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Preface 

In 2015, the Canton of Grisons’ Hunting and Fisheries Department and the Swiss National Park launched a 
red deer project called Ingio via?. In the Engadin language Rumantsch, this means where are you off to? 
The aim was to investigate the spatio-temporal behaviour of the red deer using GPS locations. Of particular 
interest was the role of the Swiss National Park and other hunting ban areas where hunting is prohibited. 
As an employee with the Research and Monitoring Department of the Swiss National Park, I was put in 
charge of the operational management of the project. After a few years, the idea arose of analysing the 
data as part of a dissertation. And so, I embarked on an extremely exciting journey as a doctoral student. 

In addition to the Ingio via? data, we were able to work with GPS locations from five other study areas 
with hunting ban areas. Thus, thank you to the data owners of these study areas for allowing us to use the 
data for this research. The analysis was conducted with the generous support of the Swiss National Park 
and the Canton of Grisons’ Hunting and Fisheries Department. Additional financial support was provided 
by the NUKAHIVA Foundation. 
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Abstract 

Within the framework of mountainous landscapes with a network of small-scale hunting ban areas and 
short and intense hunting activities, we analysed the spatio-temporal behaviour of partially migratory red 
deer. Based on GPS locations of 243 collared individuals from six study areas mainly within Switzerland, 
we applied integrated step selection functions. First, we analysed habitat selection within the concept of 
the landscape of fear – mainly applied to human presence in the absence of natural predators. Second, we 
tested for effects regarding the trade-off between forage quality and quantity in summer. We found that 
red deer selected against habitats with higher probability of meeting humans during the day, but an 
opposite selection at night. The animals preferred hunting ban areas in summer and autumn, and selected 
for contrasting habitat characteristics within and outside these hunting ban areas. Thus, they showed 
clearer avoidance of humans when outside hunting ban areas. In the region of the Swiss National Park, we 
detected the lowest effects, which indicates that it fulfils its function as a Strict Nature Reserve where all 
human use is prohibited except for hiking on trails and scientific studies. In open summer habitats of that 
area, red deer selected forage quantity over forage quality. We further developed a method to classify the 
behaviour types lying, feeding, standing, walking, and running, based on accelerometer data also recorded 
by the collars. We conclude that for our system humans largely influence the spatio-temporal behaviour 
of red deer. As even a network of small-scale hunting ban areas is effective at reducing human effects, 
hunting ban areas can serve as a promising tool in red deer conservation and management. 
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Kurzfassung 

In Berglandschaften ohne nennenswerte Ausbreitungsbarrieren für Tiere, mit einem Netzwerk 
kleinräumiger Jagdschutzgebiete und kurzer, intensiver Jagd, analysierten wir das Raum-Zeit-Verhalten 
von teilweise wandernden Rothirschen. Basierend auf GPS-Positionen von 243 besenderten Individuen aus 
sechs hauptsächlich in der Schweiz gelegenen Untersuchungsgebieten, wendeten wir integrated step 
selection functions an. Zunächst analysierten wir die Habitatwahl im Rahmen der Landschaft der Angst. In 
Abwesenheit natürlicher Beutegreifer konzentrierten wir uns auf Auswirkungen des Menschen. Als 
nächstes testeten wir, wie die Rothirsche im Sommer zwischen Futterqualität und Futterquantität 
wählten. Die Rothirsche mieden tagsüber Habitate, in denen sie mit höherer Wahrscheinlichkeit Menschen 
begegneten, während sie diese nachts präferierten. Sie bevorzugten im Sommer und Herbst 
Jagdschutzgebiete und selektierten Habitatmerkmale innerhalb und ausserhalb dieser Jagdschutzgebiete 
unterschiedlich. So mieden sie den Menschen ausserhalb von Jagdschutzgebieten deutlicher als innerhalb. 
Im Schweizerischen Nationalpark stellten wir am wenigsten Effekte fest, was darauf hindeutet, dass dieser 
seine Funktion als Strenges Naturreservat erfüllt, in dem jegliche menschliche Nutzung mit Ausnahme von 
Wanderungen auf Wegen und wissenschaftlichen Studien verboten ist. Im Offenland dieses Gebiets 
selektierten Rothirsche für Nahrungsquantität gegenüber Nahrungsqualität. Wir entwickelten zudem eine 
Methode zur Klassifizierung der Verhaltenstypen Liegen, Fressen, Stehen, Gehen und Rennen, basierend 
auf Beschleunigungsdaten, die ebenfalls von den Halsbändern aufgezeichnet wurden. Für dieses System 
folgern wir, dass der Mensch das Raum-Zeit-Verhalten von Rothirschen stark beeinflusst. Da ein Netzwerk 
selbst von kleinräumigen Jagdschutzgebieten menschliche Einflüsse reduzieren kann, können 
Jagdschutzgebiete ein vielversprechendes Instrument für den Schutz und das Management des Rothirschs 
sein. 
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1 Introductory overview 

1.1 Introduction 

In this dissertation The impact of habitat characteristics on spatio-temporal behaviour of red deer (Cervus 
elaphus) is analysed on the basis of GPS locations of tagged red deer individuals from the Central Alps. It 
is thus located in the research field of movement ecology and aims to increase the knowledge base on red 
deer behaviour, which is relevant for its conservation and management. 

