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Abstract

We present a segmentation method for live cell images,
using graph cuts and learning methods. The images used
here are particularly challenging because of the shared
grey-level distributions of cells and background, which only
differ by their textures, and the local imprecision around
cell borders. We use thePn Potts model recently presented
by Kohliet al. [9]: functions on higher-order cliques of pix-
els are included into the traditional Potts model, allowing
us to account for local texture features, and to find the op-
timal solution efficiently. We use learning methods to de-
fine the potential functions used in thePn Potts model. We
present the model and the learning methods we used, and
compare our segmentation results with similar work in cy-
tometry. While our method performs similarly, it requires
little manual tuning and thus is straightforward to adapt to
other images.

1. Introduction

Recent advances in Computer Vision have allowed com-
plex energy minimization algorithms to efficiently use
graphical models such as Markov Random Fields (MRF)
and Conditional Random Fields (CRF) for image segmenta-
tion. Such Random Fields usually only include information
from single pixels (asunary potentials) and pairs of pixels
(pairwise potentials), and have been used in medical imag-
ing [5]. Such potentials are not suitable for representing
texture features though. An approach to include texture in-
formation in the graphical model used relies on higher-order
cliques (i.e. groups of more than two pixels): more complex
potentials can be defined this way, at the cost of increasing

the graph complexity. An algorithm to solve such complex
graphs efficiently has recently been proposed by Kohliet
al. [9], for a certain class of higher-order clique potentials,
called thePn Potts model. In this article we present our
application of this framework for the segmentation of live
cells images. We use learning methods on texture classifi-
cation to define the higher-order clique potentials.

Live cells imaging is used in many medical applications,
such as gene expression studies or drug tests. By taking
snapshots of a sample of living cells using light microscopy,
a population of cells can be imaged in controlled conditions
over several generations. An application is the estimation
of cell population growth and cell division rate. This can
be achieved by segmenting all cells in images, and mea-
suring the change of segmented areas over time [7]. With
this method, cells merged in clusters do not have to be seg-
mented individually, which is known to be a difficult prob-
lem [11, 12, 14, 15], as only the area of the population of
cells matters. Significant work in cytometry focuses on
the segmentation or identification of individual cells, and
the tracking of live cells [14, 15], which are different prob-
lems. Other means of image acquisition, such as fluorescent
or colour microscopy, result in different segmentation con-
straints and are not applicable in our context.

An example of an image of live cells is shown in Fig.1.
It illustrates the variations of geometric and texture features
among cells. In particular, while some cells are small, bright
and round (when in interphase), most are elongated and
concave, with sharp corners, and contain all levels of pixel
intensities; the background is generally smooth and uni-
form, but contains small-size dark debris and shows cross-
image intensity variations. Such significant variations are
not accounted for by many of the other segmentation meth-
ods used in cytometry, based on low-level vision, watershed
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Figure 1. Image of live cells to be segmented. Characteristics that
make segmentation difficult are indicated by numbers: (1) pixel
values in cells span over the whole range of intensities, (2) cells
can be locally hardly distinguishable from background, (3) cells
in interphase appear as saturated bright small circles, (4) the back-
ground is medium grey, affected by cross-image variations (com-
pare 4a and 4b) and by (5) small dark debris noise.

or active contours [1, 3, 11, 12, 15]. They are also challeng-
ing to encode in simpleMRF with unary and pairwise poten-
tials, as features based on single and pairs of pixels hardly
discriminate between cells and background. The closest
work to ours is by Heet al. [7], where a learning method is
used to locate the cells’ boundaries, which are then refined
with multi-step refinement and smoothing. The method
we present achieves similar results, but with a single-step
segmentation method, theoretically well-grounded, requir-
ing fewer parameters, and more straightforward to adapt to
other images. Another issue, common in medical imaging,
is the imprecision of cell borders, due either to fading in-
tensities or similarity with background, which makes the
definition of a ground truth for segmentation intrinsically
ambiguous.

We propose an application of the higher-order-clique
basedPn model by Kohli et al. [9]. We use a Bayesian
classifier to define the pairwise potentials, and train feed-
forward neural networks [4] for the clique potentials, using
texture features from [8, 13]. In Section 2 we present how
an image can be segmented by minimizing unary and pair-
wise potentials on a graph, and how the clique potentials are
added to the model. We detail in Section 3 the learning pro-
cess used to define the potentials, and present quantitative
results on segmented images in Section 4.

