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Abstract - Automatic segmentation of cell nuclei is an es-
sential task in a variety of biomedical applications. However,
performance is variable, being typically around95% correct
detection of nuclei depending on the degree of clustering.
Furthermore, work to assess and optimize the segmentation
accuracy of each nucleus is in its infancy. In this study we
developed an algorithm intended for segmentation of clus-
tered nuclei. It integrates gradient magnitude and direction
information to achieve robust detection of nuclei and utilizes
dynamic programming for highly accurate delineation of de-
tected nuclei. This is the first time that dynamic programming
has been used for automatic segmentation of cell nuclei. We
achieve precise segmentation of97% of the detected nuclei.

Index Terms— segmentation, dynamic programming, gra-
dient information

1. INTRODUCTION

Several cell biology applications require automated, robust
and accurate segmentation of individual cells and cell nuclei
in 2D cell culture assays. Measurements of the segmented
objects are then used to quantitatively answer the underlying
biological hypothesis. The types of measurement are applica-
tion dependent and can range from simple (counting number
of cells or cell nuclei) to complex (degree of elongation or
spatial patterns of protein expressions etc.). The former in-
cludes applications like screening candidate pharmaceuticals
to study the efficacy for cell killing or arresting proliferation
and detecting rare events (e.g. stem cell detection). The latter
includes applications such as calculation of DNA sequence
copy number variation from cell to cell for detection of mu-
tated cells [1] and analysis of the spatial positioning of DNA
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sequences in individual cells [2].
Segmentation of cells and cell nuclei from confocal mi-

croscope images is a widely studied topic and over the past
decade several methods have been proposed for (semi-) au-
tomatic segmentaion of cell nuclei in 2 and 3-dimensions.
Popular techniques for cell nuclei segmentation are those us-
ing thresholding [3], gradient based methods [4], the wa-
tershed algorithm [5] [6] [7], level sets [8], dynamic pro-
gramming [9] [10], active contours [11] [12] and surfaces
and various other pattern analysis and machine learning algo-
rithms [13]. The most accurate segmentation algorithms are
those that optimally combine image information withapriori
knowledge about the size and shape of the objects of interest.
Overall, irrespective of the application, segmentation should
be accurate, robust and automatic since it is the first step be-
fore quantitative analysis.

However, current segmentation algorithms achieve vary-
ing performance (from90% to 99%) in terms of accurate de-
tection of cell nuclei depending on the degree of clustering
and noise variations. Although this level of performance is
satisfactory for some applications, improvements in termsof
automation is still warranted in order to increase throughput
and reduce human verification. Additionally, assessment of
the segmentation accuracy is seldom undertaken and ways to
optimize the boundaries has not been rigorously investigated.

The goal of this work is to develop an automatic segmen-
tation of cell nuclei which achieves accurate boundary de-
lineation in the presence of considerable background noise,
shading graylevel variations and clustering of cell nuclei. We
achieve this goal by combining gradient vector information
for robust detection with dynamic programming (DP) [9] for
accurate delineation. DP is a widely used and efficient search
algorithm which finds the path between two points that glob-
ally maximize or minimize a cost function. When the cost
function measures edge strength of an object, the resulting
path is a highly accurate and robust delineation of the object.
However the path is subject to the curvature constraint that
the Euclidean distance to the end point must always decrease
when proceeding from the begining to the end. This prevents
DP being used in a direct way to segment objects because the
path cannot be a loop returning to the starting point. The solu-
tion to the problem is to transform the Cartesian image of the



1. Preprocessing

2. Gradient Vector Calculation

3. Thresholding To Identify Boundary

Regions

4. Breaking Thresholded Magnitude
Image Into Regions To Identify

Seed Points

5. Unique Seed Point And Corresponding

Mean Radius Estimation
Boundary Point Identification And

6. Boundary Determination Using

Dynamic Programming

Fig. 1. Flowchart illustrating steps for automatic segmenta-
tion

object into a polar image where the origin of the polar image
is a point inside the object. This converts an object’s bound-
ary to a path fromθ = 0o to θ = 360o which DP can find.The
only constraint following the transformation is that the object
must be point convex [9]. Mathematically we express the
minimum of the cost function that defines the optimal bound-
ary around the object as

min
{p}

[

∑

θ

IGM

(

θ, rp(θ)
)

]

(1)

whererp(θ) is the radial coordinate of the pixel on the
pathp at θ andIGM

(

θ, r
)

is the intensity at(r, θ) in the gra-
dient magnitude imageIGM .

The organization of the paper is as follows. Section 2
describes and justifies the step by step procedure for segmen-
tation. Section 3 presents the results of testing the method
on datasets of DAPI-stained nuclei. The discussion, section 4
emphasizes the strengths of our method and indicates direc-
tions for further enhancement.

