
I. INTRODUCTION

H IGH-THROUGHPUT screening using automated ßuo-
rescent microscopy is becoming an essential tool to as-

sist biologists in understanding complex cellular processes and
genetic functions [1]. By using the RNA interference (RNAi)
process, the function of a gene can be determined by inspect-
ing changes in a biological process caused by the addition of
gene-speciÞc double-stranded RNA (dsRNA) [2], [3]. The de-
velopment of Drosophila RNAi technology to systematically
disrupt gene expression enables screening of the entire genome
for speciÞc cellular functions. In a small-scale study using man-
ual analysis of genome-wide screening [4], biologists were able
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Fig. 1. Patches of RNAi cell image in the Actin channel with speciÞc pheno-
types. (a) Spiky (S-type). (b) Rufßing (R-type). (c) Actin-acceleration-at-edge
(A-type).

to observe a wide range of phenotypes with affected cytoskele-
tal organization and cell shape. However, without the aid of
computerized image analysis, it is almost intractable to quan-
titatively characterize morphological phenotypes and identify
genes in high-throughput screening. For instance, in a typical
study conducted by our biologists [1], approximately 21 000
dsRNAs speciÞc to the predicted Drosophila genes are robot-
ically arrayed in 384-well plates. Drosophila cells are plated,
and take up dsRNA from culture media. After incubation with
the dsRNA, cells are Þxed, stained, and imaged by automated
microscopy. Each screen generates more than 400 000 images,
or even millions if replicas are included. Clearly, there is a
growing need for automated image analysis as high-throughput
technologies are being extended to visual screens.

The key problem here is to automatically segment cells from
cell-based assays in a cost-effective manner, since fast screen-
ing can generate hundreds of thousands of images in each study
with rather poor image quality. Three main challenges [5], [6]
related to this task are as follows. Firstly, cells with speciÞc phe-
notypes need to be accurately segmented for further analysis.
Samples of the three major phenotypes, S-spikey, R-rufßing,
and A-actin acceleration at edge, to be identiÞed in this study,
are shown in Fig. 1. They are used for the gene clustering and
scoring, and are of particular interest to our biologists. These
shapes are not always convex, and violate the assumption of
many algorithms [7], [8]. Secondly, signiÞcant intensity vari-
ations exist in each cell. Thus, areas inside each cell can no
longer be assumed as homogeneous regions, which cause many
intensity-based segmentation methods fail. Thirdly, cells are
tightly clustered and will not likely show a strong border where
they touch, which makes it difÞcult to separate the cells.

A novel cellular image segmentation scheme for RNAi ßu-
orescent genome-wide screening is presented to address these
challenges. In our biological study, cells are Þxed and stained
with different dyes to investigate the different components of
cells. Each staining is captured by one image channel. The three
channels, Actin, Rac, and DNA, are captured, as shown in Fig. 2.

1089-7771/$25.00 © 2008 IEEE



YAN et al.: AUTOMATIC SEGMENTATION OF HIGH-THROUGHPUT RNAi FLUORESCENT CELLULAR IMAGES 111

Fig. 3. (a) Initialization of the segmentation with nuclei. (b) Segmentation
results using independent level sets. Due to the intensity similarity and the weak
boundaries between cells, it is difÞcult to extract cells without considering the
interaction between them.

directly segment cells from Actin and Rac channels, as shown in
the sample images of Fig. 2. However, nuclei in the DNA chan-
nel are rather clearly imaged, and hence, are relatively easier to
segment, which can then be used to count and position cells in
other channels. Thus, the proposed segmentation scheme con-
sists of two modules. In the Þrst module, segmentation of nuclei
is done by using a modiÞed watershed method. The extracted
nuclei are then used as initialization for the segmentation of cells
in the second module. Since the Rac channel does not contain
much useful information, it is summed into the Actin channel for
cell segmentation to enhance the image contrast for segmenta-
tion. The challenges include weak boundaries between touching
cells and intensity variations in each cell, which may cause many
segmentation methods to fail, as shown by an example in Fig. 3.
In order to deal with this problem, a novel interaction model
characterizing the relationship between neighboring contours
is proposed. The multiphase level set method is employed for
minimizing the associated energy functional, which results in a
robust cell segmentation method. The details of the scheme are
given as follows.