2. Segmentation by inference using a Pn Potts
model

2.1. Binary segmentation as a graph cut

Our goal is to segment an imageI into two categories,
foreground (cells) and background, which can be seen as a

binary labelling of the image. A common approach is to
form a MRF or CRF from the image. A node is created to
represent each pixel, and nodes of neighbours pixelsp and
q ∈ Np are connected. Each pixel nodep is assigned an
energy depending on its labellingSp, and the link between
p andq is assigned an energy depending on the labelling of
bothp andq. We noteSp = b for labellingp as background
and Sp = f for foreground. LetS be a solution to the
labelling problem, its total cost or energy is made of the
terms:

E(S|I) =
∑

p∈I

E1(Sp|I)︸ ︷︷ ︸
unary terms

+
∑

p∈I
q∈Np

E2(Sp, Sq|I)︸ ︷︷ ︸
pairwise terms

(1)

whereE1, E2 represent the unary and pairwise energy func-
tions. By convention, the energies are designed to decrease
with the likelihood of the labelling, so that a minimum
E(S|I) corresponds to an optimum labelling solution.

While that min-sum problem is NP-hard in its general
form, there exists sub-classes of problems which can be
solved in polynomial time. One of these subclasses con-
sists of those problems with sub-modular or regular ener-
gies [10], for which

E2((Sp, Sq) = (b, b)) + E2((Sp, Sq) = (f, f))
≤ E2((Sp, Sq) = (f, b)) + E2((Sp, Sq) = (b, f))

(2)

Using anMRF or CRF structure on the image with non-
negative weights, two specialist nodess (source) andt
(sink) are added to the graph, with directed connections to
every pixel node. By removing a subset of vertices so that
s andt are disconnected, the resulting graph can be inter-
preted as a binary labelling of the image: all pixels con-
nected tos are foreground, and tot, background. Finding
the graph cut which minimizes the values of the cut edges
can be solved with thes−t min cut/max flow algorithm pro-
posed in [6], generating a solution corresponding exactly
to the original min-sum problem in Eq.1. The details of
this transformation from submodular energy to a graph with
positive edge weights is deferred till appendix A.

2.2. The Pn Potts model

The minimization of the energyE(S|I) in Eq. 1 gives
the optimal solution to any problem, providing it can be ex-
pressed wholly in terms of unary and pairwise costs. This
is a restrictive constraint however. More informative cost
functions can be defined in terms of local texture features
and associated pixel cliques. While increasing the number
of neighbours for each pixel would increase the radius of
pixel influence on each other, attempting to express texture-
based cost using only pairwise relations is still a highly re-
strictive way to encode texture. A more powerful solution is
to use cliques of more than two pixels. The recent work of
Kohli et al. [9] presented a way to include such higher-order



Figure 2.Pn clique formation. Pixel nodes, in blue, are connected
to their neighbours, to many clique nodes, and to the source node
(red rectangle) and sink node (green rectangle). These latter links
are not shown for clarity. Clique nodes are connected to pixel
nodes and to either the source or the sink nodes.

cliques in thes−t min-cut framework presented above, and
still solve it efficiently. We follow their method, creating
pairs of nodes to represent each higher-order cliques of pix-
els, as detailed below.

Given a cliqueC, let EC(SC) be the cost for labelling
every pixel withinC as foreground (SC = f ), or back-
ground (SC = b). We assign a costEC(SC /∈ {f, b}) to
an inconstant labelling where the patch contains a mixture
of foreground and background pixels. The total energy of a
solutionS is now:

E(S|I) =
∑

p∈I

E1(Sp|I) +
∑

p∈I
q∈Np

E2(Sp, Sq|I)

+
∑

C⊂I

EC(SC |I)︸ ︷︷ ︸
clique terms

(3)

The new graph structure is illustrated on Fig. 2. The cliques
are typically made ofn × n neighbouring pixels, and over-
lap (each pixel belonging to many cliques). Two nodes are
added to the graph for each clique, a source-clique node
and a sink-clique one. The source-clique nodes form an ex-
tra layer in the graph, in between the source node and the
pixel nodes (which are still also connected to the source).
They are connected to the source, with a weight set to
EC(SC = f), and only to the pixels of their clique. A layer
of sink-clique nodes is built similarly. The graph-cut algo-
rithm works in the same way as detailed before with unary
and pairwise terms. A cut is performed on the graph to sep-
arate the sink from the node, while minimizing the energy in
Eq.3. Two examples of cuts are shown in Fig. 3, one where
all pixels from a clique are labelled as foreground, and one
where pixels of a clique have different labels. As an indica-
tion of computation time, the segmentation of a700 × 700

Figure 3. Examples of a source cut and a mixed cut. Left: after
the cut, the clique of pixel nodes in the middle layer is entirely
connected to the sink, which amounts to labelling all pixels as
background. Right: the clique is partially connected to the sink
and the source, via some of the clique nodes in the intermediate
layers, which corresponds to a mixed labelling of the clique in the
middle layer. Note there is still no connected path between source
and sink.

pixel image with5× 5 cliques takes less that 20 seconds on
a 1.6 GHz laptop with 1Gb of memory.

