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Abstract — Obtaining the complete cell lineage tree of an
embryo’s development is a very appealing and ambitious
goal, but fortunately recent developments both in optical
imaging and digital image processing are bringing it closer.
However, when imaging the embryos (sea urchin embryos for
this work) with high enough spatial resolution and short
enough time-step to make cell segmentation and tracking
possible, it is currently not possible to image the specimen
throughout its all embryogenesis. For this reason it is
interesting to explore how cell lineage trees extracted from
two different embryos of the same species and imaged for
overlapping periods of time can be concatenated, resulting in
a single lineage tree covering both embryos’ development
time frames. To achieve this we used an error-tolerant graph
matching strategy by selecting a time point at which both
lineage trees overlap, and representing the information about
each embryo at that time point as a graph in which nodes
stand for cells and edges for neighborhood relationships
among cells. The expected output of the graph matching
algorithm is the minimal-cost correspondence between cells
of both specimens, allowing us to perform the lineage
combination.

I. INTRODUCTION

C

URRENT optical imaging technologies together with
the use of fluorescent proteins [1,2] for labeling cell
membranes and nuclei in live embryos, make feasible the
objective of building a full cell lineage [3] for species such
as the sea urchin.
Sea urchin embryo is a useful animal model system
because of its phylogenetic position (deuterostomes,
echinoderm), its rapid development and the complete
transparency of its embryo that allows microscopic
observation. An attractive goal would be to get the lineage
encompassing the first 30h post fertilization. At that
moment, the pluteus larva consists in ~1500 cells, and
metamorphosis events start.
To this aim, 3D+t images of live embryos are acquired
and processed to segment and track each of the individual
cells [4,5]. However, with current experimental methods
photo damage and mounting artefacts impose limits to the
acquisition protocol. Acquiring images with the best
compromise in terms of temporal and spatial resolution to

properly achieve cell tracking and preventing the embryo
from moving does not allow imaging the whole
development of a single embryo.
We thus used a multi-shot approach with a temporal
tiling strategy to cover the whole developmental period by
imaging different embryos in overlapping imaging
sequences. With this approach each embryo is imaged
during the selected time frame (~3h long), and each set of
3D+t images is used to build the corresponding cell
lineage tree for that specimen within that time period [6].
Then fusing the lineages from two different embryos is
achieved by finding their overlapping developmental
period and selecting one or several time points to find the
correspondence between every single cell.
For the initial tests, we chose a single time point in the
embryo’s development in which the cell count is exactly
108. We selected this stage because it appeared quite
stable (see Fig. 1). The lineage at this stage is indeed
known to be largely invariant [7]. More specifically, 4
cells called small micromeres at the vegetal pole of the
animal are easily identified. We identified these 4 cells
and they were taken as prior information to help the
matching algorithm.
The main piece of information used for the matching
process was the neighborhood relationships of the 108
cells. This information was obtained from the raw data by
using a Voronoi diagram [8].
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Fig. 1: Flat representation of the lineage tree for the two datasets
(coming from different embryos). Time points are indicated on top of
the graph. Cell divisions are seen as bifurcations in the tree. Although
each of them covers a different time frame in the embryo’s
development, both include the 108 cells stage, which is highlighted in
the figure (in blue).
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Fig. 2: General overview of the scheme proposed in this work

The whole process, from the selection of the time point in
the two lineage trees to the output of the algorithm is
outlined in Fig. 2.
II. DATASET DESCRIPTION
A. Image Acquisition
3D+t datasets were acquired using a Leica SP5 biphoton laser scanning microscope equipped with a Leica
63x, 0.9NA W objective.
Embryos were injected at the one cell stage with mRNA
encoding fluorescent proteins: H2B/mcherry (red
fluorescent protein which is located in nuclei) and GFPRas (green fluorescent protein which is located in
membranes).
Image resolution is 0.4805 x 0.4805 x 0.96 µm3, which
gives us images with 512x512x90 voxels (first embryo)
and 512x512x101 voxels (second embryo).
The time step between 3D acquisitions was 1min 59s
for the first data set, which covered from 3h45 to 6h45
post fertilization and 2min 13.774s for the second one,
going from 5h45 to 9h post fertilization.
B. Data Preprocessing
After selecting the matching time point in each dataset,
we took the information available in the 2-channel (one for
each fluorescent protein used) 3D image and converted it
into a graph form.
The most valuable piece of information to perform the
matching is the cell neighborhood that has to be extracted
from the raw images. Previous work [8] has shown that
Voronoi diagrams provide a reasonable segmentation of
the cell contours (Fig. 3), and as in the present case we do
not need an extremely precise estimation of the cell shape,
this approach seemed appropriate for our problem.
In order to obtain the neighborhood graph we take the
raw data, we segment the outer and inner shells of the

embryo, and then we compute the Voronoi diagram,
yielding each cell’s neighbors. It is worth remarking that
the neighbors obtained by this process define the Delaunay
graph (which is the dual of the Voronoi diagram) of the
nuclei (see Fig. 3).

Fig. 3: Result of the Voronoi Segmentation
(Delaunay graph overlaid with orange nodes and
black edges).

