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1 Introduction

We analyse the trajectories of two species of gulls. The dataset consists of the
trajectories of 101 individuals breeding at the Belgian Coast over just more
than 2 years (Stienen et al., 2016). Our goal is to analyse the migration and non-
migration behaviour of these birds, in particular comparing these two behaviours
across species and individuals. For this we employ model-based segmentation and
classification (Alewijnse et al., 2014b).

First we segment and classify the input trajectories. Next we partition the
segments into migration and non-migration. We compare the resulting classi-
fication of these sets across species and individuals with respect to diffusion
coefficient and speed. In the following we first outline our approach in Section 2
and present our experimental results in Section 3.

2 Methods

In this section we outline the model-based segmentation and classification we
use for analysis, which were developed jointly with several co-authors (Alewijnse
et al., 2014b; Buchin & Sijben, 2015).

Previous work on trajectory segmentation in computational geometry has
focussed on criteria-based segmentation, where each segment fulfills given spatio-
temporal criteria. Here, an optimal segmentation is one with a minimal number
of segments. For this setting several algorithms have been proposed. Buchin
et al. (2011) developed a framework that computes a segmentation given a de-
creasing monotone criterion, that is a criterion which if it holds on a certain
segment, also holds on every subsegment of that segment. In this framework,
a segmentation can generally be computed in O(n log n) time, where n is the
number of sampling points. Although many natural criteria are monotone, not
all are, and for this case Aronov et al. (2013) developed an algorithm that runs
in Θ(n2) time. Recently, Alewijnse et al. (2014a) proposed a framework that
can efficiently handle both decreasing and increasing monotone (defined analo-
gously to decreasing monotone) criteria in O(n log n) time. Criteria-based seg-
mentation can also be used for classification, by using multiple criteria, one for
each class. This setting has been successfully applied to a data set of migrating
geese (Buchin et al., 2012b). Recently, Sankararaman et al. (2013) proposed to



segment a trajectory by detecting similar subtrajectories1. In movement ecol-
ogy, classification algorithms have been used to identify behavioural states from
acceleration data (Whitney et al., 2010; Nathan et al., 2012; Shamoun-Baranes
et al., 2012).

Criteria-based segmentation and classification partitions data based on pre-
specified criteria. The motivation for this –and other movement analysis tasks–
is in many cases to make inferences about the underlying movement process. In
the light of this objective it seems only natural to take a more statistical per-
spective on these analysis tasks: As we describe in more detail below, trajectory
segmentation and classification can be seen as fitting a parameterized movement
model to the data.

Taking such an approach is essential when designing algorithms for applica-
tions –as in ecology– that use movement data in a statistical analysis. Therefore
we now discuss movement models used in ecology. Movement models are used to
infer a continuous motion from discrete samples of the movement path. In ecol-
ogy, mostly random movement models (Humphries et al., 2010), like the Brow-
nian bridge movement model (BBMM) (Bullard, 1999; Horne et al., 2007) and
variants of it (Benhamou, 2011; Kranstauber et al., 2012), Lévy walks (de Jager
et al., 2011) and behavioural change point analysis (BCPA) (Gurarie et al.,
2009) are used. Recently, the BBMM has also been introduced to computational
movement analysis (Buchin et al., 2012a).

In a parameterized movement model, a link l, i.e. the part of the trajectory
between consecutive observations, has an associated log-likelihood function Ll(x)
as a function of the model parameter x. The likelihood of a parameter value for
a set of links B (e.g. a segment or trajectory) is given by LB(x) =

∑
l∈B Ll(x).

We use the term partition to refer to either a segmentation or classification,
which additionally assigns a value x(P ) of the model parameter to each part P
(i.e. a segment or class). A partition P has an associated log-likelihood, which
is defined as

LP =
∑
P∈P

∑
e∈P

Le(x(P )). (1)

That is, the log-likelihood of each part P (i.e., segments or classes) is the sum
over the log-likelihoods of its elements e (i.e., single links or segments), while the
log-likelihoods of the parts are added to obtain the log-likelihood of P.

