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Abstract
The increasing use of technology in wildlife monitoring has led to the upscaling of previous monitoring
efforts. But as such, current efforts rely on high resolution imagery, typically from UAVs, which cannot
scale to large areas or frequent repetitions. This study aims to investigate if animal movement has the
potential to distinguish between species by creating a machine learning algorithm. If so, one could use
tracking technology with low resolution videos for wildlife censuses. An extensive GPS dataset on four
species of African ungulates was used to derive movement characteristics. Additionally, contextual
movement characteristics were obtained from environmental data. Multiple scenarios in terms of
trajectory length were investigated, from a single hour up to a day of GPS recordings. A large set of
features were created and used in a Random Forest algorithm for the classification of the target
species. Trajectories capturing a day of movement were more successful than their shorter
counterparts regarding species recognition. A classification accuracy of 83% was reached in the best
case. Concerning the target species, feature importance metrics showed that two species benefited
mainly from the movement characteristics whereas the remaining species were mainly distinguished
based on the contextual movement data. The exploratory steps taken in this research have shown
that species recognition from movement is a viable avenue for wildlife monitoring but requires daylong monitoring and contextual data. It is recommended to further investigate the potential of shorter
trajectory lengths by means of alignment in time and exploring more sophisticated movement
characteristics. A foundation of characterizing wildlife by movement has been set in this research, but
for the envisioned application, technology has yet to catch up.
Keywords: wildlife monitoring, movement classification, species recognition, Random Forest
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1. Introduction
Wildlife monitoring holds powerful tools to gain knowledge on the density, distribution and behavior
of wild animals. Nowadays, the status of wildlife populations is an increasing global concern due to
devastating declines in a broad range of species (Pimm et al., 2014). Large-scale efforts such as the
IUCN Red List of Threatened Species explore global trends in population sizes and stimulate worldwide
conservation planning (Rodrigues et al., 2006). However, conservation actions, whilst often initiated
or inspired by the Red List, require local involvement (Mace et al., 2008). Successful conservation
projects often operate at a small spatial scale and benefit from detailed information to enact
conservation strategies (Rodríguez et al., 2000). Detailed not only in accuracy at the spatial scale but
also at the temporal scale, thus having frequent revisits. This need for up-to-date and detailed
knowledge in the wildlife conservation sector drives the demand for high-quality monitoring of wildlife
populations.
Technology has gotten an increasingly more prominent role in monitoring wildlife for conservation
and management, enabling tremendous upscaling of human endeavors (Chabot and Bird, 2015;
Hodgson et al., 2018). Particularly rapid developments in the acquisition and analysis of imagery data
are increasingly replacing traditional monitoring. Unmanned Aerial Vehicles (UAV) have revolutionized
animal counts by facilitating large-scale data acquisition at a low cost (Gonzalez et al., 2016; Hodgson
et al., 2016). In addition, deep learning algorithms have aided in the automation of animal detection
in UAV imagery (Rey et al., 2017; Kellenberger, Marcos and Tuia, 2018). So far, there have not been
many reports of species differentiation from the analysis of UAV material. Eikelboom et al. (2019) have
reported high detection rates for each of their targeted species from relatively high-resolution
imagery. Though promising, species recognition algorithms have yet to become more of a norm
compared to animal detection algorithms in UAV-related wildlife monitoring. Species recognition has
had a much more prevailing presence in the analysis of camera trap data. The close-up imagery has
inspired the creation of a plethora of species identification algorithms with a high success rate thanks
to the implementation of deep learning networks (Chen et al., 2014; Gomez Villa, Salazar and Vargas,
2017; Nguyen et al., 2017). A more advanced application is discerning animal behavior from the
camera trap material (Norouzzadeh et al., 2018), however this captures a moment, and the material
does not allow the investigation of movement over time.
It is clear that the contribution of image-based analysis in wildlife monitoring is mainly in investigating
population counts and distributions. Nevertheless, behavioral ecology is also a central theme in
wildlife monitoring. Again, the use of technology has opened up a wide array of behavioral aspects to
be studied, especially in the field of movement ecology (Baratchi et al., 2013). The Global Positioning
System (GPS) is a frequently used application in studies of animal movement (Cagnacci et al., 2010).
Movement parameters can reveal patterns at various scales, from fine-grained momentary behaviors
to migratory endeavors spanning the Earth’s surface. Numerous researches explore movement
analysis from GPS data to increase knowledge on behavioral ecology (Grünewälder et al., 2012; de
Weerd et al., 2015; Browning et al., 2018). However, applying the tracking devices is an invasive
process and as such impractical to scale, unlike image-based tracking as a remote way of quantifying
behavior (Dell et al., 2014).
The use of image-based monitoring is limited by the need for high resolutions which conflict with large
scale analyses and frequent repetitions. If one wanted to scale up wildlife censuses to cover larger
areas, low resolution imagery would have to suffice. However, reducing animals to a few pixels would
not allow the use of visual animal recognition methods. But, tracking animal movement is still a viable
option and is becoming a promising addition to studying wildlife behavior (Haalck et al., 2020). Imagebased tracking could provide valuable information on wild animals, if their identity can be revealed.
1

