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A System for Automatic Cell Segmentation of
Bacterial Microscopy Images

Eric Battenberg and Ilka Bischofs-Pfeifer

Abstract—We explain a system for automatic cell segmen-
tation that uses Matlab and the free DIPImage package...

Index Terms—image processing, computer vision, seg-
mentation, bacteria

I. Introduction

IN order to process the large number of bacterial mi-
croscopy images produced by the Subtilis group at the

Arkin Lab, we have developed an automatic cell segmen-
tation system with the help of Matlab and the DIPImage
toolbox. As with any segmentation system, we desire that
the area containing each individual cell be clearly identi-
fied. In addition, error rate, execution speed, and amount
of user intervention are important factors.

Our approach combines many existing techniques that
are suitable for our specific application. The signal-to-
noise ratio of typical test images, shape of B. Subtilis cells,
and the structural characteristics of the microscopy images
are exploited to make the system more effective.

The system uses a three step approach. First, clusters
of cells are segmented from the background. Then the
individual cells are segmented within each cluster. Last,
segments containing multiple cells are split based on the
shape of the segment. Prior to the segmentation steps,
a preprocessing routine is used to remove noise and fix
contrast and lighting.
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Fig. 1. The System

II. Motivation

The motivation behind the development of this system
comes from the lab’s need for automatic processing of the
many microscopy images produced in experiments with the
bacteria B. Subtilis. Also, a lack of a freely distributed bac-
terial segmentation system is of equal concern. The system
is written as a Matlab class with the help of the image pro-
cessing toolbox DIPImage (free for non-commercial use).
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The use of DIPImage makes the purchasing of expensive
Matlab toolboxes unnecessary.

In our lab, the system will be used to acquire a clean seg-
mentation from phase contrast or bright field microscopy
images and then use the segmentation regions as a mask
for measuring the intensity of different fluorescent proteins.
Eventually, we hope to augment the system to be used in
video lineage tracking as well.

III. Preprocessing

The proprocessing step uses some interesting techniques
that are tailored to improve the effectiveness of the spe-
cific type of segmentation methods used in the later steps.
After the input image is read into memory, its intensity
values are linearly stretched between 0 and 255. Any float-
ing point precision present in the input is retained. The
stretching is done so that common parameters can be used
for all images of all intensity ranges. If necessary, the im-
age is inverted in order to make the cells of higher intensity
than the background. Then a power-law transformation is
applied to increase contrast in the bright cell regions.

Following the contrast operations, homomorphic pro-
cessing is used to compensate for uneveness in lighting [1].
This technique relies on the luminance times reflectance
model of image formation. To filter out the luminance por-
tion of the product, we take the log of the image to allow
for a simple linear separation of the two components. By
subtracting a version of the image strongly blurred with
a Gaussian kernel, we can eliminate much of the slowly
varying luminance component of the image. The process
is completed by taking the exponentiation of the resulting
image.

Denoising is accomplished using the Vincent Dome
Transform [2], or h-dome, as suggested by Kutalik [3].
This transform is a morphological process that relies on
the greyscale reconstruction operator. If the input im-
age is viewed as a topographical surface, the transform
removes domes up to a certain specified height. The re-
moved domes then leave behind a flat surface. Since the
allowed removal height is chosen to be much less than the
difference between cell intensity and background intensity,
the transform preserves the structural edges of the cells
while removing smaller variations caused by noise and in-
ternal cell structure. The preprocessing is completed after
a 3x3 median filter (a nonlinear filter effective in the re-
moval of salt and pepper noise) is used to clean up any
large noise spikes that were not removed by the previous
transform.
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Fig. 2. Input image and preprocessed image

IV. Background Segmentation

Background segmentation is done using edge detection
and region growing. Because a sharp increase in intensity
exists around the edges of a dark cluster of cells in phase
contrast images, the top hat morphological operator is used
to detect cluster edges [1]. The top hat transform is used
for enhancing detail and detecting convex objects smaller
than a certain size. The threshold for the edge detector is
automatically chosen using the Otsu algorithm [4] which
uses the image histogram to minimize the variance above
and below the threshold.

After the edges are detected, the skeleton morpholog-
ical operator is used to shrink the think edges down to
thin border lines. These border lines now define the sep-
aration between the cell clusters and the background. To
separate the background from the clusters, we first define

background seeds that are grown but constrained by the
border lines. The background seeds are chosen to be ar-
eas that are less than some background threshold. This
threshold is chosen automatically to be the mean of the
image, but can be manually chosen as well. The resulting
seed areas are then morhologically eroded a few times to
reduce accidental overlap with cell clusters.

A fill routine that employs binary propagation is used to
grow the seeds until they hit the cluster borders. Inverting
this filled region results in a binary image containing the
cell clusters.

One problem with this approach is that filling in this
manner includes small internal gaps in the cell clusters.
Our solution is to use a smaller threshold to locate the
extremely dark internal gaps within the clusters. These
gaps are then eliminated from the cluster image.

Lastly, clusters smaller than a certain size are removed
from the binary image.

Fig. 3. Clusters segmented from background

V. Cell Segmentation

Our next task is to segment invidividual cells within each
cluster. Again, the basic idea behind this task is seed selec-
tion and region growing. A separate seed is define for each
cell, and the seeds are expanded using the seeded water-
shed algorithm [5]. The seeded watershed algorithm works
very well given that the seed are chosen correctly, so seed
selection becomes our primary concern.