1.1.1 Movement ecology – a rapidly growing field of research 

The movement ecology framework considers four key components of movement: the internal state of the 
individual, its motion and navigation capacities, and external environmental factors (Nathan et al., 2008). 
This framework includes the organism's motivation to move (e.g. hunger), its anatomy or physiology, its 
orientation or memory, as well as the landscape in which it finds itself, including obstacles or the climate. 
Due to the development of technical devices and their continuous improvements, a dynamic field of 
research has opened up that is developing rapidly. Thanks to Global Positioning System (GPS) telemetry 
we are able to record and analyse animal movements spatially and temporally (Cagnacci et al., 2010). 
Observations in the field are therefore no longer absolutely necessary. In addition, data is generated from 
areas or habitats that are not visible to observers and also during hours of darkness. 

Characteristics of an organism's movements can be determined from the simple form of its spatio-
temporal information. Knowing when and where an organism was creates relationships through 
sequences of recorded locations. Analyses of movement trajectories of tracked individuals aim at different 
results depending on the semantic level of interest (Laube, 2017): from the single fix of an animal (place 
and time of its whereabouts) to its displacements (e.g. distance), the manner of its displacements (e.g. 
speed, sinuosity), or the subdivision of the trajectory into segments with the same characteristics (e.g. 
static or moving). GPS data are also used to describe home ranges or resource selection using a variety of 
methods (Manly et al., 2002; Börger et al., 2008). This often involves defining units of time that are tangible 
for humans (years to hours, or even a few minutes). Movement information is also linked to an additional 
context, for example, the distance to a point of interest, the crossing of a line or the position in relation to 
an area (Gschwend, 2015). An animal’s movement data are then linked to environmental data, in particular 
to analyse external factors in their environment such as habitat types, human land use or weather (Dodge 
et al., 2013). Thus, most information describing movement is derivative and is based on results of data 
compilation, calculation, and interpretation (Laube, 2014). 

In addition to GPS sensors, today's technical devices might also contain accelerometer sensors, which are 
often referred to as activity sensors. For example, by averaging accelerometer values per day, fluctuations 
in activity over the course of the year can be visualised (e.g. Brivio et al., 2016). However, accelerometer 
data is also used to classify certain behaviours of animals, especially in combination with movement data 
(Van Moorter et al., 2010; Shamoun-Baranes et al., 2012; Schmidt et al., 2016). Behavioural patterns 
derived from movement data can also be used to measure the effectiveness of conservation goals, 
particularly for migratory species (Ellis-Soto et al., 2025). 

1.1.2 Ungulates and the concept of the «landscape of fear» 

Ungulates are popular study species in movement ecology. On the one hand, they are suitable because 
they are common and relatively easy to catch. Furthermore, they are large enough so that the use of sensor 
collars is unproblematic from an animal ethics point of view. Prey species, such as ungulates, react to the 
presence of predators by adapting their behaviour and trying to avoid risks (Brown et al., 1999). On the 
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one hand, this avoidance behaviour is innate, as for example shown by the antipredator behaviour of 
neonates (Atmeh et al., 2024). On the other hand, ungulates are able to take other aspects into 
consideration through learning and experience (Stankowich & Blumstein, 2005). These include, for 
example, the speed and size of the predator, the individual’s physical condition based e.g. on reproductive 
state and size, environmental factors such as topography or the availability as well as accessibility of cover, 
and time of day. Due to the need to forage, they develop strategies that provide the most energy at the 
lowest cost (Pyke, 1984; Stephens & Krebs, 1986). For data-based analyses, it is crucial that relevant habitat 
characteristics are available as quantitative variables at the desired spatial and temporal resolution. 

The concept of the landscape of fear implies that a prey animal is able to perceive different levels of 
predation risk in its home range and to respond with different levels of fear (Laundré et al., 2010). This 
means that the physical landscape together with predation risk influence prey animals’ risk perception, 
which in turn can cause behavioural adaptations, e.g. in the distribution of prey species (Gaynor et al., 
2019). In addition to applying this concept to natural predators, it is also used in relation to humans, 
especially because hunting affects the behaviour of prey animals. In movement ecology, effects of hunting 
have been identified for many ungulate species. Differences have also been found between their 
behaviour during the day and at night, when darkness provides some level of safety (Gaynor et al., 2018). 
If no GPS locations are available for predators or humans, proxies for their spatio-temporal behaviour, e.g. 
distances to trails, streets or settlements, their densities or the human footprint index, are included as part 
of the habitat characteristics in the explanatory variables to assess the corresponding effects on prey 
animals (Proffitt et al., 2013; Tucker et al., 2018). Variables such as hunting pressure are often categorically 
assigned to specific areas. This is because a study area may contain sub-areas with varying intensities of 
hunting pressure, representing different levels of risk for the animals (Griesberger et al., 2022). For 
example, both reduced movement and space use by white-tailed deer (Odocoileus virginianus) are 
interpreted as avoidance behaviour in response to risk from hunters (Little et al., 2016). Similarly, roe deer 
(Capreolus capreolus) no longer positively selected their feeding sites during the hunting season based on 
forage availability (Benhaiem et al., 2008). Taking into account time of day, it was described that they used 
more forested habitats during the day, but open fields at night (Bonnot et al., 2013). In addition, roe deer 
used open fields more during the day with increasing distance to roads and settlements. Other findings 
show that they decreased the use of high-crops during the day and used protected areas as a refuge from 
hunters (Grignolio et al., 2011). In the days following the hunt, white-tailed deer decreased the use of 
areas around hunting stands during the day, but increased usage of these sites at night (Sullivan et al., 
2018). Female moose (Alces alces) also showed a pattern of avoiding higher-risk areas more during the day 
than at night during and less so after the hunting season (Ausilio et al., 2025). They further avoided 
settlements and preferred to be close to the forest if they had lost their young due to hunting the previous 
year (Graf et al., 2024). 