A. Nuclei Segmentation

The Þrst module of our RNAi image segmentation scheme is
for extracting nuclei from the DNA channel. Since the nuclei
appear much brighter than the background in the DNA chan-
nel, as shown in Fig. 4(a), OtsuÕs thresholding method is Þrst
applied to extract all the nuclei. A binary image with nuclei
as foreground is obtained, as shown in Fig. 4(b). However, a
global threshold value may not be optimal for the whole image.
Note that some nuclei close to each other do not get separated
due to the variance of pixel intensity [see Fig. 4(b)]. A higher
threshold may help to separate the nuclei, but it will cause some
other nuclei to be missed or split.

In order to separate the connected nuclei after thresholding,
a distance transform is applied to the binary image, as shown in
Fig. 4(c). It can be seen that ÒbasinsÓ (dark areas) appear inside
the nuclei, and ÒdamsÓ (bright lines) are formed between them.
The watershed algorithm [21] is then naturally employed to label
the nuclei on the distance transform map. However, the simple
watershed algorithm works well only when the shape of nuclei
is exactly circular [22], [23]. Otherwise, multiple watershed
regions may be produced for each single nucleus.

To handle this problem, an enhanced watershed algorithm
is developed. In the Þrst step, an initial classiÞcation of all
points into catchment basin regions is done by tracing points
down to their local minimum, following the path of steepest
descent. Each segment consists of all the points whose paths of
gradient descent terminate at the same minimum. The number of
segments is equal to the number of local minima in the image.
Obviously, too many regions are produced, which results in
over-segmentation. To alleviate this, ßood level thresholds are
established.Flood level is a value that reßects the amount of
prestored water in the catchment basins. In other words, the
ßood level threshold is the maximum depth of water that a region
could hold without ßowing into any of its neighbors. With the
ßood level established, a watershed segmentation algorithm can
sequentially combine watersheds whose depths fall below the
ßood level. The minimum value of the ßood level is zero, and
its maximum value is the difference between the highest and
the lowest values of the input image. In practice, we set the
ßood level as a scaled value between 0 and 1. Thus, the second
step of the algorithm is to analyze neighboring basins and to
compute the heights of their common boundaries for ßood level
thresholds.

The segmentation results of our watershed method are shown
in Fig. 4(d). By combining the results obtained by simple thresh-
olding and the watersheding, touching nuclei can be separated,
such that each nucleus has a unique label. The labeling results
are shown in Fig. 4(e). After the initial labeling, there may be
some small regions caused by noise, which may also be labeled
as nuclei. To eliminate these unwanted regions, the average size
range of nucleus is used as a criterion. Since the resolution of im-
age acquisition equipment is known, the range can be estimated
easily. If the size of a region is much smaller than the average
nucleus size, the region will be considered as one produced by
the noise. It will then be removed or merged into an adjacent
region. Fig. 5 shows an example of the Þnal segmentation results
of our nuclei labeling algorithm.

B. Cell Segmentation

Once nuclei are properly identiÞed, the segmentation of
cells by using the proposed interaction model can pro-
ceed. The interaction involves mainly two types of mech-
anisms: repulsion and competition. The repulsion term is
for separating the clustered cells and the competition is
for deÞning the cell boundaries. These mechanisms are for-
mulated as a new energy functional, which is then mini-
mized by using the multiphase level set method to get cell
segmentation.

1) Interaction Model: Consider an imageI that hasM clus-
tered touching cellsSi(i = 1, . . . , M). Let Ci(i = 1, . . . ,M)
denote the contours that evolve toward the boundaries of the
cells. Instead of examining each contour independently, we in-
tegrate the interaction between neighboring contours into the
segmentation process. The repulsion and competition are de-
Þned as follows.