This raises the question if movement of the animals itself is able to distinguish different species. If so,
tracking technology could be applied to low resolution video material, allowing coverage of larger
areas than seen before in image-based studies. At the same time valuable movement data is collected,
making it an interesting alternative to current wildlife monitoring methods.
The movement of animals is affected by both internal and external factors (Nathan et al., 2008).
Competition for territory and resources affects when animals move (Valeix, Chamaillé-Jammes and
Fritz, 2007) and where they move (May et al., 2008), conceivably this has an impact on a species’
movement characteristics. To deduce the effect of the environment on an animal’s movement path,
environmental data can be linked to animal tracking data (Dodge et al., 2013). Furthermore, coexisting species show diverging movement strategies (Gentile and Cerqueira, 1995; Speed et al., 2011;
Owen-Smith and Goodall, 2014) thus movement might be a source to differentiate co-occurring
species. This has already been the subject of a study conducted on ciliate movement by (Soleymani et
al., 2015). They studied movement classification regarding species identity and found movement data
increased species distinction besides visual information. They suggest their results might be applicable
in movement ecology in general which inspires to see if this method could be applied in wildlife
monitoring.
In this study, species recognition of mammals through movement is explored, proposing that wildlife
monitoring could be based on low resolution imagery. The novelty of this study is that a machine
learning algorithm is developed which classifies different animal species based on movement data. An
extensive GPS dataset forms the basis of the analysis, but also spatially linked environmental data is
used to get a measure of the influence of context on movement. A Random Forest algorithm is
developed to address the movement classification problem regarding species recognition. As this is a
relatively undiscovered area of study, especially on large mammals, there are many options on how
to approach the problem, mainly regarding trajectory settings and feature extraction. The following
research questions are addressed in this study to gain valuable insight in the movement classification
problem.
1) How do trajectory length and time of day affect movement classification performance
regarding species identity?
2) What is the best movement classification performance achievable by a Random Forest?
3) Which type of features are the most valuable predictors in movement classification?
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2. Data and study area
Studies executed on the African savanna by the Wildlife Ecology and Conservation Group of
Wageningen University resulted in a high-voluminous GPS dataset. The studies involved tracking four
African ungulate species – plains zebra (Equus quagga), blue wildebeest (Connochaetes taurinus),
common eland (Taurotragus oryx), and impala (Aepyceros melampus) – by means of wearable GPS.
The animals were kept in an enclosed area (1200 ha) that is part of the Welgevonden Game Reserve
in South Africa (Figure 1). There were no predators present in the area but, on occasion, visitors
entered the area.
The GPS dataset contains trajectories of 117 animals with varying durations, up to a maximum of seven
months. Each trajectory is made of location recordings, referred to from hereon as fixes. A fix contains
a timestamp (GMT +2), an x- and y-coordinate (projection system UTM35S) and an animal identifier
unique to each individual. The data has been stripped of extreme outliers, smoothened and
interpolated prior to this research to achieve regular fixes at a one-minute interval (De Knegt et al. in
prep.). In the raw material, fix rates varied between two and fifteen minutes depending on activity
levels of the subject.
The GPS data is accompanied by a metadata file that serves as a lookup table for characteristics (e.g.
sex, age) of the individual animals. The characteristic of interest in this study is the species to which
each individual belongs, also referred to as the ground truth label. The unique animal identifier serves
as the key by which the species label can be connected to the trajectories.
Additional to the trajectory measurements, several environmental datasets were available (De Knegt
et al. in prep.). These include a digital elevation model (DEM), a fractional tree cover and fractional
grass cover grid and three grids concerning the distance of any location in the study area to the nearest
road, main road or the nearest water source. The final distance grid is based on three water sources
in the area, two of which are man-made and one of which is natural and most likely to contain water
throughout the year. All grids have a resolution of 2x2 meters and were created in the same projection
system as the tracking data (UTM35S).
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Figure 1. Map of study area, part of the Welgevonden Game Reserve in South Africa
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3. Methods
The research methods used in this study consist of three major phases: trajectory segmentation,
feature extraction and classification. The methods are loosely based on the movement classification
overview presented by (Soleymani et al., 2015). Main novelties of the approach in this study are the
development of trajectory features using environmental data and the comparison of movement
classification at several temporal scales of trajectory size. Figure 2 shows an elaborate flowchart of
the research methods and any interim data that is created during the transition from the raw
movement data to the prediction of species classes.
All data manipulation and the analyses were executed with the open source software Python (version
3.8). In segmentation and feature extraction, the main tools were provided by the packages Pandas1,
NumPy2 and GeoPandas3. The machine learning analysis was executed with the package Scikit-learn4.

3.1 Preprocessing
The GPS data only needs minor alterations as it has already been thoroughly preprocessed by De Knegt
et al. (in prep.). The fix rate is downsampled to a ten minute-interval to make the analysis less
computationally heavy. Moreover, a fine fix rate could lead to a large influence of fine-grained
behaviors on the movement features (Soleymani, van Loon and Weibel, 2014). Fine-grained behaviors
likely occur irregularly and can thus be a source of noise in capturing movement features over a large
timespan. As the goal of this study is to distinguish species by movement, regardless of types of
behaviors being displayed, it is preferable to look at a lesser fine temporal scale.