3. Learning process

In thePn Potts model described above, the unary, pair-
wise and clique potentials have to be generated according to
the characteristics of the images to segment. We use learn-
ing methods to define them.

3.1. Unary and pairwise potentials

Unary potentials influence the energy function depend-
ing on the intensity of individual pixels. In our context
though, absolute pixel values are not discriminative enough.
As shown in Fig.4, different images have very different
number of cells, and as a result their histograms have little
in common. Unary potentials based on the single pixel in-
tensities from some images do not generalize well to other
images on our data set. Thus in our model we do not use
the termE1(p) in Eq.3.

Pairwise potentials correspond to the likelihood of
whether two connected pixels share (or not) the same la-
bel, based on their relative pixel intensities. We construct
a simple Bayesian classifier to generate the pairwise po-
tentials. In an image with a manually segmented ground
truth, all pairs of connected pixels are assigned to the corre-
sponding category, one of(f, f), (f, b), (b, f), (b, b), as il-
lustrated in Fig3.1. For each pair of pixels(p, q) of intensi-
tiesI(p), I(q), we use the feature:

v(p, q) =
I(p) − I(q)

I(p) + I(q)
(4)

which is a signed version of the normalized variance for

two variablesx and y with meanµ:
√

(x−µ)2+(y−µ)2

µ2 .
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Figure 4. Two images of live cells and their histograms. 4a: early
stage of cell culture; 4b: late stage of the same culture; 4c and
4d: histograms of the foreground and the cells, from manual seg-
mentations of 4a and 4b respectively. The histograms of the two
regions change significantly during the culture, causing unary po-
tentials to be unreliable over the series of images.

Intensity ratios make this feature invariant to multiplica-
tive variations of intensities, which happens in microscopy
imaging depending on slight variations in time of expo-
sure. With our training set, the feature responses are di-
vided into a small number of bins (we use 20). Each
bin contains a number of occurrences of the four cate-
gories of pairs(f, f), (f, b), (b, f), (b, b), noted respectively
nff , nfb, nbf , nff , with a total ofn occurrences. Then,
given any new pair of pixel(p, q), we computev(p, q) from
Eq.4, find the corresponding bin, and define:

P((Sp, Sq) = (x, y)) =
nxy

n
for x, y ∈ {f, b} (5)

as the probability of pair (p,q) to be in the category(x, y) ∈
{f, b}2. Finally, we define the pairwise termsE2 in Eq. 3
as:

E2((Sp, Sq) = (x, y)) = − logP((Sp, Sq) = (x, y)) (6)

While the expression ofE2 may need to be truncated to be
sub-modular, in our context there was a sufficiently low pro-
portion of boundary cases, that the cost function was sub-
modular.

3.2. Clique potentials

The clique potential indicate how likely a group of pix-
els (clique) is to be labelled entirely as background, entirely
as foreground, or as a mixture of both. An important issue
when defining a clique potential is the size of the clique.
We use anROC curve analysis method to select it, as de-
tailed later in this section. Another critical issue is the se-
lection of features which encode the textural information in

Figure 5. Training values to learn pairwise potentials from ground
truth. Background pixels (in white) and cells (in grey) have been
manually segmented. All pairs of connected pixels are classified in
four categories, depending on the labels of both pixels. In this pic-
ture only one of the four directions of pixel connection is shown.

Figure 6. Examples of patches used for learning the clique po-
tential. Patch 1 contains only background, patch 2 contains1

3
of

foreground, and patch 3 contains only foreground.

the background and foreground. Experiments on our im-
ages showed that features based solely on clique and image
histograms were not robust enough against the background
variations of intensities and noise. To account for the in-
tensity distribution within the clique, we selected the seven
moments of Hu [8, 13] as the input features. Their invari-
ance to translation, scaling and rotation is particularly rele-
vant to cytometric images.

Once the clique sizes and features are chosen, three costs
are to be assigned to each cliqueC, namelyEC(SC = f),
EC(SC = b) andEC(SC /∈ {f, b}). We use a feed-forward
neural network to learn the first two costs. The training set is
built from a manually segmented image, regarded as ground
truth. For each cliqueC, containing|C| pixels, the propor-
tion of foreground and background pixels is:

PC(x) =
1

|C|

∑

p∈C

χx(p) for x ∈ {f, b} (7)

whereχx(p) = 1 if Sp = x and 0 otherwise. The two pro-
portionsPC(b) andPC(f) are computed for all the cliques
from the ground truth, forming the target values to be learnt.
Three pairs of target values are shown in Fig.6, based on
3 × 3 cliques, one entirely in the background, one with
mixed labels, and one entirely in the foreground.