It is further known that not only hunting, but also human recreational activities trigger behavioural 
reactions in a comparable way to predation (Frid & Dill, 2002; Stankowich, 2008). The consequences 
include increased vigilance (Beauchamp, 2015), flight (Ydenberg & Dill, 1986; Schnidrig-Petrig & Ingold, 
2001), changes in habitat selection (Gander & Ingold, 1997; Filla et al., 2017), or reduced activity levels 
(Graf et al., 2018). A pronounced aspect is that recreational activities also affect parental investment in 
offspring (Gill et al., 2001), the condition of parents, and their reproductive success (Frid & Dill, 2002). Such 
negative effects can negatively affect population size over time (Sutherland, 1996). Disturbance effects are 
therefore an important component to consider in ungulate conservation and management, and 
movement ecology analyses can help recognise them. 

In this context, another finding is significant: Mammals can also adapt their behaviour in the opposite 
direction, namely when the presence of humans decreases. This was shown during the COVID-19 
lockdowns, when mammals increasingly used areas near roads with large human footprints (Tucker et al., 
2023). 
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1.1.3 Safety vs. forage needs of red deer 

The safety needs of ungulates in relation to natural predators, hunters and human recreational activities 
are the subject of considerable research interest, and a considerable amount of work has been conducted 
on elk/wapiti (Cervus canadensis) and red deer (Mattioli et al., 2022). After grey wolves (Canis lupus) were 
reintroduced to Yellowstone National Park, elk/wapiti adapted their habitat use in favour of greater safety 
in response to the natural predator (Hernández & Laundré, 2005). Further, red deer responded to hunting 
with preferences for dense vegetation, increased flight distance, and more time spent outside their core 
home ranges (Meisingset et al., 2022). Interestingly, differences in fear reactions were observed both 
within and between sexes at the onset of hunting (Lone et al., 2015): Males that moved to habitats offering 
more cover survived the hunt, while those that did not were shot. In addition, males moved to habitats 
with lower forage quality while neither effect was detected in females. This could be because male 
elk/wapiti already largely used habitats with good cover before the hunt began. In Canada, older female 
elk/wapiti reduced their movement rates and increased the use of forest and steeper terrain with 
increasing age, and became almost inaccessible to hunters (Thurfjell et al., 2017). They even responded 
differently to hunters with bow and arrow compared to those with rifles (see also Proffitt et al., 2013). 

Hunting is generally perceived as a more acute threat than human recreational activities (Jayakody et al., 
2008), but human disturbance effects on elk/wapiti behaviour even exceeded the effects of habitat and 
natural predators (Ciuti et al., 2012). As other ungulates, red deer were more vigilant in the presence of 
humans, especially in habitats with little cover (Jayakody et al., 2008). Red deer in alpine habitats avoided 
roads and hiking trails, instead preferring areas near forest cover, and thus adapted their behaviour to 
possible human presence (Sigrist et al., 2022). Avoidance of hiking trails was also observed even among 
red deer that seemed to be habituated to humans, i.e. in habitats with regular human presence (Sibbald 
et al., 2011; Westekemper et al., 2018). Another study on elk/wapiti and red deer identified human activity 
as the strongest driver of movement, even when compared with forage availability or topography 
(Mumme et al., 2023). Differences between the behaviour during the day and at night have also been 
confirmed in red deer due to the main activity of humans during the day (Godvik et al., 2009; Allen et al., 
2014). Moreover, they used protected areas to avoid risk (Proffitt et al., 2009; Mikle et al., 2019). In a study 
area with zones of varying restrictions on recreational activities, both factors were taken into account: 
adapted behaviour in protected areas and a distinction between day and night (Coppes et al., 2017). 

Although much is known about red deer and their behaviour, analyses of new combinations of the animals’ 
natural needs and the influence of human disturbance can create new knowledge, especially in alpine 
regions. As many previous studies have tested effects on the behaviour of red deer during certain seasons, 
analyses that differentiate between day and night, but also over the course of the year, and take into 
account the influence of an entire network of hunting ban areas (see chapter 1.1.5) based on a large 
sample of individuals, could close existing knowledge gaps. This promises new insights into red deer 
biology with a focus on conservation and management. 

