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Abstract—High throughput genome-wide RNAIi screening is
emerging as an essential tool to assist biologists in understanding
complex cellular processes. The large number of images pro-
duced in each study make manual analysis intractable, hence
automatic cellular image analysis becomes an urgent need, where
segmentation is the rst and one of the most important steps. -
In this paper, a fully automatic method for segmentation of cells
from genome-wide RNAI screening images is proposed. Nuclei
are rgt extracted from the DNA c%annegll by us?ngpa modi ed (@) S-type (b) Rtype (c) Atype
watershed algorithm. Cells are then extracted by modeling the Fig. 1. Patches of RNAI cell image in the Actin channel with cigephe-

interaction between them as well as combining both gradient notypes (a) Spiky (S-type), (b) Rufing (R-type), and (c)tiacacceleration-
and region information in the Actin and Rac channels. A new at-edge (A-type).

energy functional is formulated based on a novelinteraction
model for segmenting tightly clustered cells with signi cant

intensity variance and speci ¢ phenotypes. The energy functiona ; ; ; ;
is minimized by using a multiphase level set method, which typical study conducted by our biologists [1], approxinate

leads to a highly effective cell segmentation method. Promising 21,000 d,SRNAS speci C, to the predicted DI’OSOphI|§l genes

experimental results demonstrate that automatic segmentation are robotically arrayed in 384-well plates. Drosophilalel

of high throughput genome-wide multi-channel screening can are plated and taken up dsRNA from culture media. After

be achieved by using the proposed method, which may also bejncubation with the dsRNA, cells are xed, stained, and

extended to other multi-channel image segmentation problems. imaged by automated microscopy. Each screen generates more

Index Terms—Image segmentation, high throughput, multi- than 400.000 i il if i inetLd

channel, uorescent microscopy, interaction model, level set. an ! |lmages, qr even mifions Irrep |ca§ arel .
Clearly, there is a growing need for automated image arglysi
as high throughput technologies are being extended to lvisua

I. INTRODUCTION screens.

IGH th hout . . ¢ ted The key problem here is to automatically segment cells
H roughput screening using automated UOreSCegt, q||_hased assays in a cost-effective manner, singte fa

. microscopy is.becoming an essential tool to aSSiSt,biOIQéreening can generate hundreds of thousands of images
gists in understanding complex cellular processes andtigene each study with rather poor image quality. Three main

functions [1]. By using the RNA interference (RNAI) proc.essChallenges [5], [6] related to this task are as follows. s

the function of a gene can be determined by inspecti lIs with speci ¢ phenotypes need to be accurately segetent

changes in a biological process caused by the addition f8F further analvsi :
. ysis. Samples of the three major phenotypes
gene-speci ¢ double-stranded RNA (dsRNA) [2], [3]. Thes-spikey, R-rufing, and A-actin acceleration at edge, ® b

development of Drosophila RNAi technology to SyStem‘r’llylc""lidenti ed in this study are shown in Fig. 1. They are used
disrupt gene expression enables screening of the enti[mwnfor the gene clustering and scoring and are of particular
for specic cellular functions. In a small scale study usm%terest to our biologists. These shapes are not alwaysegonv
manual analysis of genome-wide screening [4], biologissew and violate the assumption of many algorithms, e.g., [7]
able to observe a wide range of phenotypes with affect . Secondly, signi cant intensity variations exisi in aelra ,
cytoskeletal organization and cell shape. However, withioe ell. Thus, ar:eas inside each cell can no longer be assumed

?'d of ct(_)tmtputlerled |mtag_e anaIySﬁ, Ilt IS Tlmr?St Ttra(k:lab s homogeneous regions, which cause many intensity based
0 quantitatively characterize morphological pnenotype segmentation methods fail. Thirdly, cells are tightly tdued

identify genes in high throughput screening. For instairce, and will not likely show a strong border where they touch,
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(a) DNA (b) Actin (c) Rac

Fig. 2. Sample RNAi uorescent images of (a) DNA, (b) Actin, af@ Rac channels. Original image of each channel contain® 12824 pixels.