1) Repulsion: The repulsive force prevents the contours from
overlapping. Since the overlapping of the cell contours
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Fig. 4. Segmenting of nuclei in the DNA channel. (a) Patch taken from an image of the DNA channel. (b) Binary thresholding result of (a). (c) Distance transform
of (b). (d) Result of watershed on (c). (e) Labeling nuclei by combining (b) and (d).

Fig. 5. Removing noise from the DNA channel. (a) Patch taken from an
image of DNA channel. (b) Binary thresholding result of (a). (c) Initial labeling
of nuclei using watershed. (d) Final labeling of nuclei after removing small
regions.

is not allowed, the repulsion needs to be emphasized to
assure that the contours do not cross each other. This is to
say that the union of all the regions{Ai |i = 1, 2, . . . ,M}
enclosed by contoursCi(i = 1, . . . , M) is empty⋃

i �=j

Ai ∩ Aj = ϕ. (1)

2) Competition: Consider a pixelp of the imageI among
several cells. Which cell doesp belong to? The answer lies
in the competition between the evolving contours. In this
paper, the membership ofp is determined by computing
the competition

m∗
i = arg min

i
D(p,mi) (2)

whereD is the difference measure metric and{mi |i =
1, 2, . . . ,M,M + 1} denotes the membership. The back-
ground is indicated as the(M + 1)th region. The pixel
p is assigned to the cell that produces the smallest
difference.

2) Energy Functional: To realize the interaction model, re-
pulsion and competition are formulated by using an energy func-
tional. Cells are segmented simultaneously by minimizing the
joint energy functional. In our scheme, the repulsion can be
naturally formulated as

Erep = ω

M∑
i=1

M∑
j=1,j �=i

Ai ∩ Aj (3)

where the positive parameterω controls the repulsive force be-
tween the contours during the segmentation process.

When formulating the competition energy, the level set rep-
resentation of the well-known MumfordÐShah model is em-
ployed [24], [25]. This model seeks to assign labels to pixels by
minimizing the piecewise constant energy functional. Thus, the
label of a pixel is decided by the competition of the surround-
ing contours and the background. The functional contains two

data attachment terms that penalize the variance of the intensity
inside and outside each object. Thus, it can be used to segment
cells stained with ßuorescent dyes, which appear as regions of
average intensity larger than that of the background. However,
due to the large intensity variation inside the cells, this model
alone is not suitable to segment the cells from the background.
To exploit the gradient information between the cells and the
background, we add a geodesic length measure [26] in order to
snap the contours to image edges. The membership of a pixel
is then assigned by jointly considering the region-based and the
gradient-based competition. Then, we have

Ecom = λo

M∑
i=1

∫
in(Ci )

|I − ci |2dx dy + λb

∫
Ω b

|I − cb |2dx dy

+ µ

M∑
i=1

∫ 1

0
g(|∇I(Ci(q))|)|C ′

i(q)|dq (4)

whereΩb denotes the background, which is composed of the
region outside of all the objects, i.e.,out(C1) ∩ out(C2) ∩ · · · ∩
out(CM ). The operators in() and out() give the regions inside
and outside of an object, respectively. Equation (4) assumes
that the image consists ofM + 1 homogeneous regions,M
cells, and the background. The intensity means of the objects
and the background are denoted byci andcb , respectively, in
(4). Parametersλo , λb , andµ are Þxed weighting parameters.
Functiong : [0,+∞) → R+ is a strictly decreasing function,
which is chosen to be a sigmoid function in our implementation

g(x) =
(
1 + e(

x −β
α )

)−1
(5)

whereα decides the slope of the output curve andβ deÞnes the
point around which the output window is centered.

Combining the repulsion and competition terms, we obtain a
joint energy functionalE for cell segmentation

E = λo

M∑
i=1

∫
in(Ci )

|I − ci |2dx dy + λb

∫
Ω b

|I − cb |2dx dy

+ µ

M∑
i=1

∫ 1

0
g(|∇I(Ci(q))|)|C ′

i(q)|dq

+ ω
M∑
i=1

M∑
j=1,j �=i

Ai ∩ Aj . (6)
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The segmentation is achieved by minimizing the energy func-
tional (6). Explicit parametric active contours can be used to
minimize the energy aforementioned; however, since there are
hundreds of cells in each image, it is extremely complex to
deal with the interaction between them using parametric ac-
tive contours. In this paper, we use an efÞcient multiphase
level set scheme for energy minimization, which is detailed as
follows.