Ungulates face a trade-off between safety and forage needs (Mysterud & Ims, 1998; Hernández & Laundré, 
2005; Godvik et al., 2009). Red deer avoid humans even at the expense of forage quality (Ciuti et al., 2012; 
Lone et al., 2015; Mikle et al., 2019). A second trade-off exists between forage quality and quantity 
(Stephens & Krebs, 1986; Fryxell, 1991). Depending on their digestive systems, ruminant species have been 
classified into three main feeding types of browsers, grazers and intermediate feeders, each with different 
requirements for the quality and quantity of food (Hofmann, 1989). Red deer belong to the intermediate 
feeder type (Mattioli et al., 2022), and meet their high metabolic needs by consuming large amounts of 
food. The availability and quality of forage is higher in summer, and the animals voluntarily consume less 
food in winter (Zweifel-Schielly et al., 2012; Arnold et al., 2015). Previous attempts to determine the food 
preferences of red deer have produced ambiguous results, with some studies identifying preferences for 
forage quality (Zweifel-Schielly et al., 2009) and others for quantity (Schweiger et al., 2015a; Sigrist et al., 
2022). The reasons for this lie, on the one hand, in the behaviour of red deer and elk/wapiti. Within 
populations, there are usually migrating and resident individuals that use their ability to leave unsuitable 
areas in favour of better ones (Mysterud et al., 2011; Peters et al., 2019) with correspondingly different 
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forage selection patterns. Thus, migrants have better access to high quality forage (Hebblewhite et al., 
2008; Bischof et al., 2012; Sigrist et al., 2022). These authors and others showed that red deer in 
mountainous landscapes, combine this with a shift to higher-elevation habitats in summer (Zweifel-Schielly 
et al., 2009; Garroutte et al., 2016; Proffitt et al., 2016; Mysterud et al., 2017; Fellmann, 2022). On the 
other hand, different forage selection between the sexes is to be expected due to sexual dimorphism in 
ruminants, with females selecting more strongly for forage quality and males for forage quantity (Barboza 
& Bowyer, 2000; Ruckstuhl & Neuhaus, 2002). These patterns are not necessarily observed in red deer 
(Clutton-Brock et al., 1982). In contrast, a study in a Mediterranean mountainous environment found that 
males consumed higher quality forage than females, mainly because they fed more on arboreous species 
(Garcia et al., 2023). However, variables for quality and quantity are difficult to obtain because both change 
over the course of the season and are generally difficult to separate (Langvatn & Hanley, 1993; Wilmshurst 
et al., 1995; Huete et al., 2002). 

Today, space- and airborne remote sensing instruments are used in movement ecology to gather crucial 
data. Passive remote sensing instruments work by measuring the reflected sunlight of the earth’s surface 
at different wavelengths. However, all these systems face key constraints, including limitations in spatial 
resolution, revisit times, and the number of spectral bands. Data vary considerably between resolutions 
of 2 m and 8 km, single snapshots in time and one per day, and two to 312 spectral bands (e.g. Hebblewhite 
et al., 2008; Hamel et al., 2009; Schweiger et al., 2015b). To predict specific variables over larger areas, the 
spectral information has commonly been calibrated using field samples (Hebblewhite et al., 2008; Hamel 
et al., 2009; Proffitt et al., 2016; Johnson et al., 2018). Taking into account the constraints of satellite data, 
vegetation indices were developed, especially the Normalized Difference Vegetation Index (NDVI), to 
generate information on the greenness of the vegetation (Cracknell, 2001; Beck et al., 2011; Pettorelli, 
2013; Neumann et al., 2015). The strength of the NDVI is that it is versatile because it is related to many 
vegetation characteristics (Huete et al., 2002). This is precisely why it can be used as a proxy for forage 
quality (e.g. Hamel et al., 2009) or quantity (e.g. Hansen et al. 2009) but is not suitable for analysing the 
corresponding forage selection. However, imaging spectrometers, commonly referred to as hyperspectral 
sensors, could be used to derive forage quality and quantity (Schweiger et al., 2015a), but lack the 
necessary revisit time to map developments over an entire growing season. A current option is the 
Sentinel-2 satellite constellation developed by the European Space Agency, with 10 spectral bands at 
spatial resolution of 10 to 20 m and a revisit time of 5 days (Drusch et al., 2012). In addition to the 
possibility of deriving vegetation indices from surface reflectance, the spectral bands of the Sentinel-2 
sensors also allow the estimation of biophysical and biochemical plant traits (Punalekar et al., 2018; Rossi 
et al., 2020). Using physical laws, radiation transfer models describe how vegetation interacts with light, 
allowing for the modelling of surface reflectance based on canopy and leaf traits (i.e. optical traits), as well 
as the background soil (Houborg et al., 2015). Thus, by inverting such models it is possible to derive proxies 
for forage quality and quantity from the remotely sensed surface reflectance at high spatial and temporal 
resolution despite a reduced number of bands compared to hyperspectral sensors (Raab et al., 2020). 
These estimates have not yet been applied to animal species but have the potential to clarify whether red 
deer select for quality or quantity, as they generate more specific variables that go beyond the exclusive 
use of conventional vegetation indices, such as NDVI. In addition, they also enable comparisons in forage 
selection between the sexes in heterogeneous alpine habitats characterized by short vegetation periods, 
again in the context of environments influenced by human activities. 