3.2 Segmentation
The original trajectories span months. Splitting up the data into shorter segments will ensure shortterm detection as well as increases the number of inputs for the machine learning algorithm. In this
study, segmentation size is a predefined parameter and all trajectory segments within a scenario are
therefore of equal length. It merely sets the temporal scale at which movement data is extracted.
There may be a trade-off between obtaining the highest accuracy in movement classification,
presumably accompanied with a large number of fixes, and keeping the segment length as short as
possible. To investigate the influence of segment length on prediction accuracy, the original
trajectories were fragmented at five different temporal scales. They are further referred to as
segmentation scenarios and are set at values of 24, 12, 6, 3 and 1 hour(s). The segmentation occurs
randomly, thus the starting time of each trajectory is randomly distributed throughout the day. The
complete analysis shown in Figure 2 is repeated for each of the five settings.
Trajectory segmentation on the complete dataset led to approximately ten thousand trajectories of
24 hours. However, the trajectories were not equally distributed over the four target classes. To
ensure equal representation of each class in training the machine learning model, the trajectories
were balanced at 1900 trajectories per class, which is the maximum number of trajectories for the
most underrepresented class. For the remaining scenarios, a shorter segment was randomly extracted
from each 24-hour trajectory. Thus, each scenario had the same number of trajectories, which is
necessary for their comparison.

1

https://pandas.pydata.org/docs/
https://numpy.org/doc/
3
https://geopandas.org/
4
https://scikit-learn.org/
2
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Another experiment tests whether prediction accuracy will increase when trajectories are aligned in
time as there will be less variation in the movement features. Furthermore, shorter segments possibly
have more to gain from time alignment as they occur at a specific part of the day as opposed to long
segments spanning different behaviors occurring in a day. This was tested by running the analysis
again but starting all trajectories at the same time. The target species are most active in the early
morning or late afternoon (Owen-Smith and Goodall, 2014) thus the starting time of the aligned
trajectories was set at 07:00h.

3.3 Feature extraction
The extraction of information from the trajectory segments and spatially connected environmental
variables is an important part of the analysis. The approach in this study is to extract a high volume of
features while keeping the features simple and interpretable. The features are categorized based on
geometry type and data source (Figure 2). This allows to explore the contribution of an entire category
to the classification performance. The complete set of features created in this research can be found
in Appendix I.

3.3.1 Stepwise features
In movement pattern analysis, a distinction exists between stepwise and multistep parameters
(Edelhoff, Signer and Balkenhol, 2016). Stepwise entails that the parameters can be calculated from
two fixes which represents one step. As these values are calculated between consecutive steps of the
trajectory, a time series of movement values is created, which is defined as a movement parameter
profile (Soleymani et al., 2015). Statistical descriptors derived from these profiles serve as the features
that can be derived from stepwise parameters. The statistics included in this study are the average,
median, standard deviation and the difference between the third and first quantile values.
From the GPS recordings alone, several movement characteristics provide information on movement
patterns (Calenge, Dray, & Royer-Carenzi, 2009; Dodge, Weibel, & Lautenschütz, 2008). Edelhoff,
Signer and Balkenhol (2016) give an extensive overview of parameters that can be derived from
movement. Movement parameters used in this study are displacement in the x- and y-coordinate, net
squared displacement, speed, direction, turning angle, persistence velocity and turning velocity. Also,
the absolute turning angle is retrieved as in the longer trajectory segments simple statistics on turning
angles are not relevant. The calculations for each of these parameters are described in Appendix I.
Besides parameters derived from movement path geometries alone, the environmental context of the
trajectories can be captured by several environmental data sources. Linking these to the trajectory
fixes results in an environmental movement parameter profile. There is no consensus on what
parameters to use in this category thus all available environmental sources were used.

6

Figure 2. Flowchart for classifying animal movement trajectories regarding species identity
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An example feature in this category is the tree cover surrounding an animal on its path (Figure 3). The
Rasterstats5 package is the tool used to extract the environmental movement parameter. Using zonal
statistics, where a zone is defined as the area in a certain radius around a fix also known as a buffer, a
parameter such as average, standard deviation and median tree cover is obtained at the fix level. Tree
cover in an animal’s vicinity can be extracted at multiple spatial scales. By doing so, no assumptions
are made on how an animal perceives it environment (making movement decisions based on its
immediate surroundings or perhaps also environmental conditions at a distance). Figure 3
demonstrates the use of a buffer to create multi-scale features. Then there are also the distance grids.
Extracting features from those grids is straightforward as Rasterstats allows to query the distance
value at a specific location.

Figure 3. Capturing fractional tree cover surrounding individual fixes at various spatial scales.

3.3.2 Multistep features
Multistep features are derived from multiple or all fixes in the trajectory. Four simple multistep
characteristics are included in this study (Appendix I). The straightness index is a straightforward
measure to capture tortuosity in a movement path, it is defined as the ratio between the distance
from start to end of the path and the actual path length travelled (Benhamou, 2004). Then, first
passage time indicates how long it takes for an animal to reach a destination. In this study, the
destination is a certain distance away in all directions from the starting point of the trajectory. as such
this variable has a multi-scale nature.
Furthermore, both movement and environmental profiles are used to create duration and
autocorrelation variables. Duration gives an indication of the time spent at different levels of the
movement/environmental characteristic. It is based on the concept that species might differ in time
allocation to certain activities, also known as time budgets (Twine, 2002; Owen-Smith and Goodall,
2014). The levels of each characteristic are defined as bins, which are automatically derived from the
complete range of values of a specific characteristic by getting the quantile values. If three quantiles
are requested, there will be two bins defining a lower, medium and high level of for instance speed.
The number of values in each of these bins is then recorded per trajectory. Figure 4 gives an overview
of the creating of duration variables if five quantile bins are used.
Autocorrelation provides information on temporal patterns in time series such as the movement
feature profiles (Dray, Royer-Carenzi and Calenge, 2010). In the analysis, autocorrelation was
computed between the first fix of a trajectory and a fix later in time. The package Statsmodels6 offers
an autocorrelation function which was used to calculate these features.