3) Evolution of Multiphase Level Set: In the level set formu-
lation,Ci , the contour of theith object, is embedded as the zero
level set of a level set functionΨi , i.e.,Ci = {(x, y)|Ψi(x, y) =
0}. The level set functionΨi is deÞned to be positive outside
of Ci and negative inside ofCi . The value of the functionΨi at
each point is computed as the Euclidean distance to the nearest
point on the contourCi . Each of theM objects being segmented
in the image has its own contourCi and correspondingΨi .

In order to express the energy functional (6) using level
sets, we Þrst bring in the Heaviside functionH and the Dirac
functionδ

H(x) =
{

1, x ≤ 0
0, x > 0 and δ(x) =

d

dx
H(x). (7)

The inside and outside operators can then be formulated as

in(Ci) = 1 − H(Ψi) and out(Ci) = H(Ψi). (8)

We are then able to express the energy functional (6) using level
sets as

E = λo

M∑
i=1

∫
Ω

|I − ci |2 (1 − H(Ψi)) dx dy

+ λb

∫
Ω

|I − cb |2
M∏
i=1

H(Ψi)dx dy

+ µ

M∑
i=1

∫
Ω

g(I)|∇Ψi(x, y)|δ(Ψi(x, y))dx dy

+ ω
M∑
i=1

M∑
j=1,j �=i

∫
Ω

(1 − H(Ψi)) (1 − H(Ψj )) dx dy (9)

whereΩ denotes the image domain.
The energy functional (9) can be minimized iteratively. In

each iteration, we Þrst Þxci (i = 1, 2, . . . ,M) and cb and
minimize the energy functionalE with respect toΨi(x, y)
(i = 1, 2, . . . ,M). We employ the gradient descent method for
minimization. The evolution equation for eachΨi(t, x, y) is then
obtained by deducing the associated EulerÐLagrange equation
as

∂Ψi

∂t
= δ(Ψi)


λo |I − ci |2 − λb |I − cb |2

M∏
j=1,j �=i

H(Ψj )

+ µ∇g · ∇Ψi

|∇Ψi |
+ νg div

(
∇Ψi

|∇Ψi |

)

+ω
M∑

j=1,j �=i

(1 − H(Ψj ))


 . (10)

TABLE I
PARAMETERSUSED IN THEEXPERIMENTS

Fig. 6. Segmentation of rufßing cells. (a) Patch from the DNA channel shows
the nuclei. (b) Two touching rufßing cells. (c) and (d) Intermediate segmentation
results of the cells. (e) Final segmentation results of the rufßing cells.

After evolving the level sets, the meansci andcb of the regions
can be updated.

The new evolution equation has several advantages that are
particularly useful for RNAi ßuorescent cellular image segmen-
tation. First of all, the overlapping of the evolving contours
is prevented by the repulsion term, which helps to isolate the
touching cells in the dense clusters. Besides that, the information
from both the image intensity and the gradient is exploited by
the new scheme. This helps to separate the cells from the back-
ground and deal with the dramatical intensity variation between
different cells. Furthermore, the fourth term of (10) keeps the
curves smooth, and makes the algorithm more robust to noise.

IV. RESULTS ANDDISCUSSION

In this section, we present our experimental results on the
segmentation of Drosophila RNAi ßuorescent cellular images.
Since each image contains all kinds of cells, Þxed universal
parameters are needed for automatic segmentation. Different
parameter settings are tested, and the one with the best perfor-
mance is then used for the segmentation of all the images. The
values of the parameters used in our experiments are shown
in Table I. It should be noted that our algorithm is not sen-
sitive to the parameters. In our experiments, the performance
of the algorithm varies not more than 5%, when the values of
the parameters change by approximately 25%. Currently, the
segmentation of each image with 1280× 1024 pixels takes ap-
proximately 2Ð3 s on a PC with 3 GHz CPU. The computational
time can be signiÞcantly shortened by using high-performance
computer or parallel computing techniques.