2. METHOD

Figure(1) is a flowchart that illustrates the steps followedin
the procedure. Segmentation commences with image filter-
ing to reduce noise (Box 1). This is followed by detection
of multiple pairs of seed and boundary points corresponding
to possible nuclei (Box 2,3 and 4). Each seed and boundary
point pair is used by the DP to calculate an optimal region
corresponding to candidate nucleus. Three or more regions
that overlap in area by more than90% are taken as the final
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Fig. 2. (a) Original DAPI channel (b) DAPI channel after the
preprocessing step (c) X-Derivative image (d) Y-Derivative
image (e) Magnitude image (f) Gradient direction image (g)
Thresholded magnitude image (h) Processed quadrant image
after breaking up the large pieces (i) Grouped seed points
identified and connected to the boundary points (j) Final seg-
mented image

segmentation of a nucleus (Box 5 and 6). The subsequent sub-
sections explain each step of the algorithm in more details.

2.1. Preprocessing

Microscope images are noisy and often have a lot of back-
ground variations making it difficult to analyze them. Hence
it is necessary to clean up the images before segmentation.
We apply Gaussian filtering to reduce the noise and then ap-
ply a corner preserving anisotropic filter to enhance the edges
of the nuclei. Since the gradient calculation itself is verysen-
sitive to high frequency noise, this procedure helps obtaina
cleaner gradient vector image in the next step. Figure 2(a)
shows the original DAPI channel and Figure2(b) shows the
DAPI channel after the preprocessing step.

2.2. Gradient Vector Calculation

Our segmentation algorithm combines apriori information that
nuclei are convex with image information that nuclei are high
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intensity objects on relatively dark backgrounds. This trans-
lates into approximate nuclear borders being associated with
high gradient magnitudes directed towards the center of the
nucleus. Therefore the first segmentation step is calculation
of the gradient magnitude and direction of each pixel from
the preprocessed DAPI image using a Gaussian derivative fil-
ter. Figure 2(c) shows the derivative in x-direction( ∂I

∂x
) and

Figure 2(d) in the y-direction( ∂I
∂y

). The gradient magnitude
and direction images are computed by combining the gradient
images in x and y directions.
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where I is the preprocessed grayscale DAPI image.
Figure 2(e) and 2(f) showIGM andIDir respectively.

2.3. Thresholding to identify boundary regions

In the gradient magnitude image the regions near the nuclei
boundaries have very high intensity relative to background.
However gradient magnitudes of both background and ob-
jects vary across the images. Consequently the boundary re-
gions of the nuclei are extracted from the magnitude image
by automatic, parameter free block thresholding that calcu-
lates thresholds that vary across the image [5]. This helps us
to reliably extract the boundary regions even in the presence
of considerable background intensity variations. The thresh-
olded magnitude image is shown in Figure 2(g).

2.4. Breaking thresholded magnitude image into regions
to identify seed points

The goal here is to identify several seed points near the center
of each nucleus. This is done by first detecting contiguous

regions with gradient directions in quadrants with range 0 to
π/2, π/2 to π, π to 3π/2 and 3π/2 to 2π radians (Figure
3(a)). In most cases, neighboring regions from the 4 quad-
rants correspond to single nuclei (Figure 3(b)). Larger regions
however might correspond to more than one nucleus. There-
fore large regions are automatically identified and split. This
is done by first grouping all regions into 3 clusters based on
size using K-means clustering [15]. Regions in the 2 larger
clusters are split into smaller angular ranges. At this stage
each region corresponds to a single nucleus in virtually all
cases (Figure 2(h)). If we have a nearly circular isolated nu-
cleus we will get four magnitude regions corresponding to the
four quadrants in the phase image as shown in Figure 3(b).
We take advantage of this pattern to identify the regions where
a nuclei is present. Other nuclei may have more or fewer than
4 regions surrounding them, but this does not present a prob-
lem. In the next stage, an initial seed point inside a nucleusis
determined from each region, using the maximum and mini-
mum x and y coordinates of the region as the coordinates of
the seed point (Figure 3(b)).

2.5. Unique seed point, corresponding boundary point iden-
tification and mean radius estimation

In this step we calculate a unique seed point for each nucleus,
corresponding boundary points and estimate the mean radius
of nuclei in the image. A unique seed point is calculated by
grouping together initial seed points that are closest to the
same 4 regions corresponding to 4 different quadrants. The
coordinates of the unique seed point are the mean coordinates
of the grouped initial seed points. Next, for each unique seed
point, its corresponding regions are used to calculate bound-
ary points. For each region the gray weighted distance trans-
form (GWDT) [14] is calculated and the pixel with the max-
imum value is taken as the boundary point. The overall mean
radiusr̄ for the nuclei in the image is calculated as the mean
distance from each boundary point to its unique seed point. In
a final step we find revised seed points corresponding to each