5
6

https://pythonhosted.org/rasterstats/
https://www.statsmodels.org/
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Figure 4. Schematic representation of duration features. A histogram is made for all recorded values of a movement
parameter and divided into quantile bins. The fixes in the trajectory are categorized by the bin they belong to and the tally
of fixes per bin are the derived durations.

3.4 Modelling
3.4.1 Set division
The data was split into a training, validation and independent test set, composed of 80%, 10% and
10% of the trajectory segments respectively. Trajectories of the same individual, the grouping factor,
were allocated to one set to avoid overestimating the classifier’s performance. Because there is a
balanced number of trajectories per species, stratification of the data splits is possible. A set of
trajectories is stratified if there is an equal number of trajectories per target class. However,
completely stratification was impossible without violating the grouping requirement thus an average
deviation per class of up to 10% was allowed.

3.4.2 Random Forest
To create a model that can predict a species label from movement data, a supervised classification
algorithm is required. The Random Forest classifier is a benchmark in complex ecological classification
problems (Cutler et al., 2007; Valletta et al., 2017). The Random Forest is an ensemble method, making
use of bootstrapping to create decision trees based on different subsets of the data. This makes the
method robust and resistant to extreme outliers in the data. Furthermore, the decision-based nature
of the algorithm has a large tolerance for features of different scales and types. This algorithm also
inherently computes variable importance metrics. Considering the research question of which
features are the best predictors, this is a valuable asset.

3.4.3 Hyperparameter tuning
To reduce overfitting, hyperparameters of the Random Forest (e.g. number of trees, tree depth) were
tuned using the validation set. A randomized search was applied as it efficiently finds an optimum in
a large search space. The optimum was defined as the combination of hyperparameters that returned
the largest overall accuracy on the validation set. Each run of the Random Forest searched through
the same parameter space (Table 1), meaning a unique combination of hyperparameters was found
for each of the segmentation scenarios.
Another hyperparameter of importance is the random seed. Varying the random seed parameter led
to different set divisions. Per segmentation scenario, multiple runs with different random seeds were
executed to retrieve multiple classification accuracies.

9

Table 1. Random Forest hyperparameter options used in tuning the classifier

Hyperparameter
Number of trees

Values
[50, 100, 150, 200, 250, 300, 350, 400, 450, 500]

Maximum number of features

[sqrt, log2]

Maximum tree depth

[10, 15, 20, 25, 30, 35, 40, 45, 50]

Minimum number of samples per split

[2, 5, 10]

Minimum number of samples per leaf

[1, 2, 4]

3.5 Evaluation
The segmentation scenarios were evaluated by contrasting the overall accuracy of the models per
scenario. Due to computational constraints, 10 models with different data splits were created per
scenario. The low sample size of accuracies commands that non-parametric test of significant
differences between scenarios are used. For comparing more than two scenarios, a Kruskal-Wallis test
was executed and in the case of comparing two scenarios a Mann-Whitney U test is applicable.
To inspect the classification results more in depth, the performance of the best model from the
segmentation experiments is examined on the independent test set in a confusion matrix. Several
performance indicators can be derived from this matrix. The classification accuracy indicates overall
model performance whereas class precision, calculated as

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

, and recall,

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

calculated as 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠, show the model’s prediction performance on an individual
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

class. Furthermore, the F1-score, defined as 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙, per target species gives an indication
if precision and recall are in balance. Additionally, feature importance visualization allows to
investigate the contribution of individual predictors to the classification model. All visualizations
presented in the results were made with the visualization packages Matplotlib7 and Seaborn8.

7
8

https://matplotlib.org/3.2.2/index.html
https://seaborn.pydata.org/
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4. Results
4.1 Trajectory length scenarios
Repeated Random Forest modelling on the species classification task allows to compare model
performance of the trajectory length scenarios (Figure 5). The analysis included all features listed in
Appendix I. The main trend is a decrease in classification accuracy with a decrease in trajectory length.
A Kruskal-Wallis test shows that there are significant (p=<0.001, α=0.05) differences in accuracy
between at least the 24-hour and 1-hour scenarios.

Figure 5. Contrasting species classification accuracy over scenarios (10 repetitions per scenario) with varying trajectory
lengths. Kruskal-Wallis test: H-statistic=25.165, p=0.000

4.1.1 Feature set importance
The average feature set importance demonstrates the variability of feature set importance per
segmentation scenario (Figure 6). Different trajectory lengths require the presence of different feature
types. The multistep movement characteristics have a decreasing contribution with a decrease in
trajectory length. It should be taken into account that the shorter segmentation scenarios consist of
few measurements making duration and autocorrelation features less relevant. The opposite occurs
for the single step features as they gain importance as the trajectory length decreases. The gain in
environmental single step features is larger than that of the movement single step features. Finally,
the environmental multistep features have a relatively low contribution to the model performance
regardless of the trajectory length.

