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ABSTRACT Animal movement studies regularly use movement states (e.g., slow and fast) derived from remotely sensed locations to make

inferences about strategies of resource use. However, the number of movement state categories used is often arbitrary and rarely inferred from

the data. Identifying groups with similar movement characteristics is a statistical problem. We present a framework based on k-means clustering

and gap statistic for evaluating the number of movement states without making a priori assumptions about the number of clusters. This allowed

us to distinguish 4 movement states using turning angle and step length derived from Global Positioning System locations and head movements

derived from tip switches in a neck collar of free-ranging elk (Cervus elaphus) in west central Alberta, Canada. Based on movement

characteristics and on the linkage between each state and landscape features, we were able to identify inter-patch movements, intra-patch

foraging, rest, and inter-patch foraging movements. Linking behavior to environment (e.g., state-dependent habitat use) can inform decisions

on landscape management for wildlife.
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Linking animal behavior to processes, such as dispersal,
population dynamics, and habitat selection, is an important
theme in ecology (Lima and Zollner 1996, Nathan et al.
2008). A major focus of the behavior-oriented approach has
been to understand how landscape heterogeneity influences
animal movements (Wiens 1989, Crist et al. 1992, Johnson
et al. 2002). Whereas early animal movement studies
primarily relied on directly observing animals in controlled
arenas or animals that had narrow ranges of movement
(Jones 1977, Roitberg and Mangel 1997), advances in
technology of Global Positioning Systems (GPS) now
allows fine-scale monitoring of movements with high
accuracy for free-ranging animals. Technological advances
in GPS have led to a surge in methods for characterizing
movement patterns and identifying movement states
(Johnson et al. 1992b, Fauchald and Tveraa 2003, Morales
et al. 2004, Luque and Guinet 2007, Barraquand and
Benhamou 2008).

One common approach, with roots in random walk theory
(Kareiva and Shigesada 1983), uses sequential GPS
locations to describe the animal’s movement path in terms
of distance moved between points (referred to as step
lengths) and the turning angle between points (Turchin
1998). Based on changes in characteristics of these measures
(e.g., differences in distribution of step lengths and turning
angles), several studies have successfully identified multiple
movement states, such as slow and fast states thought to
reflect within and between patch movements or foraging
and exploratory movements (Morales et al. 2004, Patterson

et al. 2008). State-space modeling provides a powerful
means to model movement processes given multiple
movement states and also can be used to explore the
number of identifiable states using information criteria to
select among models based on different numbers of states
(Burnham and Anderson 2003; e.g., Morales et al. 2004).
However, computational challenges associated with large
numbers of parameters, which are needed for a realistic
movement model, and assumptions involved in modeling of
multistate movement processes are not trivial, especially for
data with many variables and many states. Ideally, a
technique for identifying the number of movement states
would evaluate evidence in multivariate movement data for
how many groupings are distinguishable without strong
assumptions about the movement process itself. Such an
exploratory analysis may be complementary to state-space
modeling by providing initial parameter estimates associated
with a set number of states.

We explored a multivariate clustering approach based on
k-means for statistically identifying patterns of different
groupings of movement characteristics, and we examined its
use with movement data taken from elk (Cervus elaphus) in
west central Alberta, Canada. We assumed no a priori
underlying joint distributions, nor number of movement
states, and we used the gap statistic (Tibshirani et al. 2001)
to evaluate evidence for number of movement clusters.

METHODS

The purpose of cluster algorithms is to group observations
with similar characteristics using multivariate information.
Fisher (1958:789) stated the problem as follows: given n
observations with d variables, find k similar groups. When
there are 2 variables, clusters are identifiable using a scatter
plot and by inspecting density of points (Fig. 1A). Clusters
of similarly related observations have a high density and
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separation between clusters shows low or no density. For the
problem of identifying different movement states, we would
have n observations (i.e., animal locations) each with d

associated variables (e.g., step length and turning angle)
where we attempt to identify k groups (e.g., movement

behaviors, modes, or states) based on movement character-
istics.