INITIAL SEED POINT PLACEMENT

for (each magnitude piece)
Place inside seed point using gradient direction information and coordinates of the region

end
GROUPING SEED POINTS

for (each seed point)
Find the spatial neighbors and form groups having same neighbors

end
MEAN RADIUS ESTIMATION

for (each group)
Find boundary points using gray weighted distance transform
Find distance between seed point and boundary points

end
FIND OVERALL MEAN RADIUS

REALLOCATION OF SEED POINTS USING MEAN RADIUS

for (each magnitude piece)
Refine seed point using gradient direction information and mean radius information

end

Table 1. Steps in identifying inside seed points and mean radius estimation by seed point grouping

region utilizing r̄. This is done for each region by locating
the pixel at a distance equal tōr from the maximum value in
the GWDT and in the direction of the quadrant(π/4, 3π/4,
5π/4 or 7π/4). Figure 2(i) shows the unique seed points in
the sample image connected to the corresponding boundary
points. Table 1 shows an overview of the method for identifi-
cation of the revised seed points.

2.6. Boundary determination using Dynamic Programming

Dynamic programming (DP) is used to calculate multiple bound-
aries around each nucleus. Each boundary utilizes one of the
previously determined boundary points and the corresponding
revised seed point. The DP search is restricted to a distance
4r̄ from the seed point. Figure (4) illustrates the method. To
find a unique boundary around each nucleus, the overlap of
the areas enclosed by the multiple boundaries is calculated. If
the overlap of at least 3 boundaries is more than90% the areas
are merged using the binary ’OR’ operation. This results in
a very high confidence of a correct segmentation and nuclei
with uncertain boundaries omitted. Final segmentation image
is shown in Figure 2(j).

3. EXPERIMENTS AND RESULTS

We tested the segmentation results on 8 datasets of images of
cultured cell nuclei labeled with DAPI. Each dataset comes
from a different sample and between 3 and 9 images were ac-
quired from each sample, resulting in approximately 250 nu-
clei imaged per sample. In all the datasets the algorithm gave
comparable results inspite of the fact that there were some
significant differences between the datasets. In some of the

datasets the nuclei were distributed sparsely throughout the
image while in some other datasets they were clustered to-
gether. None of the parameters in the algorithm had to be
changed for segmentation in the 8 datasets. The method has
the ability to segment the nuclei clusters to a high degree of
accuracy. Figure 5 shows some of the representative images in
the datasets with the segmentation results shown in the form
of the yellow border around the nuclei. An unique feature of
the algorithm is its ability to segment overlapping nuclei as
indicated by the red boxes around a few examples in Figure
5.

For all the datasets we have manually counted the num-
ber of nuclei in each of the images and have compared it with
the number of nuclei detected by our segmentation algorithm.
The details about the datasets and the segmentation results
are presented in Table 2. The average detection rate across all
the datasets is93.33%. The most important result is a high
positive predictive value of97.3% indicating that only3% of
detected objects are not nuclei. Hence we see that the algo-
rithm has a very high detection rate across different datasets.

4. DISCUSSION AND CONCLUSION

In this paper we have presented an automatic method for seg-
mentation of cell nuclei. The main idea of this method is to
make it as simple and intuitive as possible so that it retaines its
generality and does not overfit the datasets that we have used
in our experiments. In that way we can apply this method
in a number of applications without loss of accuracy. Utiliz-
ing gradient vector andapriori shape information makes the
method highly reliable for detecting clustered nuclei. Fur-
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Final segmentation in Cartesian coordinates.

Dataset Number Manual count Automatic count Percentage count PPV

1 272 231 84.93 96.6
2 225 203 90.22 98.5
3 242 221 91.32 99.6
4 208 206 99.04 99.5
5 262 252 96.18 97.7
6 250 234 93.6 92.0
7 215 213 99.06 97.7
8 350 323 92.29 97.0

Total / Average 2024 1883 93.3 97.3

Table 2. Table showing the experimental results on 8 datasets used

thermore dynamic programming results in optimal borders
around objects that are highly robust against noise and com-
pensates for the inaccuracies caused by automatic identifica-
tion of inside seed points and boundary points. The method
incorporates a number of other important features. It uses
block thresholding to negate the effect of background varia-
tions to a considerable extent. The process of breaking up the
gradient direction and magnitude into 4 quadrants based on
angular direction instead of considering each pixel individu-
ally adds to the robustness of the system because it utilizesthe
image information in an integrated way. A unique property of
our method is that we obtain multiple priliminary segmen-
tations of each nucleus, which we combine into an optimal
segmentation. This leaves us free to adjust the criteria for
combining trial segmentations, for example the percentageof

overlapped area. By applying more stringent constraints we
can be more selective about which segmentations are consid-
ered correct. This allows us to increase the PPV at the price of
reducing the proportion of nuclei detected. This is valuable in
many applications where highly reliable segmentation is ben-
eficial while there are ample nuclei available for analysis.
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Fig. 5. Figure showing one sample segmented image from each of the datasets. The red boxes show correct segmentation of
overlapping nuclei.