We use a feed-forward neural network with seven input
nodes (one for each moment of Hu), fourteen nodes in one
hidden layer, and two output nodes, one for each propor-
tion PC(b) andPC(f). We use scaled conjugate gradient
method for training [4], which we found to be both fast and
accurate. It is to be noted that strictly speaking, the output of



the neural network cannot be interpreted as probabilities,as
there is no guarantee that any pair of output values will sum
up to 1. Thus, we simply use the output from the trained
network on cliqueC, noted(PC(f),PC(b)), to define:

EC(SC = x) = PC(x) , for x ∈ {f , b} (8)

Finally, we define the cost of a mixed labelling as:

EC(SC /∈ {f, b}) = ε+max(EC(SC = b), EC(SC = f))
(9)

to penalize mixed labels in a patch over consistent labels.
We now explain the selection of a clique sizen× n. For

each size we need a way to evaluate the quality of the neu-
ral network responses themselves. The method we use it
to compute the responses for all cliques from an image, av-
erage them spatially to perform a complete segmentation,
which we then compare to the corresponding ground truth.
In more details, for each value ofn between 2 and 11, we
build inputs and targets from an image with ground truth, as
explained above, and train a neural network. On another test
image (also manually segmented), we compute the seven
moments for each cliqueC of sizen, use them as inputs on
the trained neural network, which returns two valuesPC(b)
andPC(f). We then average the responses from all cliques
where a given pixelp belongs. Letnp be the number of
such cliques, we define:

Ẽ1(Sp = x) =
1

np

∑

C∋p

PC(x) for x ∈ {f, b} (10)

Ẽ1(p) =
1

2

(
Ẽ1(Sp = f) + (1 − Ẽ1(Sp = b))

)
(11)

The valuesẼ1(p) are then thresholded, with a value be-
tween 0 and 1, which segments the image into foreground
and background. For each threshold value, we compute
the specificity and sensitivity (respectively true positive and
true negative ratios) against the ground truth, which we use
to build a receiver-operator characteristics (ROC) curve. Our
results are presented in Fig.7. The value ofn which results
in the largest area under theROC curve is selected for the
clique size, in our casen = 7.

3.3. Finalizing the results

The formulae in Eq.3 gives equal weight to all potential
functions. To account for their relative significance to the
segmentation task at hand, we use a constant factorλ:

E(S|I) =
∑

p∈I
q∈Np

E2(Sp, Sq|I) + λ ×
∑

C⊂I

EC(SC |I) (12)

We use a similarROC analysis to tune the value ofλ, and
use0.98.

Figure 7.ROCcurves for different patch sizesn×n. Top: complete
curves; Bottom: zoomed-in region. The sizen = 7 corresponds
to the curve with the largest area under.

4. Results

To show the importance of the different potential func-
tions, we ran three experimentsE{1,2,3}, on several images
with manually defined ground truth. InE1, we only use
the average results of the texture classification, defined in
Eq.11asẼ1(p). This would correspond to using only unary
terms. InE2, we useẼ1(p) as unary potentials, andE2 from
Eq.6 as pairwise terms, with no clique potentials. Finally in
E3, we use the complete segmentation presented in the pre-
vious section, with no unary termE1, with E2 from Eq.6,
andEC from Eq.9 as clique potential.

A common issue in evaluating segmentation results, in
particular for medical images, is the amount of blur and lo-
cal ambiguity in the exact location of borders, which causes
manual segmentation not to be one-pixel accurate. While
manual segmentation remains the reference, care is required
when using evaluation measures. In order to compare our
results with published work, we use sensitivity and speci-
ficity measures, defined as:

Sv =
|C ∩ M |

|M |
, Sp=

|I − C ∩ M |

|I − M |
(13)

whereM is the manual segmentation,C the computed one,
I the complete image, and|X| stands for the number of pix-



Figure 8. Segmentation results. Top left: original image. Top right: segmentation result from experimentE1, showing many holes in cells
and segmented noise in the background. Bottom left: segmentation result from experimentE2, with smaller holes but still noise. Bottom
right: segmentation result from experimentE3, where most of the holes are filled in(Box 1), and no noise is segmented (Box 2).

els in setX. These measures are an indication of the overall
quality of the segmentation. However, they do not take into
account the geometry of the mis-labelled regions, which can
be linked to the severity of the segmentation errors. To this
end, other measures are based on the Haussdorf distances
between the manual and computed segmented regions. We
use one such measure, based on a computationally efficient
method described in [2]. By taking the distance transform
of the ground truth in both foreground and background re-
gions, each pixel in the transform is assigned its distance to
the nearest cell border. We only consider the mis-labelled
pixels, and take the average of their values in the distance
transform, notedD. This way, mis-labelled pixels around
the cells’ borders (in the region where ground truth is uncer-
tain) have little influence on the measure, while mis-labelled
pixels well inside foreground and background regions in-
crease the measure.