One commonly used algorithm for clustering data is the k-
means procedure (MacQueen 1967). This procedure starts
by initializing the number of clusters, k, identified within
the data. Once k is designated, k random, initial nodes, often
referred to as seed points, are generated (Fig. 1A). Once the
seeds are initialized, a multivariate distance measure (most
often a squared Euclidian distance) is calculated from each
data point to each seed. Observations are assigned to the
seed with the shortest distance, which reflects similarity in
the observations. Within-cluster means of all variables are
then calculated. The vector of variable means then becomes
the new seed point for each cluster. The process is iterated
until membership of observations within clusters stabilizes
(Fig. 1B). The k-means algorithm can be sensitive to initial
seed points. One approach to solve this problem is to run the
clustering routine multiple times with different initial seed
points and compare results (both the no. clusters and the
cluster to which each datum was assigned). Steinley (2006a)
provided a comprehensive review of k-means clustering, and
we refer the reader to Johnson and Wichern (1998) or
Legendre and Legendre (1998) for a thorough treatment of
k-means analysis.

Determining the variables important to identifying
clusters is an important area of current research. Kaufman
and Rousseauw (1990) noted the addition of non-informa-
tive variables will confound underlying cluster structure.
Building upon this observation, Lleti et al. (2004) developed
a procedure to eliminate non-informative variables to
investigate clustering when there are many variables
available. However, as Johnson and Wichern (1998)
suggested that the selection of variables to be included in
the clustering is best justified by the process, in our case, the
biology of movement variables related to between-patch and
within-patch movements.

Studies have shown that the outcome of cluster analyses,
including methods like k-means, are sensitive to distribution
and range in values of the input (x) variables (Steinley
2006b, Yingqiu et al. 2007). Heavily skewed data can hide
the cluster structure present in these data, whereas range
differences among variables affect contributions from
different variables to the clustering result. Clustering relies
on multidimensional measurement of (Euclidean) distance;
variables with a larger range will have a larger contribution
to this distance measure (Kaufman and Rousseeuw 1990).
Therefore, variables with a larger range will have an
increased weight in cluster analyses. As a result, both data
transformation and standardization have been recommend-
ed (Yingqiu et al. 2007). Range standardization is the
recommended standardization procedure for clustering
(Steinley 2006a):

zi~
xi{ min (x)

max (x){ min (x)
ð1Þ

Due to the role of the minimum and maximum value of a
variable in range standardization, it is crucial to inspect the

Figure 1. Illustration of k-means clustering (A, B) and gap statistic (B, C)
using simulated data (i.e., variable 1 and 2). (A) Two-dimensional data
(open circles) with initial seeds to be used for identifying center points of
clusters (black diamonds) with k-means. (B) Center point of the clusters
(no. clusters k 5 2; black squares) after convergence of the k-means, and the
principal components (PC1 and PC2) to be used for creating reference data.
(C) Reference data (black triangles) needed to calculate the gap statistic.

Van Moorter et al. N Identifying Movement States From Clustering 589



data for outliers (i.e., atypical data that are distant from the
rest of the data) before performing this standardization.

It is critical in clustering observations into groups to
determine number of groups present in the data. There are a
few suggested methods for evaluating evidence for the
number of clusters (Calinski and Harabasz 1974, Milligan
and Cooper 1985). Recently, Tibshirani et al. (2001)
proposed the gap statistic and found it correctly identified
true number of clusters more regularly than other approach-
es when compared in simulation. The gap statistic (eq 2)
provides a hypothesis testing framework that requires 4
steps. First, using the observed data, cluster analysis is
performed for k 5 1, 2, 3 … n. With the data clusters
defined, a measure of dispersion of the observations is
calculated by summing the within cluster squared Euclidean
distances (i.e., SSk,data for a given k). Second, a number of
reference data sets (b) are created by Monte Carlo
simulation using the uniform distribution on the principal
components (Fig. 1B, C). Principal components are used to
ensure the reference data span the same space as observed
data. Reference data sets are then clustered for k 5 1, 2, 3 …
n, and the SSk,ref is calculated for each reference data set.

gap kð Þ~E½log(SSk,ref )�{log(SSk,data) ð2Þ
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Third, the standard error, SEk (eq 3), from the reference
data set is required to create a decision rule. Finally, the
decision rule in the gap framework is to choose the smallest
number of clusters, k, such that the gap statistic of the data
with k groups is greater than or equal to the gap statistic of
k + 1 clusters less the standard error of k + 1 clusters (eq 4).