1.1.4 Classification of behaviour types 

Movement analyses of animals tagged with GPS collars aim at shedding light on spatio-temporal patterns. 
In a sense, these patterns, such as habitat selection, provide information about the animals’ behaviour and 
can contribute to effective conservation and management of the species (Sutherland, 1998; Ellis-Soto et 
al., 2025). However, they have the limitation that they do not allow direct conclusions to be drawn about 
different types of an animal’s behaviour (Laube, 2017). 
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GPS collars are often additionally equipped with accelerometers, which measure the relative movement 
of the collar as the difference in acceleration between successive measurements (Krop-Benesch et al., 
2011). In other words, they measure the intensity of the collar’s - and hence the animal's - movement. 
Thus, accelerometer data can be used to derive an animal’s activity levels (Stache et al., 2013; Brivio et al., 
2016; Figure 1). For various species of carnivores and ungulates, classification models have been used to 
assign specific animal behaviours to accelerometer data (e.g. Signer et al., 2010; Wang et al., 2015). Former 
behavioural classification models for ungulates were trained with accelerometer data of captive (Naylor & 
Kie, 2004) or free-ranging animals (Kröschel et al., 2017), of low (i.e. few minutes; Gaylord, 2013) or high 
temporal resolution (i.e. multiple measurements per second; Kirchner et al., 2023), and as binary (Roberts 
et al., 2016) or multiclass models (Löttker et al., 2009). While binary models classify two modes, e.g. 
feeding vs. walking, or active vs. inactive, multi-class models can classify more than two behaviours. 

 

Figure 1: Mean daily activity per month of red deer from the Swiss National Park and its surroundings (years from 
2010 to 2021). Mean daily activity was calculated as the daily mean root of the sum of squares of two-axis 
accelerometer data (forward-backward motion, left-right motion). Plot adapted from Lars Korzelius, Swiss National 
Park. Data by Swiss National Park, unpublished. 

 

As with other sensors, accelerometers generate large data sets that researchers are faced with today (Tuia 
et al., 2022). The sheer size of such data sets makes machine learning algorithms a welcome tool for 
detecting patterns and thus can provide new insights into animal behavioural ecology (Norouzzadeh et al., 
2018; Eikelboom et al., 2019; Schneider et al., 2019). A variety of algorithms has been developed, including 
discriminant function analysis (Naylor & Kie, 2004; Gaylord, 2013), recursive partitioning (i.e., classification 
and regression trees; Löttker et al., 2009; Heurich et al., 2012), or random forests (Kröschel et al., 2017; 
Kirchner et al., 2023). For griffon vultures (Gyps fulvus), fur seals (Arctocephalus spp.) and sea lions 
(Neophoca cinerea), the efficacy of different machine learning algorithms for classifying behaviour has 
been compared (Nathan et al., 2012; Ladds et al., 2016), but not yet for free-ranging cervids. Classification 
models trained on captive animals may perform well for captive animals, but they may not for free-ranging 
animals because their behaviour may differ (Pagano et al., 2017). So far, there is a lack of multiclass models 
that have been trained using low-resolution data from free-ranging cervids. In addition, the gap of 
comparing the accuracy of several classification models based on different machine learning algorithms 
was to be closed. 
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1.1.5 Red deer management in Switzerland – a constant challenge 

In Switzerland, the management of huntable and protected species under the Federal Hunting Law is the 
responsibility of the 26 cantons (§3, Federal Hunting Law, SR 922.0). The Swiss cantons are comparable to 
federal states or provinces in other European countries. The law takes ecological principles into account 
and thus requires the preservation of biodiversity, the protection of wildlife habitats and endangered 
species, adequate protection from human disturbance, the designation of protected areas, and the 
designation of supra-regional wildlife corridors. Hunting rights are not tied to private land ownership. 
Cantonal hunting authorities, and in most cantons also state gamekeepers, enforce hunting legislation 
while each canton decides on its own hunting system. Hunting is carried out by recreational hunters. There 
are currently three hunting systems (Baumann et al., 2014): patent hunting, district hunting and state 
hunting. In 16 cantons, and thus in most parts of Switzerland, hunting is organised as a licence system 
(patent), whereby anyone with hunting rights can purchase a cantonal hunting permit each year and is 
free to choose their hunting grounds. In nine cantons, the district hunting system applies, where specific 
hunting grounds are leased to groups of hunters for several years. State hunting is the exception and only 
recognised in the canton of Geneva. There, recreational hunting was abolished by democratic decision in 
1974, and state gamekeepers have since been responsible for regulating wildlife populations. 

