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Arbres de jointure augmentés par tâches avec
les tas de Fibonacci
Task-based Augmented Merge Trees with Fibonacci Heaps

Charles Gueunet, Pierre Fortin, Julien Jomier, Julien Tierny
English Abstract—This talk presents a new algorithm for the fast, shared memory multi-core computation of augmented
merge trees on triangulations. In contrast to most existing parallel algorithms, our technique computes augmented trees. This
augmentation is required to enable the full extent of merge tree based applications, including data segmentation. Our approach
completely revisits the traditional, sequential merge tree algorithm to re-formulate the computation as a set of independent local
tasks based on Fibonacci heaps. This results in superior time performance in practice, in sequential as well as in parallel thanks
to the OpenMP task runtime. In the context of augmented contour tree computation, we show that a direct usage of our merge
tree procedure also results in superior time performance overall, both in sequential and parallel. We report performance numbers
that compare our approach to reference sequential and multi-threaded implementations for the computation of augmented merge
and contour trees. These experiments demonstrate the run-time efficiency of our approach as well as its scalability on common
workstations. We demonstrate the utility of our approach in data segmentation applications. We also provide a lightweight VTKbased C++ implementation of our approach for reproduction purposes.
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I NTRODUCTION

As scientific data sets become more intricate and
larger in size, advanced data analysis algorithms are
needed for their efficient visualization and interactive
exploration. For scalar field visualization, topological
data analysis techniques [12], [16], [18] have shown to
be practical solutions in various contexts by enabling
the concise and complete capture of the structure
of the input data into high-level topological abstractions such as merge trees [2], contour trees [3], Reeb
graphs [19], or Morse-Smale complexes [9]. Such topological abstractions are fundamental data-structures
that enable the development of advanced data analysis, exploration and visualization techniques, including for instance: small seed set extraction for fast
isosurface traversal [13], data compression [14], data
smoothing [20], similarity estimation [10], [21], geometry processing [17], [22]. Moreover, their ability
to capture the features of interest in scalar data in
a generic, robust and multi-scale manner has contributed to their popularity in a variety of applications, including turbulent combustion [2], computational fluid dynamics [5], chemistry [6], or astrophysics [15], etc.
However, as computational resources and acquisition devices improve, the resolution of the geo• Charles Gueunet: Kitware et Sorbonne Université
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metrical domains on which scalar fields are defined
also increases. This resolution increase yields several technical challenges for topological data analysis, including that of computation time efficiency.
In particular, to enable truly interactive exploration
sessions, highly efficient algorithms are required for
the computation of topological abstractions. A natural
direction towards the improvement of the time efficiency of topological data analysis is parallelism, as
all commodity hardware now embeds processors with
multiple cores. However, most topological analysis
algorithms are originally intrinsically sequential as
they often require a global view on the data.
Regarding merge trees – a fundamental topologybased data structure in scalar field visualization –
several algorithms have been proposed for its parallel computation [1], [4], [11]. However, these algorithms only compute non-augmented merge trees [3],
which only represent the connectivity evolution of
the sub-level sets, and not the corresponding datasegmentation (i.e. the arcs are not augmented with
regular vertices). While such non-augmented trees enable some of the traditional visualization applications
of the merge tree, they do not enable them all. For
instance, they do not readily support topology based
data segmentation. Moreover, fully augmenting in a
post-process non-augmented trees is a non trivial task,
for which no linear-time algorithm has ever been
documented to our knowledge.
This work addresses this problem by presenting a
new algorithm for the efficient computation of augmented merge trees of scalar data on triangulations.
Such a tree augmentation makes our output datastructures generic application-wise and enables the
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full extent of merge tree based applications, including
data segmentation. Our approach completely revisits
the traditional, sequential merge tree algorithm to
re-formulate the computation as a set of local tasks
that are as independent as possible and that rely
on Fibonacci heaps. This results in a computation
with superior time performance in practice, in sequential as well as in parallel on multi-core CPUs with
shared memory thanks to the OpenMP task runtime.
In the context of augmented contour tree computation, we show that a direct usage of our merge tree
computation procedure also results in superior time
performance overall, both in sequential and parallel.
Extensive experiments on a variety of real-life data
sets demonstrate the practical superiority of our approach in terms of time performance in comparison
to sequential and parallel [7] reference implementations, both for augmented merge and contour tree
computations. We illustrate the utility of our approach
with specific use cases for the interactive exploration
of hierarchies of topology-based data segmentations
that were enabled by our algorithm. We also provide
a lightweight VTK-based C++ reference implementation of our approach for reproduction purposes.
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3) Parallel augmented contour trees: We show
how to use our merge tree procedure for the
computation of augmented contour trees. This
direct usage of our algorithm also results in
superior time and scaling performances compared to previous multi-threaded algorithms for
augmented contour trees [7].
4) Implementation: We provide a lightweight
VTK-based C++ implementation of our approach for reproduction purposes.
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C ONTRIBUTIONS

This talk will present the following contributions (further described in [8]):
1) A local algorithm based on Fibonacci heaps:
We present a new algorithm for the computation
of augmented merge trees. In contrast to the
traditional global algorithm, it is based on local
sorting traversals, whose results are progressively merged with the help of a Fibonacci heap.
In this context, we also introduce a new criterion
for the detection of the saddles which generate
branching in the output tree, as well as an
efficient procedure to process the output arcs in
the vicinity of the root of the tree. Our algorithm
is simple to implement and it improves practical
time performances on average over a reference
implementation of the traditional algorithm [3].
2) Parallel augmented merge trees: We show how
to leverage the task runtime environment of
OpenMP to easily implement a shared-memory
parallel version of the above algorithm. Instead
of introducing extra work with a static decomposition of the mesh among the threads, the local
algorithm based on Fibonacci heaps naturally
distributes the merge tree arc computations via
independent tasks on the CPU cores. We hence
avoid any extra work in parallel, while enabling
an efficient dynamic load balancing on the CPU
cores thanks to the task runtime. This results
in superior time and scaling performances compared to previous multi-threaded algorithms for
augmented merge trees [7].
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Fig. 1. Topology driven hierarchical data segmentation. (a) Input scalar field f (color gradient), levelset (light green) and critical points (blue: minimum,
white: saddle, green: maximum). (b) Split tree of f
and its corresponding segmentation (arcs and their
pre-images by φ are shown with the same color). (c)
Split tree of f and its corresponding segmentation,
simplified according to persistence.
Fig. 3. Merge tree scalability on various 5123 data sets.
The gray area denotes using 2 threads per core.

Fig. 2. Overview of our augmented merge tree algorithm based Fibonacci heaps. First, the local extrema
of f are extracted (left). Second, the arc σm of each
extremum m is grown independently along with its
segmentation. These growths are stopped at merge
saddles (white disks, center left). Only the last growth
reaching a saddle s is kept active and allowed to
continue to grow the saddle’s arc σs (matching colors,
center right). Last, when only one growth remains
active, the tree is completed by simply creating its
trunk, a monotone sequence of arcs to the root of the
tree which links the remaining pending saddles (pale
blue region, right).
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Fig. 4. the foot data set is a 3d scan of a human
foot on which the scalar field is the density. we use
the split tree segmentation to extract bones. (a) one
contour corresponding to the skin of the foot. (b) the
different bones highlighted using the segmentation of
the deepest arcs of the tree. (c) using topological
simplification enables us to identify bones belonging to
a same finger.