k̂k~ min (k) : GAP(k)§GAP(kz1){T|SEkz1 ð4Þ

Tolerance T is analogous to setting the alpha level in the
standard hypothesis testing framework, where increased
tolerance is similar to selecting a smaller alpha rejection
region. Tibshirani et al. (2001) used a tolerance of 1, but
larger values of tolerance increase the strength of evidence
required to include additional clusters (see Tibshirani et al.
2001 for full details and formulations). Tibshirani et al.
(2001) demonstrated that the gap statistic performed well in
detecting number of clusters when clusters are well
separated; however, it was sensitive to the amount of
overlap between clusters. Fortunately, the bias in sensitivity
is such that it is likely to identify fewer clusters than there
are in truth.

We illustrated this approach with data from elk in the
Rocky Mountain foothills of west central Alberta, adjacent
to Jasper and Banff national parks (Frair et al. 2005, Frair et
al. 2007). The area was topographically diverse and
predominately forested (.60%), making direct observation
of an individual elk’s movement behavior impractical. Forest
harvesting in the area created small clear-cut patches of
regenerating forest (hereafter cutblocks) throughout the
forest matrix. These patches provided considerably more

foraging opportunities than the surrounding forest, making
them attractive to elk (Visscher and Merrill 2009).

We used locations sampled every 2 hours from 15 June to
15 September 2002 for a resident female elk captured by
aerial netgunning (University of Alberta Animal Care and
Use Protocol no. 300201) and equipped with a GPS collar
(GPS 2200, Lotek Wireless, New Market, ON, Canada).
For more details on the data collection, see Frair et al.
(2005). Throughout this 3-month period, 930 locations
were recorded, with an 83% fix success rate. Using
consecutive locations stored in the collar, we calculated the
step length and turning angle for each movement segment
(Turchin 1998, Jerde and Visscher 2005). We calculated all
statistics only for 3 consecutive successful fixes to ensure
comparable time intervals. Turning angles ranged from 0u to
180u, so they were always positive. The neck collar also
contained an activity sensor that recorded number of times a
tip switch was activated by an up and down (vertical) or side
to side (horizontal) motion of the head during a preset
4-minute period directly before when the collar acquired an
animal’s location. Frequency of vertical or horizontal head
movements ranged from 0–255 (max. count stored over
4 min). Step lengths and turning angles described
movement trajectories (Turchin 1998); head movements
have been shown to reflect feeding behavior (Adrados et al.
2003). We used both the measures of path trajectories (step
length [SL] and turning angle [TA]) and head movements
(vertical activity [ACT1] and horizontal activity [ACT2]) as
variables in the cluster analysis because we expected they had
the potential to distinguish behaviors reflecting within and
between feeding patch movements.

We log-transformed both activity measures and step
length to reduce positive skew. Furthermore, we standard-
ized all variable values on their range (Steinley 2006a).
Because we found no outliers (no data seemed outlying by
visual inspection of the distribution, nor were any
observations .3.3 SDs from the mean, which corresponds
to a density of 0.001 in a normal distribution), we did not
remove any data before data standardization.

To demonstrate the importance of data preprocessing, we
first performed a cluster analysis on the raw data, these data
after log transformation and then after range standardiza-
tion. In subsequent analyses, we used the transformed and
standardized data, which is the recommended strategy.
Second, we replicated the k-means analysis 3 times to
investigate the effect of variable inclusion on choice of
number of groups using 1) all 4 movement measures, 2) only
trajectory measures (i.e., SL and TA), and 3) only activity
measures (i.e., ACT1 and ACT2). Finally, we performed
one more analysis using all 4 measurements but with
unequal weighting of the different variables. The use of
differential weighting for further analysis of these data was
suggested by the results from our previous analyses on the
effect of variable inclusion. For each of these analyses, we
used the gap statistic with 50 reference data sets (b in eq 3)
and tolerance levels of 1 and 2. We conducted k-means
cluster analyses 100 times with random seed points. All
procedures for the gap framework we described are available
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in the open-source software for statistical computing and
graphics R (R version 2.9.0, <http://www.r-project.org/>,
accessed May 2009), using package clusterSim by Wale-
siak and Dudek (version 0.36-3, <http://keii.ue.wroc.pl/
clusterSim>, accessed May 2009). A modified version of the
function index.Gap is available from B. Van Moorter’s
website (<http://ase-resarch.org/moorter>, accessed Nov
2009) together with our example data.