In the late 19th century, many wildlife species were extinct or greatly reduced in Switzerland. Consequently, 
the first hunting law was introduced in 1876 to regulate hunting. In particular, restrictions on hunting 
seasons, protection of mothers and young animals, and the establishment of state gamekeepers were 
aimed at restoring wildlife populations (Baumann et al., 2014). Protected areas in the form of hunting ban 
areas played a key role in this process (§1, Federal Hunting Ban Areas Ordinance, SR 922.31): Since 
ungulate populations were expected to recover in hunting-free areas, the cantons of the mountainous 
regions in particular were instructed to designate areas where hunting is banned. Until the beginning of 
the 20th century, 43 federal hunting ban areas were subsequently established throughout the country. In 
addition, many cantons had also designated cantonal hunting ban areas, among those the canton of 
Grisons since 1906. Europe's first hunting ban area was established in the canton of Glarus as early as 
1548. The Swiss National Park was founded in 1914 as the first large-scale protected area in the Alps. 
According to the categories of the International Union for Conservation of Nature (IUCN), the Swiss 
National Park is a category Ia protected area (Strict Nature Reserve) where all human use is prohibited 
except hiking on trails (§1, National Park Law, SR 454). This area was thus removed from human use, 
compliance with the strict rules was ensured by park wardens, and natural processes were to be the 
subject of ongoing research (e.g. Haller, 2002). 

From a nature conservation perspective, these measures have achieved the desired success. In the last 
150 years, many populations have been able to recover and species have returned to Switzerland, 
including the red deer, after being largely eradicated in the 17th century (Haller, 2002). Due to the legal 
research mandate, park wardens in the Swiss National Park have recorded the summer populations of red 
deer, documenting an increase from 0 in 1914 to over 2000 individuals in the 1970s and 1980s (Figure 2). 
There is even reason to believe that they significantly underestimated the population from the 1950s to 
the 1980s (Haller, 2002). As early as 1928, the Swiss Federal National Park Commission called for more 
ecologically oriented research into ungulates (Burckhardt, 1991): "It would be desirable if, in addition to 
the mere enumeration of the observed game, there is also information about the change of locations and 
its causes, about the ratio of sexes and of game and predatory animals, about the behaviour of the animals 
towards humans and, above all, about observations of all kinds regarding the effects of strict protection. 
This would provide the most valuable material for scientific processing and research, and probably also for 
the legal regulation of hunting." 
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Figure 2: Red deer population development in the Swiss National Park from 1914 to 2024 after being largely 
eradicated in the 17th century (Haller, 2002). Data by Swiss National Park, unpublished. 

 

The hunting legislation of the canton of Grisons, where the Swiss National Park is located, has traditionally 
set additional constraints as hunting red deer is limited to a maximum of 21 days in September (§11, 
Cantonal Hunting Law, BR 740.000). Hunting at night is prohibited. Due to the rapid population growth in 
the Swiss National Park and its surroundings between the 1940s and 1980s, repeated and increased winter 
mortality, and damage to forestry and agriculture soon occurred (Burckhardt, 1957; Haller, 2002). Efforts 
to regulate red deer populations clearly did not have the desired success, even though female red deer 
had also been hunted since the 1950s. At the time, politicians and society generally referred to the 
situation as the red deer problem, and there were no solutions. Initial tagging of red deer individuals 
enabled descriptions of annually recurring migrations between the same summer and winter habitats 
beyond the park boundaries: in summer, many red deer were inside the Swiss National Park, but outside 
in winter (Schloeth, 1961). At the same time, the extent of bark stripping and browsing in winter habitats 
outside the Swiss National Park gave cause for concern about natural regeneration in the forest (Kurth et 
al., 1960). In addition, malnutrition was considered to be the cause of winter deaths, affecting 60% of 
animals according to post-mortem examinations (Klingler, 1966). An experiment involving a hunting 
weekend in the surroundings of the Swiss National Park outside the traditional hunting season in late 
autumn 1956 was successful. However, it provoked an outcry in the media, prompting the cantonal 
hunting authorities to abandon this approach due to public pressure and instead focus on shooting 
lactating females in the surroundings of the Swiss National Park until 1966 (Haller, 2002). This in turn led 
to increased hunting pressure on individuals exhibiting behaviours that did not involve summer use of the 
hunting-free Swiss National Park, which was detrimental to long-term hunting success (Jenny & Filli, 2014). 
Despite a doubling of the number of hunters between 1953 and 1980 and the associated increase in 
hunting pressure, the hunting bag in the canton of Grisons stagnated between 1956 and 1970 at an 
average of 1,623 individuals (jagdstatistik.ch/gr/hunting_bag), while the red deer population continued to 
grow also in the Swiss National Park (Figure 2). 