We could now define an optimal partition as one that maximizes the log-
likelihood, but then it would be optimal to put each link or trajectory into its
own part, since that allows optimizing all the likelihoods separately. One solution
is to compute the optimal partition with a fixed number of parts, but typically
the number of parts is not known beforehand. To avoid overfitting the movement
model, the Bayesian information criterion (BIC) is frequently used (Kranstauber
et al., 2012; Gurarie et al., 2009).

To facilitate multi-scale analysis, we use a more general notion of an infor-
mation criterion (IC) to define the optimal partition. An IC assigns a value to

1 For this they introduce a new model for similarity. The term model is used in our
paper in a different sense, namely as referring to statistical models.



each partition based on its likelihood and the complexity of the model (that is,
the number of parts). In particular we consider ICs of the form

IC(P) = −2LP + |P| · p, (2)

where LP is the log-likelihood of the model instance and |P| is the number of
parts of the partition. The number p is a penalty factor for adding complexity
to the model that counteracts overfitting.

There are several ways to choose a good information criterion, the two most
commonly used being the Bayesian information criterion (BIC) and the Akaike
information criterion (AIC). The BIC has a penalty p = ln(n), where n is the
number of measured locations for segmentation or the number of trajectories
for classification. The AIC has a constant penalty p = 2. Additionally, stability
diagrams (Alewijnse et al., 2014a) can be used to find a good penalty factor for
the specific data set.

We now define an optimal segmentation or classification to be one that min-
imizes the value of the IC. That is, an optimal segmentation Sopt of a trajectory
τ is the segmentation and selection of model parameters for the segments x(Si),
1 ≤ i ≤ |Sopt|, that achieves the minimum value for the information criterion
among all segmentations and parameter values for τ . An optimal classification
Copt of a set of trajectories T is the classification and selection of model param-
eters for the classes x(Ci), 1 ≤ i ≤ |Copt|, that achieves the minimum value for
the information criterion among all classifications and parameter values for T .

Alewijnse et al. (2014b) developed an efficient algorithm for model-based
segmentation of a trajectory and we presented an algorithm for model-based
classification (Buchin & Sijben, 2015; Alewijnse et al., 2014b). We implemented
both algorithms in R for the case of the Brownian bridge movement model and
using a discrete set of allowed diffusion coefficients.

3 Experiments and Results

We segmented each input trajectory and then classified the resulting set of seg-
ments using the methods described before. The penalty factors were tuned by
hand, increasing the penalty factor for the BIC by a factor of 8 for segmenta-
tion and 16 for classification. The 98 input trajectories with a total of 2,485,399
observations were subdivided into 12,787 segments, which subsequently resulted
in 19 classes.

Each segment was labelled either migration or non-migration, where migra-
tion is defined as the majority of the segment being outside the 95% home range
as computed by the BBMM (Horne et al., 2007). Of all the segments, 12,498 were
designated non-migration and 289 migration. Some examples of the labellings
produced by this method are shown in Fig. 1. This method produces reason-
ably good results, although some segments that intuitively look like they should
be migration are not labelled as such. A likely cause for this is that a segment
has to be labelled as a whole, and apparently these segments are not entirely
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Fig. 1: Example trajectories, coloured by segment type. Migration in red, non-
migration in grey. The contours of the 95% home ranges are shown in black.

homogeneous, including some stopovers and/or resting time at the start or des-
tination. The labelling may be improved by further tuning of the parameters,
i.e. the segmentation penalty factor, the level of the home range and the fraction
that has to be outside.

The results were aggregated into a table containing the total duration of
the segments assigned to each class, separated by animal ID and the type of
trajectory.

The distribution of the segments over the classes are summarized for the two
segment types in Fig. 2. There is a clear tendency for migration segments to
have higher diffusion coefficients than non-migration segments, indicating less
homogeneous motion during migration.

We divided the migration segments into spring and fall migration based on
the date (March-August and September-February), but could detect no signifi-
cant differences in the class distribution between those.

Fig. 3 summarizes the average speed in each of the classes. For each segment,
the movement speed was sampled at regular intervals and the average speed
for the segment computed from these. For each class, the average speeds of the
segments in the class are summarized in a box plot. There is a clear correlation
(ρ = 0.425) between the average speed in a class and its diffusion coefficient.
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Fig. 2: Distribution of segments over classes for migration and non-migration.
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Fig. 3: Average speed for segments within each class.
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