channel, while the cytoplasm of the cell is only availableith high level a priori knowledge of the objects. In this
in Actin channel. The Rac channel contains some auxiliacategory, deformable model based methods have been quite
information. In our scheme, nuclei are rst extracted fronsuccessful, where contours driven by internal and external
the DNA channel and labeled, which are then used as tfuigces evolve in the image until they converge to the bound-
initialization for segmentation of cells in other channéls aries of nuclei or cytoplasm [11], [12]. Since higher level
separate the tightly clustered cells, a model describirgg tknowledge is incorporated in these methods, a more robust
interaction between neighboring fronts is incorporated intgegmentation can be obtained. However, overlapping areas
the segmentation process. The segmentation scheme is timay exist between these evolving contours. To solve this
developed by using multiphase level sets. A new level setoblem, Zimmer et al. [7] introduced repulsive force begwe
propagation scheme is obtained by minimizing the energy@rametric active contours by modifying the edge map of
functional associated with the interaction model. The psggl each contour. However, their method may have dif culty
algorithm is a general image segmentation method, which miay segmenting dense clustered cells, where the edge maps
also be applied to other multi-channel imaging problems. are dif cult to distinguish. Furthermore, it will become e
The rest of the paper is organized as follows. Section ¢dbmplex to use parametric active contours to segment a large
provides a brief review of related work. The proposed ceflumber of cells. Ortiz de Soitzano et al. [13] employed a
segmentation scheme is presented in Section Ill. Section [&el set scheme [14], [15] for segmentation of nuclei ari$ce
provides the segmentation results and discussion, andy,nalEach cell is approximated by a propagation front embedded
Section V concludes the work. in a level set map and the crossing of fronts is prevented
explicitly by considering the position of other fronts. Hewver,
Il. RELATED WORK the gradient curvature ow is not powerful enough to deahwit
A number of methods for nuclei and cell segmentation havtensity variation inside each cell and to divide the cells
been reported in recent years. According to the techniquégir boundaries. The multiphase level set scheme [16]-[19
used, existing methods can be broadly divided into two maitas used by Dufour et al. [8] for segmenting and tracking
categories, low level and high level information based metgells in 3D microscopy images. However, due to the strong
ods. constraints applied in their work for optimization, succes
Methods in the rst category are based on techniquege algorithm has only been demonstrated on segmentation
exploiting low level image features, such as pixel intgnsitand tracking of sphere like convex cells.
and image gradient. Since the watershed method has showrh this paper, a new interaction model is proposed for
to produce good results in separating cells that are coedectsegmenting RNAi  uorescent cellular images. Large number
it is the most commonly used technique for cell image segmegt-tightly clustered cells are successfully segmented by-co
tation in this category. A major problem associated witfséhe bining shape, contrast, intensity, and gradient inforamtby
methods is over-segmentation of the image, although sof@ introduction of the competition and repulsion in the new

algorithms have been proposed to deal with this problem. Rateraction model using the multiphase level set [16], [20]
example, Vidhlby et al. [9] used a rule-based approach for

merging over-segmented regions. Zhou et al. [10] proposed
Voronoi diagram to correct the overlapped regions prodiged
marker-controlled watershed. However, it is dif cult touise In this section, we present the proposed automatic scheme
reliable universal rules to merge the over-segmented megidor RNAi uorescent genome-wide screening segmentation.
in different cases. The situation becomes even worse wheen $ince the number and locations of cells are unknown, it is
intensities vary within a large range. dif cult to directly segment cells from Actin and Rac chartse
The other class of segmentation methods includes thase shown in the sample images of Fig. 2. However, nuclei
exploiting constraints derived from the image data togethim the DNA channel are rather clearly imaged and hence,

IIl. RNAI IMAGE SEGMENTATION
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Fig. 5. Removing noise from the DNA channel. (a) A patch takemmf

an image of DNA channel. (b) Binary thresholding result of. (&) Initial

(b) labeling of nuclei using watershed. (d) Final labeling otleilafter removing
small regions.

