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ABSTRACT
The dynamics of genome regions are associated to the func-
tional or dysfunctional behaviour of the human cell. In order
to study these dynamics it is necessary to remove all per-
turbations coming from movement and deformation of the
nucleus, i.e. the container holding the genome. In litera-
ture models have been proposed to cope with the transfor-
mations corresponding to nuclear dynamics of healthy cells.
However for pathological cells, the nucleus deforms in an
apparently random way, making the use of such models a
non trivial task. In this paper we propose a mapping of the
cell nucleus which is based on the matching of the nuclear
contours. The proposed method does not put constraints on
the possible shapes nor on the possible deformations, making
this method suited for the analysis of pathological nuclei.

1. INTRODUCTION

The internal organisation of the human cell nucleus in space
and time is essential for its function. Within the limited space
of the nucleus the entire genome as well as many proteins are
accommodated in a non-random manner. Of particular inter-
est are telomeres, the ends of chromosomes, which show a
spatiotemporal behaviour that is functionally relevant to the
cell and organism. Telomeres are arranged in distinct pat-
terns and display mobility regimes at different time scales.
Diverse biological processes such as telomere maintenance,
cell ageing and apoptosis, i.e. cell death, are associated with
specific telomere movements [11]. Likewise, altered telom-
ere dynamics and by expansion nuclear protein dynamics
are associated with specific diseases such as laminopathies
and cancer [8, 4]. Therefore, quantitative studies of nuclear
dynamics may help revealing novel mechanisms of dysfunc-
tion and disease.

However, analyses of dynamics in time-lapse micro-
scopic image data sets are hampered by global cell motion
and deformation. This superimposes a motion on the submi-
cron dynamics that needs to be removed. Gladilin et al. have
proposed a mapping based on a spherical model [5]. This
model can cover for most of the cellular and nuclear displace-
ments (translation, rotation and small affine transformations)
that occur in normal cells during interphase. However, dur-
ing cell division and in certain pathological conditions, such
as laminopathies, the nuclear shape alters dramatically [4]. In
Fig. 1.a an example of such a pathological nucleus is shown.
As can be seen is the spherical model no longer valid. Hence
a method is required that allows reliable motion measure-
ments of subnuclear features in a deformable volume without
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imposing any shape constraints.
In this paper we propose a new mapping technique which

maps two nuclei between consecutive time points without
imposing any constraint such as a spherical shape. Instead
we will extract the contours out of segmented micrographs.
These contours will be matched in such a way that we re-
trieve a point to point correspondence. Based on this match-
ing a mapping of the full nucleus is calculated using polyhar-
monic splines. This paper is arranged as follows: in the next
section we describe a simple segmentation technique, which
can be used to extract the nucleus out of micrograph. Sec-
tion 3 provides a detailed description of the contour match-
ing algorithm. The interpolation using polyharmonic splines
is described in section 4. In section 5 the validation results
are explained and discussed. Section 6 recapitulates and con-
cludes.

2. SEGMENTATION

Since the proposed method estimates the topological changes
based on the deformation of the nucleus, we first need to seg-
ment the nucleus. In this paper we start from fluorescent 3D
micrographs captured by a confocal microscope. We project
the 3D micrograph on a 2D image. This is done by taking
the average in the z direction, i.e.

I(x,y) =
1
n

n

∑
z=1

M(x,y,z) (1)

where I is a 2D image, M is the 3D micrograph and n is the
z-dimension of M. An example of such a z-stack projection is
shown in Fig. 1.a. Depending on the microscope system it is
of course possible to start immediately from 2D micrographs
such as e.g. widefield images.

The 2D image is now thresholded using Otsu’s thresh-
olding [10]. This method calculates the threshold in order to
minimize the variance of the foreground, σ f , and the vari-
ance of the background, σb, i.e.

t = argmin
t

(
p f (t)σ f + pb(t)σb

)
(2)

where p f (t) is the probability that a pixel in the image is
higher than t, while pb(t) calculates the probability the pixel
is lower than t. The result of Otsu thresholding can be seen
in Fig. 1.b. Due to noise, not all desired pixels are consid-
ered to be foreground, e.g. part of the nucleus, whereas some
background pixels are considered to be foreground. Missing
foreground pixels are generally in the vicinity of detected
foreground pixels. By using a morphological closing these

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by Ghent University Academic Bibliography

https://core.ac.uk/display/55774566?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1


(a) (b) (c) (d) (e)

Figure 1: An example of the different steps in the segmentation algorithm. (a) shows the projection of the 3D micrograph
on a 2D image. (b) demonstrates the result of Otsu thresholding. (c) and (d) are respectively the morphological opening and
closing. (d) shows the filtered contour plotted on top of the image.

missing pixels are added to the foreground. The falsely de-
tected background pixels are discarded using a morphologi-
cal opening, as can be seen in Fig 1.c-d. Finally the border
delineating the segment is filtered with a Gaussian kernel,i.e.
we assume the nucleus has a smooth surface. The final result
of the segmentation can be seen in Fig. 1.e.