III. ALGORITHM DESCRIPTION
A. Introduction
As explained above, we represent the information about
cell neighborhood relationships in each dataset as a nondirected graph, where each node represents a single cell in
the dataset, and edges between nodes stand for the contact
between neighboring cells.
We started with two graphs, each one representing a
specimen at the 108 cell stage. It should be noted that
nodes numbering in the two specimen is a priori not
related (i.e. node #1 in the first graph might represent the
same cell as node #85 in the second graph). The
algorithm’s goal is to find the 1-to-1 correspondence
providing the best match between edges of both graphs.
(Fig. 4).
We did not expect to find an exact correspondence, as
biological variability among different embryos gives rise
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to differences in graphs connectivity. Even if we consider
a single embryo, intra-specimen variability from one time
point to the other as well as precision in segmentation
strategies leads to 8% variability (see Table 1) in the cell
neighborhood relationships throughout cell stage 108. This
means that instead of an exact match, we need to search
for the node correspondence preserving as many edges as
possible.
As we cannot assume the same exact graph topology,
instead of using the subgraph isomorphism approach (a
classical NP-complete problem, for which some wellknown algorithms exist [9]) we posed our problem as an
error-tolerant graph matching [10] issue. This means that
we had to define a function assigning a cost to each
possible 1-to-1 correspondence between nodes of both
graphs. A natural cost function definition in our case is the
number of different edges remaining after re-numbering
one of the graphs.
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Fig. 4: Example of the graph matching algorithm. The two original
graphs are shown in the top panel and the results of the matching strategy
are shown in the bottom panel, with solid green lines for matched edges
and dashed red lines for non-matched edges

B. Algorithm Details
It is easy to calculate how huge the search space for this
problem is. Having 108 nodes on each graph, the number
of possible different 1-to-1 correspondences is
factorial(108)≈10174. So the brute force approach was
readily discarded.
A typical way to deal with this kind of problems is the
A* algorithm [11], a best-first graph search algorithm
which uses a priority queue to guide the search path, and
defines priority of each partial solution as the sum of the
accumulated cost and a heuristic estimation of the
remaining cost. The heuristic must be optimistic, i.e. must
underestimate the real cost to the goal, to maintain the
optimality of the A* algorithm.
In our case, each node in the search space represents a
partial (total if we already reached the goal) matching
between cells from both specimens. The accumulated cost

is the number of edges that needs to be changed in order to
match the already assigned cells, while a heuristic was
defined which gives a lower bound on the number of
edges to be changed for matching the remaining cells.
We started with an initial search node that matched only
the 4 small micromeres from both embryos, and the
algorithm followed the steps:
1. We add the initial search node to the priority
queue
2. The first node in the queue is extracted
3. We check if the extracted node is the goal (i.e. if
it matched all the cells from both embryos). In
that case, we are done
4. A set of possible candidates is generated from
the state of the extracted node
5. Some feasibility conditions are checked for each
of the candidates, and those which pass are
added to the priority queue
6. Back to step 2
For step 4, i.e. the selection of candidate matches for
continuing a given search node, we follow a semi-local
strategy. The unassigned cell from the first graph having
the highest number of edges connecting it to the already
matched cells is selected, and all the cells from the second
graph that are connected with the set of matched cells in
one or two steps are proposed to be paired with it. The
motivation behind this strategy is to softly guide the
algorithm while preserving good tolerance to biological
variability between specimens.
Even with the use of the A* algorithm, the search space
remains huge, and as it is well known in this situation the
A* algorithm is usually limited by the space requirements
of maintaining all the candidate solutions opened. In order
to overcome this issue, we have implemented a number of
heuristic feasibility conditions (step 5) that must be
fulfilled before a candidate solution is added to the priority
queue. These conditions take advantage of the extra
information that we have with respect to a general graph,
coming from the fact that our graphs are representing
embryos with similar morphological structure. For
instance we don’t expect a cell in the vegetal pole of the
first embryo to match a cell in the animal pole of the
second embryo, so we imposed some limits in the distance
between the already matched cells and the next pair of
cells to be matched.
IV. RESULTS
As a first test for the algorithm, we matched two
different time points coming from the same specimen,
both with 108 cells (as already mentioned, cell stage 108
goes on for several time points). The algorithm was able to
find the right correspondence between both graphs, and we
found that about 8% (32 out of 410, see Table 1) of edges
had changed. This justifies the use of the error-correcting
graph matching approach.
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Intra-Specimen
Inter-Specimen

# Edges in
Graph 1
408
408

# Edges in
Graph 2
410
376

# Matched
Edges
378 (92%)
279 (71%)

Table 1: Summary of intra and inter-specimen results

When trying to match graphs coming from two different
specimens, to date best result gives a 71% of matched
edges. Fig. 5 shows some images of this partial matching.
Naturally, the fact that we use the previously mentioned
heuristic conditions for pruning the search space means
that this result is not guaranteed to be optimal with respect
to the metric used, as another path leading to a higher
score matching might get cut at some point. Relaxing
those conditions could help here, but the combinatorial
nature of the search space makes aggressive pruning
necessary to avoid an explosion of the search space.
Checking the matching by eye is actually hard, as interspecimen variability is high enough to make difficult the
choice of equivalent cells between two different embryos.
However, visual comparison of the result (Fig. 5) shows
reasonable coherence between the large micromeres (8
cells around the small micromeres) as well as between the
macromere rings in both embryos.

aspects that might be improved in order to enhance both
the algorithm’s performance and its general usefulness.
For instance, the overlap between lineages from
different specimens is longer than one single time-step
(Fig. 1), so using the information from several time steps
in parallel could help the algorithm finding the best match.
We imposed in the present study a 1-to-1
correspondence that seemed reasonable with the overall
low variability observed at the 108 cell stage. However,
for a broader range of application and for example, to use
the same strategy for vertebrate embryos, it would be
useful to perform a region to region matching to deal with
non-deterministic lineages in later stages of development.
In other words, we could specify the matching between
cell populations in the two embryos and the algorithm
would restrict the search to obey this constraint.
Validation of the algorithm’s results might also be
improved by again taking advantage of the fact that we
have several 3D volumes of each specimen having the
same number of cells, which allows us to perform several
matching and cross-check the results.
We conclude that the chosen approach is well-suited for
our problem and can be used to build a full lineage from
several 3D+t images acquired in a multi-shot approach.
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