To define the seeds, we again use the top hat transform
to detect edges. The edge threshold is the important pa-
rameter here. By default, we have chosen to use the Otsu
threshold of the top hat image. While this threshold pro-
vides acceptable results for a completely automatic seg-
mentation, it frequently causes an undersegmentation of
the cells. Because of this, a manually chosen edge thresh-
old for each set of images with similar statistics is desired.
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By decreasing the threshold, segmentation tolerance is de-
creased – meaning more segments will be found – and in-
creasing the threshold causes less segments to be found.

After the edges between cells are detected, the fill rou-
tine is used to fill the inside of the detected edges. This
routine also eliminates the edges themselves from the re-
sulting binary image, so we hopefully end up with a bunch
of separate seeds located at the center of each cell. If the
edge threshold is chosen to be too low, details within each
cell will be detected as edges which could result in multiple
seeds being found within a single cell. If the threshold is
chosen to be too high or a weak separation exits between
cells, a single large seed may end up spanning two or more
cells. In either case, manually adjusting the edge threshold
until a good segmentation is attained is all that is required.
A threshold arrived at in this manner will usually suffice
for all similar images captured under the same conditions.

Following seed selection, we use the seed watershed algo-
rithm. The watershed algorithm [5] is an important tech-
nique used in image segmentation. To understand the al-
gorithm, we first must picture a 2D image as a topologi-
cal intensity surface with bright regions at higher altitude.
Within this surface, we can visualize water being pumped
into each local minima. As the water rises, the water com-
ing from two separate local minima may eventually merge
into one body of water. To prevent this we build a levee,
or watershed, between the two bodies of water. This filling
process is continued until all possible watershed lines are
drawn in the image. These lines can then be used as seg-
mentation boundaries. The problem with this, however,
is the obvious oversegmentation that arises when lines are
drawn between all adjacent local minima.

The solution to this is the seeded watershed algorithm.
This process differs from the original algorithm in that wa-
ter is only pumped in at each seed location rather than at
every local minima. Watershed lines are drawn to prevent
the merging of the bodies of water belonging to two sepa-
rate seeds. In this way, cell boundary lines can be drawn
and each seed can be grown out to its boundaries.

The actual surface image we use in this seeded watershed
process is our top hat transformed image which possesses
stronger edges and less brightness variation than our orig-
inal image. The output of this process is an image com-
prised of integer values which label the region containing
each separate segment.

VI. Postprocessing

In the postprocessing stage, we wish to correct under
and oversegmentation. In both cases we attempt to correct
the initial seeding and then regrow the segments from the
new seeds. Automatic correct is the first step. This step
uses a convex hull segment spitting algorithm devised by
Kutalik [3]. Following automatic correction, an optional
manual reseeding step can be taken.

A. Automatic

To automatically divide undersegmented cells, we use
Kutalik’s convex image segmentation algorithm [3]. This

Fig. 4. Segmented cells

Fig. 5. Segments overlaying input image

algorithm uses the shape and convexity measure of a seg-
ment to draw a rupture path through the undersegmented
region. It is particularly useful considering the shaping
of bacterial cells and the typical arrangement of adjacent
cells.

The algorithm first calculates a transformed image for
the segment in question which is the distance between the
border and the convex hull of the segment at each point.
This new image is used to calculate a rupture path which
divides the segment in two. The algorithm relies on the fact
that the intended rupture path is made up of points that
are each a local maximum in the direction perpendicular
to the path.

Once the path is decided upon, the original segment can
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be divided in two. For our purposes, though, we apply this
algorithm to the seeds rather than the actual segments.
The convexity of segments in our images is not usually
great enough to ensure an accurate division. We also found
that bridges between merged seeds are usually very thin
making divisions more accurate.

To run this algorithm on every seed would take a very
large amount of time. To narrow down the field, we use re-
quirements on the Podczeck shape descriptors of each seg-
ment [6]. Once suspect segments are identified, the seeds
corresponding to them are handed to the convex hull split-
ting algorithm. The newly separated seeds are used (along
with the unchanged seeds) to regrow the regions using the
watershed algorithm.

B. Manual

To correct any glaring errors in the automatic segmen-
tation, we have included an option to manually reseed seg-
ments. Using the Podczeck shape descriptors again, sus-
pect segments are shown to the user who can then locate
each seed using the mouse.

After all the segments in question are presented, the user
can click on any segment to zoom in and then correct any
seeds in the immediate area. We do not expect this manual
reseeding operation to be used much – especially in video
applications where a highly automated process is desirable.
However, when the highest level of accuracy is required, the
user may have to take this step.

VII. Future Additions

While this system is fairly complete for simple bacterial
cell segmentation, it must be augmented to actually gather
scientific data from each segment. In the near future, we
hope to implement interimage alignment and fluorescent
channel measurements to be used in detecting the expres-
sion of certain proteins within each cell. We also hope to
develop a lineage tracking system that utilizes the segmen-
tation capabilities of this system.

VIII. Conclusion

The bacterial segmentation system presented here is tai-
lored to the specific nature of the images and cells used in
our experiments. Bright field and phase contrast images
are the primary image types used to produce a good seg-
mentation mask.

Each of the Matlab functions that comprise the system
contain their own documentation. A sample script that
uses the functions as intended is also available.
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