11

Figure 6. Average feature importance of four distinctive feature sets (concerning the source and geometry that are used to
create the features) per trajectory length scenario

4.1.2 Time aligned trajectories
Time aligned trajectories were reconstructed from the existing random trajectories, mainly because it
drastically decreased computation time. This resulted in a decrease in available trajectories as the
balancing of the random trajectories led to fewer consecutive segments. A total of 3600 trajectories
aligned in time were obtained and for the comparison with the random scenarios, the models were
executed anew with 3600 inputs.
Comparing the classification performance between trajectories aligned in time and having random
starting times allows to assess the effect of time alignment in different trajectory length scenarios
(Figure 7). Time alignment has the capability to enhance movement classification performance, but
the trajectory length influences this capability. The longer trajectory scenarios do not have a significant
(24h: p=0.396 and 12h: p=0.061, α=0.05) improvement in classification accuracy after aligning the data
in time, but at shorter trajectory lengths the time aligned model outperforms its random counterpart
(6h: p=0.011 and 3h: p=0.007, α=0.05). However, the shortest scenario investigated in this study again
shows no significant benefits from time alignment (1h: p=0.093, a=0.05). Noteworthy to mention is
that the 1-hour scenario consisted of only six measurements per trajectory.
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Figure 7. Contrasting classification performance of trajectories starting at random times of the day and all trajectories
starting at 07:00 (GMT +2), shown per trajectory length scenario (10 repetitions per scenario). A * indicates a significant
difference between aligned and random results according to a Mann-Whitney U test

4.2 Best Random Forest performance
The 24-hour scenario showed the best performance on the classification task with an overall accuracy
of 72.9% (95% confidence interval: (63.2, 80.6), n=10). The maximum accuracy score achieved was
83.1% and this model is used to further investigate model performance per target species as well as
the contribution of predictors to the performance.
The confusion matrix of the best RF model (Figure 8) shows that performance on the individual target
classes are very similar. This is reflected in the similar F1-scores per species, ranging from 80% to 86%
(Table 2). Classes impala and eland have a slightly lesser recall score than the zebra and wildebeest
classes but the difference in precision between the classes is no more than 2.5%.

Figure 8. Confusion matrix for the best Random Forest model on the species classification task
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4.2.1 Looking into the predictors
The top features regarding feature importance showcase the type of predictors that contribute the
most to distinguishing species based on movement (Figure 9A). There is at least one representative of
all feature categories in the top-35, which suggest that variety in features is beneficial, but the top-30
is dominated by the multistep movement characteristics. However, the nature of the most important
features causes suspicion of correlation between some of the features. The time spent at the lowest
speed out of five categories could be very similar to the time spent at the lowest speed out of 7
categories if the categories are largely overlapping. Table 2 displays the classification performance
after removing features with a correlation larger than 0.8 or smaller than -0.8 (keeping the feature
with the largest importance of each correlated pair). Feature importance comparisons in the reduced
model better reflect the distinctive features that are necessary for accurate classification (Figure 9B).
The reduced model feature importance shows very clearly that feature variety is highly beneficial as
all feature sets are nearly equally represented in the top-35.
Sudden drops in feature importance are visible in Figure 9. The potential to further reduce the feature
set in species classification is investigated by model runs including a subset of most important features
from the complete feature set. Table 2 reports classification accuracies of 76.8% and 80.2% for using
10% and 25% of the best features respectively, which is only a slight deviation from the full model
accuracy. When it comes to model performance per target species, F1-scores across the reduction
scenarios show that the zebra class is hardly affected by the feature reduction, whereas the other
species’ classes do suffer some accuracy loss.
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B

A

Figure 9. Top-35 features regarding feature importance in species classification from movement. A) Model included the complete set of features (615) created in this study. B) Model included
only features that are not highly correlated (226), threshold at (-)0.8
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Table 2. Model performance metrics for classifying trajectories of 24 hours with varying feature sets (complete vs noncorrelated and only top predictors). Precision, recall and F1-score (%) are reported per target species and the overall
accuracy is reported per feature set model.

Eland
All features (615)

