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Figure 1: Aggregate flowmap of white stork data. First showing the original data, then at generalisation levels of 60km (centre)
and 120km (right) The dataset contains over 300,000 points, which was clustered into 318 centroids in 241 milliseconds.

CCS CONCEPTS
• Human-centered computing → Visualization toolkits; Vi-
sualization techniques; • Computing methodologies → Par-
allel algorithms.
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1 INTRODUCTION
In today’s ’big data’ environment the sheer volume of data can
cause problems in the creation of visualisations of trajectory data.
An overabundance of data creates a number of issues not only tied
to the computational complexity of the visualisation, but also with
occlusion of data. This is particularly an issue for large datasets,
wheremultiple data points overlap, causing some parts of the data to
become obscured. More involved aggregation techniques for large
movement datasets of GPS data are now beginning to be developed.
This allows for the visualisation of not only where movement is
occurring, but also what direction. For example, Andrienko and
Andrienko [2011] developed a method of aggregation that creates a
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number of flows between ‘characteristic points’. These characteris-
tic points are defined as relocations within a trajectory of particular
interest, such as significant turning points or stopovers. Recent
developments by Graser et al. [2020] improved upon this by creat-
ing flow maps for large maritime vessel movement datasets. This
method however utilises the power of a distributed computing en-
vironment. We argue that with adjustments to the original methods
used by Andrienko and Andrienko, it can be made more suitable
for processing large amounts of data utilising the massively parallel
processing of the GPU, without the need for networked clusters.

Here we present a GPGPU accelerated aggregate flow method,
used to aggregate the millions of data points found in today’s eco-
logical movement datasets. We adapt the sequential method of
Andrienko and Andrienko [2011], making it more suitable for the
GPU architecture. This allows for interactive adjustment of pa-
rameters, removing the disconnect of adjustment and results that
occurs when long computation times are required. This creates a
fully interactive environment that can be used to investigate large
amounts of movement data that can be used to examine phenomena
at multiple scales.

2 OUR APPROACH
Much like the method implemented by Andrienko and Andrienko
[2011] the creation of aggregate flow diagrams is divided into three
distinct steps: The detection of characteristic points, the clustering
of these event points to create the centroids used to generalise
the data, and finally the segmentation of trajectories into flows. It
is assumed here that the characteristic points have already been
determined.

To implement clustering a GPGPU accelerated canopy clustering
method is used. Originally designed by McCallum et al. [2000] as
a pre-clustering algorithm for use with large, high dimensional
datasets, its use here allows for the efficient clustering of large
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amounts of data while also adjusting the radius of the resulting
clusters, in turn allowing for adjustment of the level of generalisa-
tion. There are three inputs: the dataset to be clustered, the loose
distance T1 and the tight distance T2, with T2 < T1. This method
is implemented on the GPU via the use of thrust, allowing for rapid
calculation of clusters with a variable radius, and thus a variable
level of generalisation.

Not only the clustering of characteristic points can benefit from
GPGPU acceleration, but also the segmentation of trajectories into
visits between each cluster. The initial method by Andrienko and
Andrienko utilises Delaunay triangulation to create Voronoi cells,
with added points to create cells of a more even size and shape. The
current cell for each relocation in every single trajectory is then
obtained sequentially, with movement descriptors such as time in
cell calculated for each relocation.

We make use of dynamic parallelism to accelerate distance mea-
surements, creating a thread for each centroid for each relocation.
With the trajectories already stored on the GPU for visualisation,
the OpenGL interoperability is used to send the trajectory data
to the kernel, which is faster than copying from host memory. A
child kernel is then invoked for each relocation within a trajectory.
This child kernel performs a parallel reduction on the centroids,
calculating the distance from the centroids to the current reloca-
tion and reducing to the minimum distance. The resulting array
contains the index of the closest centroid for every relocation. This
is then used to calculate the number of transitions between each
cell. Other statistics, such as length of the path within the cell and
time within the cell, can then be calculated using partial reduction
on the annotated array.

Stream compaction is performed on this array, with relocations
where the next point contains a different centroid being flagged as
a flow transition. The flow count is incremented during the stream
compaction using atomics. While this may cause issues as the num-
ber of flow transitions approaches the size of the trajectory, in most
cases the number of flow transitions will be far smaller than the
number of relocations. The compacted array is then used to anno-
tate the trajectory with the approaching flow using a scan operation.
This annotates the trajectory with the index of the approaching
flow, with the final relocations assumed to be part of the previous
flow transition.

3 RESULTS
The clustering step has seen an increase in performance due to GPU
acceleration. Andrienko and Andrienko state that “the computing
time was 265 milliseconds for the 36,328 points” for clustering
“54 groups” using their sequential CPU method, with our GPU
canopy clustering method able to cluster 299,371 event points in 241
milliseconds creating 318 centroids. This performance improvement
increases as more event points are added, especially with datasets
with centroids that contain a large number of points. This is due to

avoiding the recalculation of centroids for each point added, with
the GPU method performing a single parallel reduction.

Trajectory segmentation also benefits from GPU acceleration,
with a trajectory of 3 million data points being annotated and
flow counts updated in under one second. This calculation time
includes all cell calculations of time duration and distance moved.
This allows for the creation of multiple flow maps with differing
amounts of tag data, highlighting the movement of different studies
or a select number of tags within each study. Comparing to the
CPU implementation, a trajectory containing 1 million event points
requires 20 seconds to annotate, with the GPU implementation still
under 1 second. As the number of points increases the speedup
observed compared to the CPU method plateaus to about 20 times.
With today’s datasets containing millions of data points for a single
tag this increase in speed significantly effects the total computation
time of a complete dataset of migratory animals.

With both tag event detection and level of generalisation signifi-
cantly effecting the resultant flow map this recalculation may be
needed many times. The CPU implementation by Andrienko and
Andrienko can have long waiting times between each flow map.
This creates a disconnect between parameter adjustment and result,
especially as the number of points increases. GPU acceleration sig-
nificantly reduces the computation time for large datasets, allowing
for a multitude of levels of generalisation to be investigated inter-
actively. This can then be combined with environmental context
to allow for investigation of the effect of the environment on the
movement of large studies [Bird and Laycock 2019].
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