This segmentation algorithm is developed for a specific
dataset which consists of isolated cell nuclei which have
good contrast compared to the background. This is off course
dependent on the application and the dyes used for the fluo-
rescent micrographs. The method for nuclei mapping pro-
posed in this paper can also be used with more complex im-
ages, but would then acquire a more suitable segmentation
technique such as described in [7, 9, 12, 2].

3. CONTOUR WARPING

In this section contours delineating the nucleus in subsequent
frames will be matched, i.e. points belonging to the contour
in a frame will be linked to their counterpoints on the contour
in the next frame. In order to do so, we calculate a signature
out of the contour, then based on this signature the matching
is done.

3.1 Contour Signatures
Consider the contour c(t) = (x(t),y(t)) with t ∈ N and
c(N + 1) = c(1), where N is the number of samples . From
this contour, different signatures can be calculated:
• a complex signature:

s(t) = x(t)+ iy(t)

where i2 =−1
• the centroid distance signature:

s(t) =
√
(x(t)− xc)2 +(y(t)− yc)2

where (xc,yc) is the centroid of c
• a direction signature, i.e. direction of the tangent line at

a point t:

s(t) = cos−1
(

y(t +1)−y(t−1)
‖c(t +1)−c(t−1)‖

)
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Figure 2: An example of different signatures. These are the
signatures for the contour shown in Fig. 1.e. From top to
bottom the complex, the centroid distance and the direction
signature are shown

For a more detailed overview of signature functions we refer
to [6, 13]. In Fig. 2 an example is shown of the defined
signatures. This are the signatures for the nucleus shown in
Fig. 1.e. These signatures are from top to bottom: complex,
centroid distance and the direction signature.

3.2 Signature Matching

Note that each point on a signature exactly corresponds to
one point on the curve. So matching contour points is equiv-
alent to matching points on a signature. For the matching
of two signatures, we propose a matching based on Dynamic
Time Warping or dog-man distance. The DTW distance be-
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Figure 3: An example of matching two curves. On the left
a naive matching where the matching is done using the pa-
rameterization. On the right the matching with the minimal
cumulative difference between the samples. It is this match-
ing which will correspond with the warping used for DTW.

tween two signals is analogous of a man and a dog each wak-
ing with a different path, i.e. the signals. The dog can walk
on a different speed by giving it a longer leash. Fig. 3 shows
on the left two paths, where both paths are scanned at the
same speed, so man and dog are walking on the same speed.
On the right of the figure, different speeds result in a a better
match, i.e. the cumulative difference between these samples
is less. The dog-man distance is then the shortest possible
cumulative difference between both paths, by changing the
scanning speed, i.e.

dDTW (s1(.),s2(.)) = min
γ

∑
t
‖s1(t)− s2(γ(t))‖ (3)

where γ(.) is a warping function, i.e. any monotonic func-
tion mapping [1,N] on [1,N]. This can be calculated using
dynamic programming:

D(i, j) = d(i, j)+
min(αD(i, j−1),αD(i−1, j),D(i−1, j−1)) (4)

with d(i, j) = ‖s1(i)− s2( j)‖ and α a real number greater
or equal then one. If α equal to one, all warping functions
are considered equally good. In order to penalize warping
functions where to many points of one signal are matched to
a single point in the other signal, one can set α > 1.

The distance itself is of little importance to us, but the
warping function resulting in the minimal distance is, i.e.
γ(.). Using linear interpolation the signals can be consid-
ered continuous, based on the warping function the signals
will be resampled in such a way that there is a unique point
to point correspondence. Consider the left case of Fig. 4,
where one point, s(t) of the signal is matched with multiple
points in the other signal. First define s(t − 1) and s(t + 1)
the last predecessor and first successor of s(t) with a unique
match, e.g. s′(t−1) and s′(t +1) respectively. The point s(t)
will be replaced by the number of points between s(t−1) and
s(t +1): for each point s′(i) between s′(t−1) and s′(t +1) a
new sample is added on s(.). These new samples are calcu-
lated in such a way that

al(s′(.), t−1, i)
al(s′(.), t−1, t +1)