Zebra

Impala

Wildebeest

84.3
87.4
85.8

83.1
77.7
80.3

83.3
88.0
85.6

83.2
88.4
85.7

82.1
74.9
78.3

74.9
87.0
80.5

83.3
84.2
83.8

78.4
74.4
76.4

71.0
85.4
77.5

84.2
86.8
85.5

80.8
74.4
77.5

74.3
85.9
79.7

Accuracy: 83.1%
Precision 81.8
Recall 80.2
F1 81.0

All non-correlated features
(226)
Precision
Recall
F1

Accuracy: 81.5%

10% top non-correlated
features (22)
Precision
Recall
F1

Accuracy: 77.2%

25% top non-correlated
features (56)
Precision
Recall
F1

Accuracy: 80.2%

87.1
76.7
81.6

77.3
65.8
71.2

82.5
74.8
78.4

After the removal of highly correlated features, the top-3 predictors give insight in how movement or
environmental features vary among the target species (Figure 10). The absolute best feature
represents the time spent at the lowest speed out of five speed categories. This feature clearly
separates zebras from the other target species as zebras spend less time at a low speed than do the
other species. Next, there is median persistence velocity which represents the tendency of an animal
to move in the same direction. Note that Figure 10 shows two features relating to persistence velocity
at the top, they are highly correlated but just below the threshold. To avoid showcasing similar
patterns, the easily interpretable median persistence velocity is discussed. Wildebeest set themselves
apart with this variable as they tend to move with lower persistence velocities throughout a day.
Zebras also show a range of values that differs from the remaining species, they more often move at
a larger persistence velocity than the other species. Lastly, a feature from an environmental data
source, the median elevation in a radius of 25 meters along the trajectory. There might be some niche
areas for each species in the area. Most evident is the impalas residing in a low elevation area, but
also wildebeest and zebra are more often found in a high elevation area. Eland express a small peak
at an elevation of 1125 meters where other species have very low occurrence. A variable like this gives
insight into preferred areas for the different species.
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Figure 10. Histograms of the top-3 features regarding importance in the species classification task
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4.2.2 Comparing feature sets
Classification performance of the complete feature set is measured against models using only the
movement data or only the environmental data (Table 3). This could demonstrate which sources are
necessary to include in the analysis. Surprisingly, the environmental features alone achieve a very
comparable accuracy to the complete scenario. Using only movement features on the other hand
decreases the model performance by roughly 20%. The individual class performances experience
different effects from the feature sets. Noticeably, using only movement features has a large impact
on the eland and impala species, they are thus characterized in the analysis largely by environmental
features. Zebras experience the opposite and maintain good classification results when only
movement features are included, but this class suffers more than other classes when only
environmental features are included.
These observations are strengthened by the composition of most important features per species
(Figure 11). The top-10 features regarding variable importance for the zebra class consist of strictly
movement characteristics, reflecting that this feature set has the most influence in differentiation
zebras from the other species. The wildebeest class contains features of both data sources in its top
predictors, although there is a slight dominance of movement-only features. Both the eland and
impala class show that the most important features are nearly all derived from the environmental
data, which is in line with the class performance metrics. Another observation is the magnitude of
importance per predictor, which is relatively low for the eland class. There are no major distinctive
features for the eland like there are for the other species, insinuating that the differentiation of this
species relies on the integration of many predictors.

Table 3. Model performance metrics for classifying trajectories of 24 hours with varying feature sets (complete, movement
only and environmental only). Precision, recall and F1-score (%) are reported per target species and the overall accuracy is
reported per feature set model.

Eland
All features (615)

Zebra

Accuracy: 83.1%
Precision 81.8
84.3
Recall 80.2
87.4
F1 81.0
85.8

Impala

Wildebeest

83.1
77.7
80.3

83.3
88.0
85.6

Movement features (223)
Precision
Recall
F1

Accuracy: 63.5%
53.3
80.2
37.6
85.3
44.2
82.7

51.4
51.2
51.3

66.0
82.8
73.4

Environmental features (392)
Precision
Recall
F1

Accuracy: 78.2%
82.2
68.3
70.8
81.6
76.1
74.3

85.3
86.0
85.6

78.5
74.0
76.1
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Figure 11. Top-10 (non-correlated) features regarding feature importance for each target species
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5. Discussion
The results reveal that different animal species that are quite similar in diet and habitat can be
characterized by their movement with a maximal accuracy of 83% achieved in this study, far above
the chance probability of 25%. There is inherently large variability in behavioral patterns of animals,
which is reflected in the wide confidence interval associated with the average accuracy of the 24-hour
scenario. The maximal classification accuracy is a result of testing different trajectory conditions as
well as a chosen set of features. These choices in research design are discussed in the following
paragraphs.

5.1 Trajectory requirements
Day-long trajectory segments lead to higher classification performance compared to shorter trajectory
lengths, which is likely an effect of the contribution of multistep movement features. Mainly the
duration and autocorrelation variables were implemented to pick up on diel (24-hour cycle) patterns
in activity. Regardless of the start time of trajectories, these variables are useful predictors in the
longer trajectory scenarios. However, for short segments that are randomly distributed throughout
the day, high variability in these predictors is likely.
Short trajectories still have potential, as there is a significant improvement in classification accuracy
when aligning the 6-hour and 3-hour trajectories. If recording time is a hard constraint, this research
has shown that time aligned observations should be the norm. The decision to align trajectories at
07:00h was made based on the study by (Owen-Smith and Goodall, 2014), as they found high activity
levels in the early morning or late afternoon of a similar set of African ungulates. However, it has not
been proven yet that the species are most distinctive at high activity levels. It is recommended to
investigate the ideal time of day for collecting short trajectories to improve classification on the target
species even more. Furthermore, instead of using multistep features in short trajectories, it might be
worthwhile to explore more sophisticated movement parameters. On another note, short trajectories
might also suffer from the ten-minute fix interval leading to features being extracted from very few
measurements. Increasing the fix rate could potentially increase the predictive ability of short
trajectories, however there is likely a trade-off on picking up on fine-grained behaviors (Soleymani,
van Loon and Weibel, 2014).
The data used in this study is distributed across the span of a year. Despite activity levels of the target
species likely varying across seasons (Owen-Smith and Goodall, 2014), the results show that the daylong trajectories are well distinguishable between species. It could be suggested to train and
subsequently use the model for a single season. Yet, in wildlife management it is often desirable to
execute monitoring practices multiple times a year. An avenue worth exploring is aligning the
trajectories in terms of the solar angle. Thermal conditions influence time budgets towards certain
activities and lead to shifts in timing of activities in ungulates (Cain et al., 2006). Thus, aligning
trajectories based on solar angle corrects for the impact of solar intensity on the timing of activity,
and might therefore reduce variability in movement characteristics.