Fig. 3. (a) Initialization of the segmentation with nucleida(b) the seg-

mentation results using independent level sets. Due to teesity similarity

and the weak boundaries between cells, it is dif cult to agtrcells without . . .

considering the interaction between them. Each segment consists of all the points whose paths of gradie

descent terminate at the same minimum. The number of
segments is equal to the number of local minima in the image.

relatively easier to segment, which can then be used to co@ttviously, too many regions are produced, which results in
and position cells in other channels. Thus, the proposed seger segmentation. To alleviate this, ood level threstsoide
mentation scheme consists of two modules. In the rst modulestablishedFlood levelis a value that re ects the amount of
segmentation of nuclei is done by using a modi ed watersheute-stored water in the catchment basins. In other words, th
method. The extracted nuclei are then used as initialimatiaood level threshold is the maximum depth of water that a
for segmentation of cells in the second module. Since thegion could hold without owing into any of its neighbors.
Rac channel does not contain much useful information, \i¥ith the ood level established, a watershed segmentation
is summed into the Actin channel for cell segmentation talgorithm can sequentially combine watersheds whose depth
enhance the image contrast for segmentation. The chafient@l below the ood level. The minimum value of the ood
include weak boundaries between touching cells and irtiendievel is zero and its maximum value is the difference between
variations in each cell, which may cause many segmentatittre highest and lowest values of the input image. In practice
methods to fail as shown by an example in Fig. 3. Iwe setthe ood level as a scaled value between 0 and 1. Thus,
order to deal with this problem, a novel interaction modehe second step of the algorithm is to analyze neighboring
characterizing the relationship between neighboring mast basins and to compute the heights of their common boundaries
is proposed. The multiphase level set method is employed for ood level thresholds.
minimizing the associated energy functional, which resiit The segmentation results of our watershed method are
a robust cell segmentation method. The details of the schegtwwn in Fig. 4(d). By combining the results obtained by
are given as follows. simple thresholding and the watersheding, touching nwelei
be separated such that each nucleus has a unique label. The
labeling results are shown in Fig. 4(e). After the initiatbdd
ing, there may be some small regions caused by noise, which

The rst module of our RNAi image segmentation schemgay also be labeled as nuclei. To eliminate these unwanted
is for extracting nuclei from the DNA channel. Since the wiicl regions, the average size range of nucleus is used as aariter
appear much brighter than the background in the DNA chanrgihce the resolution of image acquisition equipment is kmow
as shown in Fig. 4(a), Otsu's thresholding method is rsthe range can be easily estimated. If the size of a region is
applied to extract all the nuclei. A binary image with nuclemuch smaller than the average nucleus size, the region will
as foreground is obtained as shown in Fig. 4(b). Howevése considered as one produced by the noise. It will then be
a global threshold value may not be optimal for the wholemoved or merged into an adjacent region. Fig. 5 shows an
image. Note that some nuclei close to each other do not g&ample of the nal segmentation results of our nuclei laimgl
separated due to the variance of pixel intensity (see Fin)) 4( algorithm.
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 threskgqldirl?' Cell Segmentation
a distance transform is applied to the binary image as shown i Once nuclei are properly identi ed, segmentation of cells b
Fig. 4(c). It can be seen that “basins” (dark areas) appsaten using the proposed interaction model can proceed. Theatier
the nuclei and “dams” (bright lines) are formed between thertion involves mainly two types of mechanismepulsionand
The watershed algorithm [21] is then naturally employed twompetition The repulsion term is for separating the clustered
label the nuclei on the distance transform map. However, thells and the competition is for de ning the cell boundaries
simple watershed algorithm works well only when the shapéhese mechanisms are formulated as a new energy functional,
of nuclei is exactly circular [22], [23]. Otherwise, muligp which is then minimized by using the multiphase level set
watershed regions may be produced for each single nucleusethod to get cell segmentation.

To handle this problem, an enhanced watershed algorithm isl) Interaction Model: Consider an image that hasM

A. Nuclei Segmentation

into catchment basin regions is done by tracing points dovin:::;M) denote the contours, which evolve toward the
to their local minimum, following the path of steepest dedce boundaries of the cells. Instead of examining each contour



@ (b) (© (d) (e)

Fig. 4. Segmenting of nuclei in the DNA channel. (a) A patchetakrom an image of the DNA channel. (b) Binary thresholdinguteof (a). (c) Distance
transform of (b). (d) Result of watershed on (c). (e) Lakgeliuclei by combining (b) and (d).