RESULTS

The raw data without any data preprocessing did not reveal
any cluster structure; the gap statistic was maximum for one
cluster (i.e., no cluster structure). After log transforming
both activity measures and step lengths, we found a structure
with 2 clusters. The 2 movement states differed only in their
degree of directional persistence (mean TA: 43u versus 136u;
t897 5 255, P , 0.001). The larger range of the turning
angles (from 0u to 180u) than the other measures (on a log-
scale: 0 to 8.22 for the step lengths and 0 to 5.55 for both
activity measures) explained the clustering based on turning
angles. Figure 2A and B shows how range standardization
of the different variables led to a distinctly different cluster
structure (instead of on turning angles, the clustering is now
mainly based on both activity measures).

Irrespective of whether we included only trajectory
measures (SL and TA), only activity measures (ACT1 and
ACT2), or all 4 variables in the k-means analysis, we found
evidence for only 2 movement states at both levels of
tolerance (Fig. 2A, C, E). However, when using all 4
measures, the gap statistic continued to increase for .2
clusters (Fig. 2A). Such an increase in gap values could
indicate a more complex or even hierarchical structure in the
data (Tibshirani et al. 2001). We used variable weighting to
further explore the cluster structure in our data (see below).

Although we found agreement about the number of
movement states among analyses with different input
variables, we found also important differences in cluster
assignment of the data. First, agreement between cluster
membership based on trajectory measures and on all 4 mea-
sures were barely different from random (proportion
agreement 5 0.54; x2

1 5 3.6, P 5 0.06), whereas agreement
between clusters of movement states from activity measures
and from all input variables was nearly the same (proportion
agreement 5 1.00, x2

1 5 909.0, P , 0.001). This indicated
that when we analyzed all variables together, cluster
assignment was driven primarily by activity measures and
that movement behaviors related to head movement were
more distinct than trajectory variables. Nonetheless, the
pattern of turning angles differed among movement states
based solely on trajectory data (Fig. 2D). One movement
state (n 5 421) was characterized by strong directional
persistence, whereas the other (n 5 503) by frequent
direction reversals by elk.

The previous analyses suggested that the cluster structure
in the trajectory measures (notably TA) was lost in the
structure presented by both activity measures (see Discus-
sion). This dominant effect of the activity measures could be
explained by the high correlation between both activity
measures (r 5 0.51). Therefore, we continued our
investigation of the cluster structure by decreasing the
weight of both activity measures. To compensate for the
variance shared by both variables (r2 5 0.26), we decreased
the weight of each activity measure by 0.13 (i.e., r2/2). The
reduced weight of the activity measures led to a more stable
gap statistic pattern (see Fig. 2G). The value of the gap
statistic increased until we identified 4 or 5 clusters, after

Figure 2. Gap statistic for different number of clusters and characteristics
of the variables for the selected number of clusters for an elk during summer
in Alberta, Canada. Panels on the left side (A, C, E, G) show the gap
statistic with its standard error for 1 to 10 clusters. The selected number of
clusters using a tolerance of 1 and 2 are marked with a black dot and a
square, respectively (note that only in panel G a difference occurred between
both tolerances with, respectively, 5 and 4 clusters selected). Panels on the
right side (B, D, F, H) show for each cluster the mean and 2 3 standard error
of the 4 clustering variables in our study (note that we did not necessarily use
these variables all for the clustering itself): vertical and horizontal head
movements (ACT1 and ACT2, respectively), step length (SL), and turning
angle (TA). The cluster analysis in the top panels (A and B) was based on all
4 variables; the second row (C and D) on the trajectory measures (step length
and turning angle); the third row (E and F) are the results of both head
movement (i.e., activity) measures; and the bottom panels (G, H) result from
all 4 measures with decreased weight of the activity measures.
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which it stabilized. Whether 4 or 5 clusters were selected
depended on the choice of tolerance value (2 or 1,
respectively). Figure 2H and Table 1 summarize the
movement characteristics of the 4 movement state clusters.