5.2 Feature relevance & possibilities
The findings connected to the top-2 (non-correlated) features set the zebra class apart from the other
classes as this species spends little time at a low speed and has a tendency for a higher median velocity.
This is in line with diel movement patterns found by Owen-Smith and Goodall (2014) where zebras
display high levels of activity throughout the day. Similarly to Owen-Smith and Goodall (2014), the
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zebra is the only hindgut fermenter in this studies and as such spends more time foraging than the
other species which belong to the order of ruminants.
Regarding the distinct feature sets in terms of the data source used, the results have shown that an
environment only model is superior to a movement only model. Interestingly, the movement only
classifier still has a high performance regarding the zebra class, but performance on the remaining
classes decreases, especially concerning the eland and impala. On the contrary, the zebra species
seems to suffer relatively more from including only contextual movement characteristics in the
classifier. The species thus differentiate themselves with quite different features. The predictive ability
of environmental data shows that the model has a large dependence on contextual information. This
is strengthened by Figure 11 showing many of the external sources have provided features for the
top-10 predictors of two of the target species. This has implications for the robustness of the model,
as context is unique to the area of study. It could thus be suggested that a different model should be
obtained for different habitats, to get the most out of movement classification. This becomes even
more important in light of the finding that the same species can have quite dissimilar activity levels in
different environments (Owen-Smith and Goodall, 2014).
The feature sets included in the study vary mainly in computational time to retrieve them. Obtaining
movement parameters from the GPS recordings was made highly efficient by the use of vectorization
in the computations. These parameters did however not have as much predictive power compared to
the environmental parameters. However, the linkage of environmental parameters was a more
computationally demanding process. If movement data is acquired through tracking, movement
parameters can always be obtained because of their simple and fast nature. On the other hand, the
addition of environmental parameters, which requires an extra source of data, is more demanding on
the processing side but collectively adds more value to the model, regarding the target species in this
study. However, not all environmental features are useful additions. For instance, the multi-scale
nature of some of the environmental features has not proven to be fruitful as in Figure 9 it can be seen
that all different spatial scales of elevation surrounding an animal’s path are highly correlated as they
disappear in the reduced model. Arguably, the resolution of the grids is coarse in the relatively small
habitat of the target animals. This suggests that higher quality grids in terms of resolution could pose
a way to improve the contribution of environmental features, but it comes at the cost of the
demanding collection of these sources.
In this study, statistics of movement features were calculated over the length of the trajectory only.
Owen-Smith and Goodall (2014) reveal that daily patterns exist for the species they investigate, albeit
varying over seasons, and species differ more at certain parts of day than others. Movement feature
statistics at certain parts of day might thus be a useful addition to the 24-hour scenario, provided that
the scenarios are aligned. The use of so-called window movement statistics would on one hand
increase the feature space and thus the risk of overfitting, but it can also expose which parts of the
day are most telling in species differentiation. Moreover, it comes as virtually no computational cost
to create these features because of vectorization of the feature extraction as mentioned earlier.
A similar scenario is tested by Soleymani et al. (2015), although on a different taxa, where simple
movement characteristics reach an accuracy of 58.55% in Random Forest classification of ciliates,
which is quite comparable to the 63.5% accuracy achieved in this study when only using movement
derived features. They found that adding features based on wavelet transform increased the
movement classification performance. In this study, very simple features were extracted to get a
concept of patterns in the movement characteristics, but they received high importance in the long
segmentation scenarios. Wavelet transform features could thus be a strong addition to the analysis to
get more measures of periodicity in the data.
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6. Conclusion
This study investigated the potential of movement data towards classification of animal species. Four
African ungulates with similar behavioral ecology were the target species. The Random Forest
classifier performed equally well on all species in its best form, though the results should be put into
context of the constraints that flow from some of the research questions.
Research question 1. Species can be best characterized based on daily movement patterns. It is when
24-hour movement characteristics are created that multistep features make a large contribution to
the classification. If resources are limited and shorter trajectories are required, it is recommended to
align them in terms of time of day and invest in more sophisticated features.
Research question 2. Using the best segmentation scenario of 24 hours, the classifier reached an
overall accuracy of 83.1%. Moreover, the classifier performed accurately on each of the target species,
with recall scores being 78% or more.
Research question 3. The target species were best differentiated by quite different features. Zebras
were recognized mainly by movement features and wildebeest as a species was largely characterized
by movement features but also substantially influenced by environmental features. Both eland and
impala were most distinguishable by environmental features. Overall, an environmental only model
proved to have larger predictive power than a movement only model, underlining that contextual
movement data is necessary for movement classification of the target species.
The findings show that movement data has the capability to distinguish different species. This opens
up the possibility of tracking wildlife from low resolution image or video material as the movement
itself can reveal the animal’s identity. Restrictions of tracking ideally spanning 24 hours’ worth of
movement data does have implications for the data collection and might not yet be viable with the
current available technology. It is therefore absolutely of interest to further investigate the potential
of shorter trajectory segmentation lengths. However, it must not be neglected that the features
created in the classification contain a wealth of information. Further inspection of the derived data
could serve purposes beyond species recognition, such as highlighting individuals with abnormal
behavior, or, if repeated over time, revealing trends in species movement ecology. Though this study
is exploratory in nature, it has set a foundation in characterizing wildlife by movement. With the speed
of technological advancements, the envisioned application of this research might be in reach in the
near future.
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Appendix I
Table 4. Features extracted from animal movement and environmental data