independently, we integrate the interaction between ieigh that of the background. However, due to the large intensity

ing contours into the segmentation process. The repulsidn azariation inside the cells, this model alone is not suitable

competition are de ned as follows. to segment the cells from the background. To exploit the
Repulsion: The repulsive force prevents the contours frogfadient information between the cells and the background,
overlapping. Since overlapping of the cell contours is ndt¢ add a geodesic length measure [26] in order to snap the
allowed, the repulsion needs to be emphasized to ass@fgitours to image edges. The membership of a pixel is then
that the contours do not cross each other. This is to sa@§signed by jointly considering region-based and gradient
that the union of all the regionBA;ji = 1;2;:::;Mg based competition. Then we have

enclosed by contour€;; (i =1;:::;M) is empty, w Z z
Ecom = il cj%dxdy + il cyjldxd
Ai\ Aj =9 (1) com Oi:1 in(Ci)J J y b bJ J y
6] W Z1
Competition: Consider a pixg of the imagel among o . g(ir 1(Ci(a)j)icAajda; 4
several cells. Which cell dogs belong to? The answer =1

lies in the competition between the evolving contoursvhere ,, denotes the background, which is composed of the
In this work, the membership op is determined by region outside of all the objects, i.eut(C,)\ out(Cz)\ \

computing the competition out(Cy ). The operatorén () andout() give the regions inside
. and outside of an object, respectively. The above equation
m; =argmin D (p;m;); (2) assumes that the image consists Mf + 1 homogeneous

o ) N regions,M cells, and the background. The intensity means
where D is difference measure metric arfiniji = ¢ he ghjects and the background are denotedcbyand
1 2;:::;.M;.M + 1g denotes the membgrsh|p. The .backéb respectively in (4). Parameters,, p, and are xed
ground is indicated as theM(+1)th region. The pixel weighting parameters. Functiog : [0;+1) ! R* is a

p is assigned to the cell, which produces the smallegficty decreasing function, which is chosen to be a sigmoi

difference. function in our implementation
2) Energy Functional: To realize the interaction model, . 1
repulsion and competition are formulated by using an energy gx)= 1+ () ; (5)

functional. Cells are segmented simultaneously by minimgiz
the joint energy functional. In our scheme, the repulsion céf]:
be naturally formulated as t

here decides the slope of the output curve andle nes
e point around which the output window is centered.
Combining the repulsion and competition terms, we obtain

Moo a joint energy functionak for cell segmentation,
Erep = ! A\ Aj; 3 N 7 Z

e E= it aifdxdy+ I aj’dxdy
where the positive parametér controls the repulsive force iz In(Ci) b
between the contours during the segmentation process. w <

When formulating the competition energy, the level set + g(ir 1(Ci(a)j)icAa)idg

representation of the well known Mumford-Shah model is i=1 0
employed [24], [25]. This model seeks to assign labels to XN
pixels by minimizing the piece-wise constant energy func- +! AL A (6)
tional. Thus, the label of a pixel is decided by the compe- =1 j=1j6i

tition of the surrounding contours and the background. THéhe segmentation is achieved by minimizing the energy func-
functional contains two data attachment terms that pemalidonal (6). Explicit parametric active contours can be used
the variance of the intensity inside and outside each abjentinimize the above energy, however, since there are huadred
Thus, it can be used to segment cells stained with uorescesftcells in each image, it is extremely complex to deal with
dyes, which appear as regions of average intensity larger ththe interaction between them using parametric active cwato



In this work, we use an ef cient multiphase level set sche
for energy minimization, which is detailed as follows.

3) Evolution of Multiphase Level Settn the level set
formulation, C;, the contour of thdth object, is embedded
as the zero level set of a level set function, i.e. C; =
f(x;y¥)] i(x;y)=0g. The level set function ; is de ned to
be positive outside of;, and negative inside ;. The value @) () © (@ (€)
of the function ; at each point is computed as the Euclideagy 6. segmentation of rufing cells. (a) A patch from the DNthannel
distance to the nearest point on the cont@yr Each of the shows the nuclei. (b) Two touching rufing cells. (c) and (Ehe intermediate
M objects being segmented in the image has its own cont Jmentation results of the cells. (¢) The nal segmentat@sults of the
Ci and corresponding i. fufing cells.