=
al(s(.), t−1, i)

al(s(.), t−1, t +1)
(5)

where al(k(.), l,m) is the arc length from point l to m over
the curve k(.).
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Figure 4: An example of resampling the curves based on the
warping function of DTW

4. CELL MAPPING

Based on the previous contour matching we get for each
point on the contour at frame t a unique point on the con-
tour at frame (t + 1). So for each point on the contour we
assume to know the exact position in the next frame. For the
mapping of points not on the contour, P = (x,y), we propose
interpolation with biharmonic splines:

Pt+1 = a+axx+ayy+
N

∑
j=1

w j‖Pt −c( j)‖ (6)

where a,ax,ay and w j are a set of weighting coefficients.
These coefficients are calculated in such a way that:
• points on the contour are mapped to the corresponding

points according to the contour matching
• the weighting vector w is orthogonal to x and y, i.e.

N

∑
i=1

wixi =
N

∑
i=1

wiyi = 0 (7)

These weighting coefficients can be found by solving a lin-
ear system of equations, which can be done in a fast way as
proposed by Beatson et al. [1].

5. RESULTS

Two datasets where used for the validation of the proposed
method. Both datasets contain an isolated fibroblast cell nu-
cleus of a patient with a homozygous nonsense mutation in
lamin A/C gene. These are cells where the nucleus can have
big deformations [4]. The datasets where captured using con-
focal controlled light-exposure microscopy [3], resulting in
images of 288×288 pixels. These cells were transfected with
a construct expressing a fluorescent fusion protein targeting
the telomeres (TRF2-mCitrine). Non-bound protein diffuses
freely throughout the nucleus and allows for demarcating the
boundaries for contour identification. For both validation
sets the telomeres where manually tracked by the author us-
ing MTrackJ1. The centroids of these tracked telomeres will
serve as ground truth for the validation. The telomeres them
self might move locally, but this small local motion, e.g. 1
to 2 pixels, is neglectable compared to the big motion intro-
duced by deforming nuclei.

In Fig. 5 three examples of the mapping are shown. The
red and blue curves are the contours of a nucleus in subse-
quent time frames. The red and blue dots are the centroids

1http://www.imagescience.org/meijering/software/
mtrackj/



Figure 5: Three examples of mapping telomeres from a frame to a subsequent time frame. The red and blue curves represent
the nucleus contour in the concerning frames. The he red and blue dots are the telomere centroids in the frame corresponding
to respectively the red and blue curve. The green dots are the mapping of the red dots based on the warping of the red and
blue contour.

of the telomeres corresponding to respectively the red and
blue contours. The green dots are the location of the red
dots mapped with the proposed technique using the centroid
distance signatures. So the green dots are the prediction of
the location of the blue dots. As can be seen does the map-
ping closely approximate the real telomere location in the
next time frame.

In Table 1 the results are shown for the full datasets. The
first column shows the dataset. In the first dataset 12 telom-
eres where tracked during 12 frames. The second dataset
consists of 11 telomeres which were tracked for 11 frames
In the second column the used signature is shown. Distance
means the non processed data, i.e. the centroid coordinates
are used as they are extracted out of the images, without any
mapping. The third column shows the average Euclidean dis-
tance between the telomeres in the one frame and where the
telomeres are ought to be according to the mapping of the
location of the telomere in the previous frame. This distance
or error is expressed in pixels. In the next column the me-
dian error is shown, also in pixels. The fifth column shows
the variance of the error. For the sixth column the telomeres
of a frame where matched with the telomeres in the previous
frame using the Iterative Closest Point (ICP) method. The
amount of false matches for the full sequence are mentioned
in this column. The last columns give measures of the im-
provement of the proposed techniques compares to using the
unprocessed data, i.e. the ”Distance” row. Both the average
as the median improvements are shown. And for both mea-
surements this is expressed both absolute, i.e. the distance
in pixels that the proposed method works better, as relative,
i.e. the ratio of the error using the proposed method over the
error using the non processed data.

The proposed method results in a significant improve-
ment compared to not mapping the nuclei as can be seen in
the table, although the amount of improvement differs for
both datasets. The centroid distance and direction signature
perform best for both datasets. Since the absolute error is
similar for both signatures, the direction signature is slightly
in favor based on the ICP results.

6. CONCLUSION

In this paper a new mapping algorithm is proposed for the
mapping of cell nuclei. This mapping does not impose
any shape constraints, which allows it to map cell nuclei
of pathological cells. The proposed technique works in two
steps. First the nucleus contours are matched. Three differ-
ent matching techniques are defined and tested. Based on
this contour matching the full nucleus is mapped using bi-
harmonic interpolation. The proposed method was tested on
two real datasets, which both show significant improvement.
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