It stands to reason that the red deer problem in the surroundings of the Swiss National Park was due to 
the high population density relative to the resources available in their habitat (Buchli, 1979). Finally, the 
lifting of taboos, including culling during special hunts in November and December and culling within the 
Swiss National Park from 1973 to 1995, which was not provided for by law, led to the desired regulation 

https://www.jagdstatistik.ch/de/statistics?tt=0&dt=0&at=0&st=0&dp=0&ar=GR&th=1&yr%5Bfrom%5D=1933&yr%5Bto%5D=2024&sp=1
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of red deer populations (Haller, 2002): since 1995, the summer population in the Swiss National Park has 
averaged 1,567 individuals (Figure 2). Importantly, additional cantonal hunting ban areas of small size have 
been designated since the 1980s to optimize the summer distribution of red deer and to sustainably ensure 
high hunting success, while at the same time protecting potential rutting areas. Hunting in September 
nowadays ensures basic regulation across the canton considering aspects of population ecology. Thus, 
calves and their mothers are not huntable in order to preserve established behavioural traditions with 
resident individuals also ocurring outside hunting ban areas. Males at the peak of their social importance, 
especially during the rutting season, which takes place from mid-September to the beginning of October, 
are only hunted in very small numbers. Hunters use the crowns on both sides of the antlers as a proxy to 
identify such individuals. The ecological reason for this regulation is that, as recorded in the Swiss National 
Park, a shortage of older, experienced males during the rutting season resulted in only a few dominant 
males, which led to oversized herds and a prolonged rutting season (Klingler, 1966; Haller, 2002). During 
the second hunting phase in November and December, red deer populations have been culled since 1987 
on a maximum of ten half-days across the canton. The number of animals is thus locally adjusted to the 
social and economic carrying capacity of the winter habitats, with particular attention being paid to 
balancing the sex ratio in the hunting quota. Over the past 25 years, an average of 5,807 hunters have 
practised hunting in the canton of Grisons (jagdstatistik.ch/gr/hunters). While they exert high hunting 
pressure on red deer during the short hunting season, there is no hunting during the rest of the year. 

However, hunting authorities were aware that managing red deer did not simply mean culling animals. A 
more ecological approach was required, and detailed knowledge of (a) population size, (b) physical 
condition of individuals, (c) spatio-temporal behaviour, (d) availability and utilization of forage, and (e) 
extent of damage in forests and agricultural areas was henceforth considered fundamental to red deer 
management (Blankenhorn et al., 1979). It is crucial that standardized monitoring is established for these 
factors, thereby creating the basis for long-term data series. Hunting quotas were henceforth derived from 
standardized nocturnal censuses carried out annually in spring when the meadows in the valley bottoms 
turn green, in order to understand the population dynamics over the years (Buchli, 1979). In addition, 
wildlife officials record the sex, age, presence of calves, body weight, and the length of the hind foot and 
lower jaw of the hunted individuals (Baumann et al., 2014). A simple ratio of body mass divided by the 
length of hind foot or lower jaw is also recommended, taking into account sex and age class (Baumann et 
al., 2010). The theory behind this is that females living in habitats with sufficient forage and cover or 
protection would be expected to give birth to strong calves and be able to provide them with sufficient 
milk (Buchli, 1979). This would create the conditions for their calves to reach their maximum body size 
during their growth phase. Calves of mothers living in poorer conditions, i.e. in higher population densities 
and with insufficient resources, would be less well nourished, and consequently grow more slowly and do 
not reach their maximum body size during their growth phase. Over time, such an area would be populated 
mainly by small individuals. Consequently, changes in these measures over the years may indicate either 
an undetected increase in population, a decline in forage resources, or reduced access to these resources, 
e.g. due to increased human disturbance. This was incorporated into legislation, and today the cantons 
are required to keep statistics on the population and hunting bags of red deer (§3, Federal Hunting Law, 
SR 922.0). 

For the management of red deer, it is further essential to understand their spatio-temporal behaviour. 
Based on the findings generated from tagged individuals, management units were designated in the 
canton of Grisons. Otherwise, there is a risk that hunting quotas are planned based on the population size 
in an area without considering seasonal migration (Reimoser et al., 2014; Signer et al., 2021). To gain a 
better understanding of this, several cantons have carried out tracking projects using GPS collars in recent 
years, in some cases in cooperation with the neighbouring countries Austria, France, and Liechtenstein. As 
part of the ongoing red deer expansion in Switzerland, these projects have additionally aimed at identifying 
habitat suitability or connectivity corridors (Patthey, 2003; Fischer et al., 2024), in order to comply with 
legal requirements. They have also described variation in red deer physiology and activity over the course 
of the year (Reimoser et al., 2014; Thiel et al., 2018) confirming the local minima and maxima in winter 
and summer metabolism (Arnold et al., 2004). 