In order to express the energy functional (6) using level

sets, we rst bring in the Heaviside functidt and the DiraC 4 poth image intensity and gradient is exploited by the ne
function scheme. This helps to separate the cells from the background
H(x) = 1 x 0 and  (x)= EH (): @) and deal with the dramatical intensity variation betweefn di
0, x>0 dx ferent cells. Furthermore, the fourth term of (10) keeps the

The inside and outside operators can then be formulated a@Irves smooth and makes the algorithm more robust to noise.

in(Ci)=1 H( i) and out(C)=H( i): (8)

IV. RESULTS ANDDISCUSSION
We are then able to express the energy functional (6) using, his section, we present our experimental results on

level sets as, the segmentation of Drosophila RNAi uorescent cellular
A images. Since each image contains all kinds of cells, xed
E= o il Gi®(@ H( 1) dxdy universal parameters are needed for automatic segmentatio
i=% Different parameter settings are tested and the one with the
) > best performance is then used for the segmentation of all the
o JboG H( §)dxdy (®)  images. The values of the parameters used in our experiments
7 =1 are shown in Table I. It should be noted that our algorithm
. N . is not sensitive to the parameters. In our experiments, the
* - g(ir 10yl (i y))dxdy performance of the algorithm varies no more than 5% when
% w Z the values of the parameters change by approximately 25%.
+1 @ H( )@ H( ;) dxdy; Currently, the segmentation of each image with 1280x1024
pixels takes approximately 2 to 3 seconds on a PC with 3GHz
CPU. The computational time can be signi cantly shortened
by using high performance computer or parallel computing

i=1 j=1;j6i
where denotes the image domain,

The energy functional (9) can be minimized iteratively. “Pechniques.
each iteration, we rst x¢ (i =1;2;:::;M) and ¢, and
minimize the energy functionat with respect to (X;y) TABLE |
(i =1;2:::;M). We employ the gradient descent method PARAMETERS USED IN THE EXPERIMENTS

for minimization. The evolution equation for each(t;x;y) Sarameter - ,

. . . . 0 .

is then obtained by deducing the associated Euler-Lagrange Value 10 10 08 03 07 20 70
equation as

@, < W Selected patches of the segmentation results containing
L= () Ll G2 bl H( ) cells with speci c phenotypes “S-type”, “R-type”, and “A-
@t : j=1;6i type” are shown in Figures 6, 7, and 8 to demonstrate the
, _ i performance of our algorithm. In Fig. 7, spiky cells are
+rg T + gdiv P successfully segmented (notice the spiky edges of the)cells
Iri gl il In addition, the tightly clustered cells are separated khan
X = the interaction model. Furthermore, cells with large istgn
+! @ H(; )); : (10)  variations are extracted and the contours are able to stiye at
J=1i8i weak boundaries between the cells and the background, since
After evolving the level sets, the meansandc, of the regions both image intensity and gradient information is used. Bimi
can be updated. observations can be made in Fig. 8, where segmentatiortsesul

The new evolution equation has several advantages tbat'R-type” and “A-type” cells are demonstrated.
are particularly useful for RNAi uorescent cellular image Quantitative performance evaluation was performed by
segmentation. First of all, overlapping of the evolvingwams comparing our results to the ground truth. For comparison pu
is prevented by the repulsion term, which helps to isolage tiposes, the segmentation results of the widely used openesour
touching cells in the dense clusters. Besides that, infooma softwareCellPro ler [27] on our data sets were also obtained.
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Fig. 7. Cell segmentation process. (a) The improved image ohAdtannel. The nuclei obtained by segmenting the image of DN#&nnel are marked
in different colors, which are used as the initializationlefel sets. (b)-(e) The evolution process of level setsT(® nal segmentation results with spiky
cells successfully segmented.

@ (b) © (d) (e)

Fig. 8. Cell segmentation process. (a) The improved image ahAttannel with labeled nuclei as initialization. (b)-(dh& evolution process of level sets.
(e) The nal segmentation results with rufing and actin ceBuccessfully segmented.