Selected patches of the segmentation results containing cells
with speciÞc phenotypes ÒS-type,Ó ÒR-type,Ó and ÒA-typeÓ are
shown in Figs. 6Ð8 to demonstrate the performance of our algo-
rithm. In Fig. 7, spiky cells are successfully segmented (notice
the spiky edges of the cells). In addition, the tightly clustered
cells are separated, thanks to the interaction model. Further-
more, cells with large intensity variations are extracted, and the
contours are able to stop at the weak boundaries between the
cells and the background, since both image intensity and gra-
dient information is used. Similar observations can be made in
Fig. 8, where segmentation results of ÒR-typeÓ and ÒA-typeÓ
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Fig. 7. Cell segmentation process. (a) Improved image of Actin channel. The nuclei obtained by segmenting the image of DNA channel are marked in different
colors, which are used as the initialization of level sets. (b)Ð(e) Evolution process of level sets. (f) Final segmentation results with spiky cells successfully segmented.

Fig. 8. Cell segmentation process. (a) Improved image of Actin channel with labeled nuclei as initialization. (b)Ð(d) Evolution process of level sets. (e) Final
segmentation results with rufßing and actin cells successfully segmented.

cells are demonstrated. The quantitative performance evalua-
tion was performed by comparing our results to the ground
truth. For comparison purposes, the segmentation results of the
widely used open source softwareCellProfiler [27] on our data
sets were also obtained. The performance of our method and
that ofCellProfiler were then evaluated and compared. InCell-
Profiler, thresholding was Þrst applied to extract cells from the
image. In order to divide the clustered cells, the propagation
algorithm is employed [28]. This method is similar to the wa-
tershed method, but can be considered as an improvement in
that it combines the distance to the nearest nucleus and intensity
gradients to divide cells. However, the cells are divided at the
places most likely with strong gradients.

Fig. 9 shows some randomly chosen image patches and the
corresponding segmentation results of our method. Manual seg-
mentation results from biologists are included as ground truth
for validation. The segmentation results usingCellProfiler with
default parameter setting are also displayed. It can be seen that
our segmentation method outperformsCellProfiler in two ways.
One is thatCellProfiler tends to oversegment the nuclei, where
large nucleus may be divided into several small regions. Since
the segmentation result of nuclei is used to determine the number
of cells in the Actin channel, this directly results in the over-
segmentation of the cells. More cells are produced than there

actually are. The other problem ofCellProfiler is that it tends
to put circular shape constraints on segmentation of each cell.
Thus, it is not able to get the speciÞc cell shapes present in our
data sets. For each cell, the segmented region fromCellProfiler
is normally round in shape with a smaller area than the ground
truth. Thus, compared toCellProfiler, our method obtains better
segmentation results.

In order to quantitatively analyze the performance of the pro-
posed approach, anF -score is employed as our performance
measure. TheF -score is an evaluation measure computed from
the precision and the recall values that are standard techniques
used to evaluate the quality of the results of a system against
the ground truth. LetX denote the segmentation result andY
be the ground truth. The precisionp and recallr are given by

p =
|X ∩ Y |

|X| , r =
|X ∩ Y |

|Y | . (11)

TheF -score is then computed by taking the harmonic average
of the precision and the recall [29]

Fβ = (1 + β2)
pr

r + β2p
(12)

whereβ is the weighting parameter. In order to give equal weight
to precision and recall, a common approach is to setβ = 1, such
thatF1 = 2pr/(p + r).
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cell segmentation method. Promising segmentation results on
RNAi ßuorescent cellular images are presented. In our future
work, we will explore more image information for better cell
segmentation. We believe that the incorporation of more im-
age information, e.g., cell texture, into the interaction model
will lead to a better segmentation performance. In addition, the
proposed method can be extended to other multichannel image
segmentation applications, but not limited to RNAi cellular im-
age segmentation. We will explore the use of our method on
solving other problems of multisource imaging systems.
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