DISCUSSION

We showed the strength of the k-means approach with gap
statistic as a framework for identifying movement states that
allows movement data to be explored in a hypothesis testing
framework, using a well formulated statistical criterion (i.e.,
gap statistic) to identify the number of movement states.
From our results it also was clear that the outcome of the k-
means was sensitive to distribution of the data, because
without data preprocessing we identified no clusters in our
data. It is therefore important to carefully inspect data
distribution before undertaking a cluster analysis. Equally
important is a comparable measurement scale for all
variables. When large scale-differences exist, those variables
with the largest range will contribute more to Euclidean
distances among points, resulting in an unintended
weighting of the variables. Intentional variable weighting
can be useful when there are statistical (e.g., Steinley and
Brusco 2008) or biological reasons to assign more weight in
the clustering approach to specific variables. We demon-
strated this by decreasing the weight of the head movement
data to counter the effect of having included 2 such highly
correlated measures in the analysis.

Using the approach we presented, the researcher can
explicitly test for the number of distinctive states and can
adjust the strength of evidence required to add clusters by
changing the tolerance used in the gap statistic. Tolerance T
in equation 4 determines the number of standard errors used
to assess the change in gap statistic with increasing number
of clusters (increasing T leads to a more conservative
choice). In the analysis with weighted activity measures, we
found some uncertainty regarding the number of clusters
(i.e., no. clusters 4 vs. 5). Therefore, one should carefully
inspect changes in gap statistic with number of clusters,
instead of exclusively relying on an arbitrary tolerance value.
If there is a clear peak (as in Fig. 2D), then low uncertainty
in the number of clusters exists, with all clusters being
clearly separated. However, a gap statistic increasing beyond
the selected number of clusters (e.g., Fig. 2B) suggests a
more complex cluster structure (Tibshirani et al. 2001). In

this situation, the researcher should investigate cluster
structure further. Variable weighting, as we did, can be
used with k-means cluster analysis. Alternatively, hierarchi-
cal clustering can be used to investigate hierarchical cluster
organization (Kaufman and Rousseeuw 1990).

In the context of the analysis of GPS data, we must
address 2 important issues: sampling interval and missing
fixes. First, the sampling interval determines the temporal
scale of the data (Nathan et al. 2008); therefore, it is
important to select an interval appropriate for the research
question. When travel distances become too short at short
sampling intervals, inaccurate movement assessment may
arise due to GPS error (Hurford 2009). With increasing
sample intervals behaviors become more aggregated. For
example, elk movement sampled at a daily interval
aggregates rest and movement states (found in our data at
2-hr intervals, see below); instead, these data showed
behaviors at a larger temporal scale, like encamped and
exploratory states (Morales et al. 2004). Therefore, the error
in the data and the temporal scale of the behavior of interest
will dictate sampling interval. Second, missing fixes can lead
to bias in estimates of habitat selection (e.g., Frair et al.
2004, Bourgoin et al. 2009). A similar problem can arise for
movement states. In contrast with habitat selection studies,
it is not possible to use static collars to assess movement
related fix bias. However, when movement states are
temporally autocorrelated, interpolation can be used to
estimate fix bias related to movement behavior (similar to
Bourgoin et al. 2009 for habitat selection).

One of the interesting possibilities offered by distinguish-
ing movement states of animals in ecology is to investigate
animal responses to the environment. As a simple
illustration, we compared occurrence of the 4 movement
states in cutblocks versus non-cutblocks, and during
crepuscule (morning and evening) versus the rest of the
24-hour period. As discussed above, cutblocks offer
important foraging opportunities for elk, and the major
activity peaks for elk occur at dusk and dawn (Merrill 1991,
Olsson et al. 2007). We found important differences among
movement states with respect to their occurrence within
cutblocks (x2

3 5 18.64, P , 0.001) and during twilight (x2
3

5 25.58, P , 0.001; see Table 1). The first movement state
seemed to correspond to movements between cutblock
patches, characterized by high activity and high directional

Table 1. Characteristics of the 4 movement states in an elk trajectory during summer in Alberta, Canada. The movement states were distinguished by the
weighted k-means clustering on all 4 variables (i.e., activity measures [ACT1 and ACT2], step length [SL], and turning angle [TA]). For each state, the
mean and standard error of each variable, proportion and standard error during twilight and within cutblocks, and total number of observations are shown.