The performance of our method and thatG#lIPro ler were segmented region froi@ellPro ler is normally round in shape
then evaluated and compared GellPro ler, thresholding was with a smaller area than the ground truth. Thus, compared to
rst applied to extract cells from the image. In order to digi CellPro ler, our method obtains better segmentation results.
the clustered cells, the propagation algorithm is empl¢g28&§ In order to quantitatively analyze the performance of the
This method is similar to the watershed method but can lpeoposed approach, tHe-score is employed as our perfor-
considered as an improvement in that it combines the distaitmance measurer -score is an evaluation measure computed
to the nearest nucleus and intensity gradients to dividis.cefrom the precision and the recall values that are standatd te
However, the cells are divided at the places most likely withiques used to evaluate the quality of the results of a system
strong gradients. against the ground truth. Let denote the segmentation result

Fig. 9 shows some randomly chosen image patches antlY be the ground truth. The precisignand recallr are
corresponding segmentation results of our method. Manygen by:
segmentation results from biologists are included as gtoun _ XNV Y _ XNV Y
truth for validation. The segmentation results usigllPro- X r= ivi
ler with default parameter setting are also displayed. It can b% ) , ,
seen that our segmentation method outperfo@edPro ler T eF—scorg is then computed by taking the harmonic average
in two ways. One is thaCellPro ler tends to oversegmentOf the precision and the recall [29]:
the nuclei, where large nucleus may be divided into several E = 2y Pr |

. . . L =2+ 9) : (12)

small regions. Since the segmentation result of nuclei é&lus r+ 2p
to determine the number of cells in the Actin channel, thishere is the weighting parameter. In order to give equal
directly results in the oversegmentation of the cells. Mm#s weight to precision and recall, a common approach is to set
are produced than there actually are. The other problem of 1, such that~; =2pr=(p+ r).
CellPro ler is that it tends to put circular shape constraints The Fi-scores of our method and th€ellPro ler are
on segmentation of each cell. Thus, it is not able to get tisown in Fig. 10. When computing the scores, 20 sets of
speci ¢ cell shapes present in our data sets. For each bell, tmages are randomly chosen from all the data sets. Since each

11)




Fig. 9. Three sets of segmentation results from the validadata sets. Each row shows the segmentation results of ooé isgges. First column: patches
of DNA channel. Second column: patches of actin channel.dT¢tmfumn: our segmentation results. Fourth column: segmentegsults ofCellPro ler. Last
column: manual segmentation results for comparison. Comparibdtié ground truth, one can see ti@elIPro ler tends to oversegment the nuclei, which
leads to the oversegmentation of the cells. In addit©el)Pro ler tends to put circular shape constraints on cell segmentafioms, it is not able to get the
speci c cell shapes present in our data sets. Evaluatechsigtiie ground truth, our method is able to get better segmemtasults tharCellPro ler.

0.92

09r —o— F1 score of CellProfiler

— F1 score of our method

0.88 x\

0.84

F-score

0.821

0.78

0.74 - L
0 5 10

Data set number

Fig. 10. TheF;-score of our method and th@ellPro ler. Our method gets

a higher score on all the validation data sets.
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20

against the ground truth, th€ellPro ler may have higher
precision values because it produces smaller cells so thst m
of its results are inside of the ground truth. However, it has
very low recall values because a large part of the cells are no
obtained. The precision of the proposed method may not be
as high as th&ellPro ler, but the recall values are generally
much higher. Thus, our method has higher ovefaliscores.

V. CONCLUSIONS

In this paper, we proposed an automatic scheme for segmen-
tation of high throughput RNAi uorescent cellular images.
Since the precision of the following cell analysis largely
depends on the performance of cell segmentation, it is @tgre
importance to have a good segmentation scheme. In this,paper
the proposed automated segmentation scheme starts egract
nuclei from the DNA channel and uses the results as the
initialization for the segmentation of cells from other ohals.

A novel interaction modelwas formulated for segmenting
tightly clustered cells with signi cant intensity variaacand
speci ¢ phenotypes. The energy functional was minimized by

image contains about 10G00 cells, thousands of cells areusing a multiphase level set method, which leads to a highly
segmented and measured in our experiments. It can be seffactive cell segmentation method. Promising segmemntati
that our method gets a higher score on all of the images. Thesults on RNAi uorescent cellular images are presentad. |
can be explained by the results shown in Fig. 9. Evaluatedr future work, we will explore more image information for



better cell segmentation. We believe that incorporatiomofe
image information, e.g., cell texture, into the interaetinodel

will

the proposed method can be extended to other multi-channel
image segmentation applications but not limited to RNA]
cellular image segmentation. We will explore the use of ourf
method on solving other problems of multi-source imaging
systems.
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