Feature
species

Description
Animal species label

Calculation
-

i

Individual animal identifier

-

-

𝑋𝑡+1 − 𝑋𝑡 𝑜𝑟 𝑌𝑡+1 − 𝑌𝑡

-

Stepwise movement characteristics
dX/dY
Increment of X/Y coordinate
between consecutive fixes (m)

Multi-scale
-

nsd

Net squared displacement (m2)

(𝑋𝑡(0) − 𝑋𝑡(𝑖) )2 + (𝑌𝑡(0) − 𝑌𝑡(𝑖) )2

-

step*

Euclidean distance between
consecutive fixes (m)

√𝑑𝑋 2 + 𝑑𝑌 2

-

speed

Velocity (m/s)

𝑠𝑡𝑒𝑝⁄600

-

dir

Direction between consecutive
fixes (degrees anti-clockwise from
east)

𝑎 = tan−1 (𝑑𝑌, 𝑑𝑋)
𝑖𝑓 𝑎 < 0: 𝑎 + 2𝜋

-

ta

Relative turning angle between
consecutive steps (degrees)

𝑎 = 𝑑𝑖𝑟𝑡+1 − 𝑑𝑖𝑟𝑡
𝑖𝑓 𝑎 < 0: 𝑎 + 𝜋, 𝑒𝑙𝑠𝑒: 𝑎 − 𝜋

-

abs_ta

Absolute turning angle between
consecutive steps (degrees)

‖𝑡𝑎‖

-

pv

Persistence velocity; tendency to
persist in certain direction (m/s)

𝑠𝑝𝑒𝑒𝑑 ∗ cos(𝑡𝑎)

-

tv

Turning velocity; tendency to turn
in opposite direction (m/s)

𝑠𝑝𝑒𝑒𝑑 ∗ sin(𝑡𝑎)

-

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑧𝑜𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑠

Radius [5, 10, 25,
50, 100]

Stepwise environmental characteristics
dem_buf{1}
Elevation; calculated within a
radius from the fix (m)
{1} represents the size of the
radius
slp_buf{1}

Slope; calculated within a radius
from the fix (radians)

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑧𝑜𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑠

Radius [5, 10, 25,
50, 100]

gc_buf{1}

Fractional grass cover; calculated
within a radius from the fix (%)
{1} represents the size of the
radius

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑧𝑜𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑠

Radius [5, 10, 25,
50, 100]
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tc_buf{1}

Fractional tree cover; calculated
within a radius from the fix (%)
{1} represents the size of the
radius

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑧𝑜𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑠

Radius [5, 10, 25,
50, 100]

droad

Distance to nearest road (m)

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑝𝑜𝑖𝑛𝑡_𝑞𝑢𝑒𝑟𝑦

-

droadM

Distance to the main road (m)

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑝𝑜𝑖𝑛𝑡_𝑞𝑢𝑒𝑟𝑦

-

dwater

Distance to one of the three
water points (m) (two of which
are man-made water sources and
one of which most likely contains
water throughout the year)

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑟𝑎𝑠𝑡𝑒𝑟𝑠𝑡𝑎𝑡𝑠. 𝑝𝑜𝑖𝑛𝑡_𝑞𝑢𝑒𝑟𝑦

-

Multistep characteristics
si
Straightness index

∑ 𝑠𝑡𝑒𝑝

-

√(𝑋𝑡(0) − 𝑋𝑡(𝑛) )2 + (𝑌𝑡(0) − 𝑌𝑡(𝑛) )2
fpt_buf{1}

First passage time; the time taken
to cross a given radius (min)
{1} represents the size of the
radius

𝑖(𝑓𝑖𝑟𝑠𝑡 𝑓𝑖𝑥 𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑏𝑢𝑓𝑓𝑒𝑟) ∗ 10

Radius [10, 50,
100, 250, 1000] *

{1}_bin{2}

Duration variables; feature values
from all trajectories are divided
into quantile bins and the time
spent in each bin gives the
duration
{1} represents the characteristic
{2} represents the number of
quantiles used to create the bins

𝑠𝑒𝑒 𝐹𝑖𝑔𝑢𝑟𝑒 4

Bin [3, 5, 7] *

{1}_acf{2}

Autocorrelation variables; the
correlation between the present
fix and the first fix
{1} represents the characteristic
{2} represents the number of
timesteps from the first fix

𝑠𝑒𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓
𝑠𝑡𝑎𝑡𝑠𝑚𝑜𝑑𝑒𝑙𝑠. 𝑡𝑠𝑎. 𝑠𝑡𝑎𝑡𝑡𝑜𝑜𝑙𝑠. 𝑎𝑐𝑓

Timestep [1, 3, 6,
12, 24] *

* Step is 100% correlated with speed thus it is only used to derive other features
** Reported values are used in the 24h scenario, they are adjusted for other scenarios (see the
logbook)
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