Our results are listed in Table4, and the results from one

Table 1. Results of the quantitative evaluation of the segmentation
results.

Experiment Sv Sp D
E1 93.3% 94.0% 10.5 pxl
E2 93.3% 93.1% 11.3 pxl
E3 93.7% 97.0% 3.4 pxl

slide are illustrated in Fig.8. It appears that in all three ex-
periments, the proportions of true and false positive (given
by the sensitivity and specificity) are about the same. The
benefit of using the clique potentials is shown with the dis-
tance measureD. It shows that while as many pixels are
mis-segmented, they are located much closer to the actual
cell boundaries, on average within 3 pixels of the ground
truth. Given the intrinsic uncertainty of the actual cell bor-
ders, which is about 2 to 4 pixels for a user performing man-
ual segmentation, this average distance is very good.



The closest published work to ours is by Heet al. [7].
They achieve96.8% recall and98% precision on four im-
ages. While recall is the same as sensitivity, the precision
measure is used for images with a high proportion of back-
ground, which is not always the case in our images. These
results are comparable with ours, with a smaller proportion
of mis-classified pixels but no information on their loca-
tion. The method in [7] uses a learning method to initialize a
curve around the cell’s boundaries, and then uses low-level
vision and curve evolution methods to segment the cells.
While their method is highly successful on their data set,
the use of several steps and many parameters for the seg-
mentation makes it difficult to adapt to other images. By
comparison, our method uses only one step, the graph cut,
and few parameters to weight the relative importance of the
potentials.

5. Conclusion

We have presented an application of recent work on the
inclusion of higher-order cliques to perform image segmen-
tation via energy minimization onCRF. Cliques are as-
signed potential functions, which use local texture features
as a basis for assigning the cost of labelling the pixels. We
have applied this method to segment live cell images. In our
context, unary potentials were discarded as unreliable fea-
tures for individual pixel labelling, while both pairwise and
clique potentials were defined using learning techniques.
Based on manually segmented images, we use a Bayesian
classifier for the pairwise potentials and a neural network
for the clique potentials. To the best of our knowledge
this is the first use of learning methods combined withPn

Potts model in medical imaging. Our quantitative results
are comparable with state-of-the-art segmentation methods
published in cytometry. While such methods are specialized
for specific images, and require the tuning of many param-
eters, our approach is based on a generic model, with few
and intuitive parameters to tune manually, and we believe is
straightforward to adapt to other images.
This work was supported by an EPSRC research grant, by
the IST Programme of the European Community, under the
PASCAL Network of Excellence, IST-2002-506778, and
by funding from the European Commission for the Special
Non-invasive Advances in Fetal and Neonatal Evaluation
(SAFE) Network of Excellence (LSHB-CT-2004-503243).
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A. Reparameterization of sub-modular energies

The sub-modular energyE2 can be reparameterize to ob-
tain a graph with positive weights, by defining new unary
and pairwise potentials notedE∗

1 andE∗
2 , with the method

detailed in [10], as follows.
An arbitrary well ordering (denoted<) on the pixels is

imposed on the graph. We iteratively defineE∗
1 : it is ini-

tially set to 0, then∀p ∈ I,∀q ∈ Np such thatq > p, it is
updated as:

E∗
1 (p)+=E2((Sp, Sq) = (f, b)) − E2((Sp, Sq) = (b, b))

E∗
1 (q)+=E2((Sp, Sq) = (f, f)) − E2((Sp, Sq) = (f, b))

(14)
We generate one directed edge fromp to q of cost:

E∗
2 (p, q)=

(
E2((Sp, Sq) = (f, b)) + E2(Sp, Sq) = (b, f))

)

−
(
E2((Sp, Sq) = (b, b)) + E2((Sp, Sq) = (f, f))

)

(15)
which is non-negative providedE2 satisfies the criteria of
sub-modularity.

The remaining edges of the graph are built as follows. If
E∗

1 (p) < 0, we add a directed edge from the source to the
nodep of cost−E∗

1 (p), else we add a directed edge from
the nodep to the sink of costE∗

1 (p).