State

State 1 State 2 State 3 State 4

x̄ SE x̄ SE x̄ SE x̄ SE

ACT1 57.89 3.29 56.87 3.33 17.09 2.46 18.79 2.18
ACT2 71.95 3.4 58.33 3.36 2.16 0.41 1.77 0.26
SL 309.54 23.18 317.48 26.46 180.22 16.71 206.64 20.62
TA 41.23 1.51 134.16 1.77 139.19 1.67 46.56 1.74
Twilight 0.6 0.03 0.6 0.03 0.44 0.04 0.42 0.03
Cutblock 0.5 0.03 0.65 0.03 0.62 0.04 0.49 0.03
n 284 225 189 231
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persistence. Alternatively, the second movement state was
most likely composed of foraging movements, which
combined frequent head movements with frequent direction
changes. Not surprisingly, these foraging movements
occurred primarily during twilight within cutblocks. The
third movement state was characterized by few up and down
head movements; therefore, feeding was unlikely to have
occurred during this phase. The low directional persistence
may have resulted from GPS-error during an animal’s
resting phase (Hurford 2009). In further support for this
interpretation, we found this movement state occurred less
during the main activity periods (i.e., twilight) and more
within cutblocks, where high visibility may aid early
detection of approaching predators. In contrast, little head
movements with high directional persistence were typical of
the final movement state. A clear biological interpretation
for this state is not straightforward. This final movement
state occurred less during twilight and less within cutblocks.
We can speculate that this state consisted of between-patch
movements without foraging, whereas occasional foraging
occurred in the first movement state.

Hence, presence or absence of foraging during between
patch movements would explain the amount of head
movements. Thus, the strong linkage between movement
states and landscape features corroborates the success of our
technique in identifying biologically plausible states.

Ultimately, the usefulness of groupings of movement
characteristics derived from the k-means approach is
dependent on their correspondence to biological mecha-
nisms and processes that produced the clusters. Indeed, the
interpretation of different movement states follows from the
descriptive characteristics of these states. Cluster analysis
investigates the structure and patterns in the data. If
behavioral observations were taken while the GPS collar
was deployed, then once the data were clustered, the
researcher could explore correspondence of observed behav-
iors to the different clusters.

An important asset of the k-means approach combined
with the gap statistic is the ability to include multivariate
information. Although previous methods (Johnson et al.
1992a, b; Morales et al. 2004) have included turning angles
and step lengths, they are not conducive to using a range of
variables, such as head movements we used in our elk
example. Although it is possible to include other variables in
state-space models, doing so results in increasing model
complexity and computational challenges. With advance-
ments in animal collar technology, we expect additional
variables, such as physiological responses (e.g., heart rate),
abiotic conditions (e.g., ambient temp.), to become
particularly useful in remotely identifying behaviors such
as inactivity2thermogenesis or predatory flight responses.
However, care should be taken in selecting variables to be
included, because nondiscriminating variables can clutter
and hide cluster structure present in the data.

The k-means approach with the gap statistic allows the
researcher to explicitly investigate the number of movement
states in a transparent hypothesis testing framework without
assumptions about the underlying movement process. In

previous methods, the number of states was not an explicit
part of the research hypothesis (e.g., Fauchald and Tveraa
2003) or was identified using a parametric approach with
assumptions regarding the movement process (e.g., Morales
et al. 2004). It is important to note that these different
approaches are not exclusive; they are complementary
instead. For example, the first passage time (Fauchald and
Tveraa 2003) can easily be included in a k-means cluster
analysis in addition to or instead of other movement
characteristics, whereas knowledge gained by investigating
patterns in movement data will aid development of models
for movement processes (Patterson et al. 2008).

Management Implications
For many management applications, knowledge of animal
behavior in relation to its environment is important. For
example, if the monitored organism forages in limited
habitat and this behavior is identifiable from the GPS data,
then identifying these presumably critical areas could have
consequences for management actions that may disrupt
critical forage habitat. Where direct observation is difficult
or impossible, remotely sensed data can provide information
on behavior states; however, indirect observation of behavior
requires linking behavioral states to movement and activity
metrics. The k-means clustering with the gap-statistic can
offer a defensible approach to infer these behavioral states
based on directly or remotely sensed data.
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