and the interference from the plate
background. Experiment results show that the algorithm yield

satisfactory results.
Il . Program overview

In this section, a brief account of the overall system
design is given. Detailed design in the various stages of the
algorithm will be described in the following sections. The
goal of the program is to count and mark all the individual
colonies in a petri dish. Given a picture as in Fig. 1, the
algorithm aims to automatically mark all the colonies
contained within the plate. The main difficulty of such a task
lies in the presence of the many connected colonies as
shown in Fig. 1. When several colonies are so close as to
be connected to each other, it is important to separate them
before accurately locating them individually and obtaining an
accurate estimate of their total number. Several specialized
image processing procedure have been adopted in this paper to
tackle with this matter. The overall block diagram of the
algorithm is shown in Fig. 2.

Figure 1. Petri dish image
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Figure 2. Block diagram of the algorithm
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111 . Preprocessing

Upon obtaining the original color image of a petri dish
as shown in Fig. 1, the first step in the algorithm is to
convert it to a gray level image. Next, a global threshold
value must be determined to convert the image to a black white
image. Instead of adopting a constant global threshold value,
an adaptive procedure for computing the threshold value
based on the input gray level image is adopted in this paper.
The resulting performance is robust to the variations in the
illumination level of the input image. To compute the optimal
threshold value, let 1g denote gray level image, and let x
denote the pixel intensity values of 1g. The optimal threshold
value u can be computed as follows:
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Where ¢, stands for the mean intensity value of the
pixels whose intensity is greater than u, and c, stands for
the mean intensity value of the pixels whose intensity is
less than u. In effect, the above equation computes the
optimal threshold value such that the intra-class variance
of the gray level intensity is minimized. Therefore, a
conversion to a black white image according to the
computed threshold value would render most of the
colony pixels white while leaving the rest of the pixels
black. The resulting black white image is shown in Fig. 3.
The next procedure is to locate the dish itself so as to
target the recognition part of the algorithm on the area
inside the dish. In order to achieve this, notice that the
dish appears as a very large connected component in Fig.
3. Therefore, all the 4-way connected components in the
black white image Ibw can be computed and the dish
itself can be identified as the largest one among them by
pixel count. The image of the dish thus extracted is
shown in Fig.4. A bounding box of this connected
component can then be computed, which would then yield
the size as well as the center of the dish. At this moment,
all the pixels outside the dish can be set to black, and the
dish itself can be subtracted from the black white image.
As a result, the only remaining white pixels correspond to
the original colonies inside the dish, which make the target
for the recognition part of the algorithm in the next
section.
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Figure 4. Dish located as the largest connected component

IV . Recognition Of Colonies Via Progressive Erosion

Once preprocessing is completed, it is easy to compute
the number and location of the clusters within the dish.
Here a cluster is defined as a group of colonies that are
connected together in the black white image. A typical
cluster is shown in Fig. 5. The next step is crucial to the
overall performance of the algorithm: it is necessary to
separate out all the individual colonies in the cluster and to
identify their location. As shown in Fig. 5, although the
location and number of colonies are apparent to the human
eye, it is impossible to identify them separately based solely
on a measure of pixel connectedness. Therefore, a distance
transform is defined in this section tofa- cilitate a progressive
erosion scheme that is aimed at filtering out the individual
colonies in the cluster.

|
Figure 5. A typical colony cluster




A . Distance Transform

A distance transform is a mapping from all the pixel
locations in the cluster to a real valued function. In this paper,
the distance transform is defined as follows: for each point
within the cluster, its distance function value is defined as the
distance from itself to its closest black point in its
neighborhood. The intuition here is that colony centers
would be assigned large values while peripheral pixels of a
colony would have smaller values assigned to them, even
though they are connected to a nearby colony.
Mathematically, the distance transform can be expressed as:
where (x, y) stands for a pixel position in the cluster and
Ibw stands for the black white image. As a result, colony
centers would have locally maximum values, and peripheral
pixels would have small values. If the result of the distance
transform is scaled to a range of [0,255], this effect can be
visualized with an equivalent grayscale image as shown in
Fig. 6, where the grayscale level of a pixel is proportional to
its distance function value.

Figure 6. Distance transform result

B . Progressive Erosion

The next step is to carry out progressive erosion to
extract the individual colonies inside a cluster. In order to
do this, progressive graylevel thresholding can be applied on
the dis- tance transform image. While increasing the
threshold value, connected components are shrinking and
splitting, resulting in individual colonies being separated out.
Throughout this process, the number and locations of the
individual colonies can be recorded. The progressive erosion
process can terminate when all the remaining colonies in the
cluster drop below a predetermined threshold. The
intermediate results are shown in Fig. 7.
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Figure 7. From left to right: intermediate results of progressive erosion on
the cluster shown in Fig.5

V . Postprocessing

The distance transform and progressive erosion can be
ap- plied to all the clusters in the black white image as
shown in Fig. 5, so that all the individual colonies can be
identified and recorded. Once all the clusters have been
processed, the locations of all the detected colonies can be
marked on the original image to visualize the detection result.
The final result is as shown in Fig. 8.

Figure 8. Final result

VI . Experiments

To verify and test the performance of the algorithm, it
has been applied to a group of ten Petri dish images. Some
of the results are shown in Fig. 9. As can be seen from the
result images, the algorithm performs very well on the test
images.



Figure 9. Experiment result

VI1I . Conclusion

In this paper, a novel algorithm is proposed to
facilitate the automated counting and identification of cell
colonies in a Petri dish. The original Petri dish image is
firstly converted to a black white version. A distance
transform is then carried out to high- light the colony
centers. Finally, a progressive erosion approach is adopted
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to isolate and identify all the individual colonies.
Experiment results show that the algorithm performs well
on practical Petri dish images. In the future, more
sophisticated models of the colony clusters can be built
and incorporated into the algorithm to further enhance its
performance.
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