https://www.jagdstatistik.ch/de/statistics?tt=1&dt=0&at=0&st=0&dp=0&ar=GR&th=0&yr%5Bfrom%5D=2000&yr%5Bto%5D=2024&sp=305
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Red deer management with supplementary feeding in winter to prevent mortality and damage to forestry 
and agriculture failed in the canton of Grisons, although damage to the forest can be reduced through 
diversionary feeding (Arnold et al., 2018). Consequently, earlier attempts to optimize management based 
on the German and Austrian models were abandoned (Jenny & Filli, 2014). Today, supplementary feeding 
is even prohibited in the canton of Grisons (§29a, Cantonal Hunting Law, BR 740.000). Instead, targeted 
biotope management aims to improve natural food resources while providing favourable habitats with 
suitable cover and protection in summer and winter. In order to reduce energy losses due to 
anthropogenic disturbances in winter, wildlife refuges have been designated throughout the canton of 
Grisons and now also in most cantons of Switzerland. In these refuges access for humans is prohibited in 
winter or only permitted on designated paths (Baumann et al., 2010). Thus, based on the experiences 
gained in the Swiss National Park and its surroundings, two types of protected areas play an important role 
in today's Swiss red deer management: hunting ban areas in summer and autumn, and wildlife refuges in 
winter and spring. Knowing that low-disturbance areas can also lead to concentrations of red deer (Haller, 
2002; Figure 2), offering seasonal protected areas is an option, especially in systems with seasonal 
migrations. With the designation of such protected areas in habitats with favourable natural conditions, it 
can be assumed that protection from humans makes them even more attractive to red deer (Proffitt et al., 
2009; Mikle et al., 2019; Coppes et al., 2017). This strategy, coupled with a large number of smaller-scale 
hunting ban areas (Figure 3, taking the example of the canton of Grisons), aims to ensure that red deer are 
well distributed across the landscape. However, there is still a lack of scientific evidence that the summer 
distribution of red deer in particular can be controlled by these smaller-scale hunting ban areas, and 
thereby counteracting larger concentrations (Haller & Jenny, 2013). 

 

Figure 3: Hunting ban areas in the canton of Grisons including the Swiss National Park (blue), federal hunting ban 
areas (orange), and cantonal hunting ban areas (red). Map by Geoportal of Grisons’ cantonal administiration 
(map.geo.gr.ch/hunting_ban_areas) 

 

https://map.geo.gr.ch/theme/Basisinfo?lang=de&map_x=2769130&map_y=1165920&map_zoom=1&baselayer_ref=Karte%20grau&tree_groups=Wildschutzgebiete.Eidg_Jagdbanngebiete%2CWildschutzgebiete.Allgemeine_Wildschutzgebiete&tree_group_layers_Wildschutzgebiete.Eidg_Jagdbanngebiete=Wildschutzgebiete.Eidgenoessische_Jagdbanngebiete_Beschriftung%2CWildschutzgebiete.Eidgenoessische_Jagdbanngebiete&tree_group_layers_Wildschutzgebiete.Allgemeine_Wildschutzgebiete=Wildschutzgebiete.Wildschutzgebiete_allgemein_Beschriftung%2CWildschutzgebiete.Wildschutzgebiete_allgemein
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1.2 Research questions 

The primary aim of this research was to refine knowledge about habitat selection of red deer with regard 
to two important needs: safety (paper I) and forage (paper II). Based on the broad knowledge about red 
deer, this research analysed their habitat selection in the Central Alps as a function of newly combined 
habitat characteristics, i.e. landscape variables, forage parameters, and proxies of human presence at the 
scale of individual movement trajectories. The second aim was to develop a method to classify behaviour 
types of wild red deer (paper III). In combination, this will provide new insights into red deer behaviour, 
which will serve as a basis for future conservation and management. 

In paper I, we studied red deer habitat selection in networks of small-scale hunting ban areas in the Central 
Alps, which allowed us to compare their behaviour inside and outside these areas. Since large carnivores 
were mostly absent during the study period, humans were left as the only constant predator. We first 
analysed day- and nighttime habitat selection per month and study area to understand differences 
between day and night, as well as over the course of the year. We then focused on habitat selection 
specifically during the main hunting season in September, and differentiated between inside and outside 
hunting ban areas, and again between day and night and the different study areas. We expected red deer 
to select against habitat characteristics indicating human presence in all study areas during the day, but 
not at night. In addition, we expected red deer to select for hunting ban areas particularly during times of 
hunting activity. Finally, we discussed the habitat selection patterns of red deer, the differences between 
the study areas with a focus on human disturbances, and the impact of hunting ban areas on red deer 
behaviour. 

While paper I concentrated on red deer’s need for safety, in paper II, we integrated their need to forage 
with a focus on sex-specific selection of forage quality and quantity in the Swiss National Park and its 
surroundings. Since distinct variables for forage quality and quantity are not readily available, we first 
predicted dynamic parameters at high spatial and temporal resolution, and then analysed red deer habitat 
selection. We restricted our study to open habitats in summer (June to August), and accounted again for 
the effects of topography, vegetation and human disturbances. We expected red deer to select forage 
quantity over quality, with females showing weaker selection for quality than males. As in paper I, we 
expected both sexes to avoid humans. However, as we assumed that the Swiss National Park with its strict 
regulations on human use influenced red deer behaviour, the effects of habitat selection that indicate 
avoidance behaviour of humans could be dampened. We discussed the sex-specific habitat selection 
patterns of red deer, and the capability of satellite data to estimate separate variables for forage quality 
and quantity. 

The methods in papers I and II revealed red deer habitat selection and its temporal variation. However, 
actual behaviour types remained hidden. We approached this task in paper III using accelerometer data 
complementary to GPS locations recorded by the collars, and collected behaviour data from red deer in 
the Swiss National Park by observation. We then trained classification models applying machine learning 
methods. In addition, we applied multiple algorithms, including different combinations and 
transformations of the accelerometer data, to find the most accurate classification models, and finally 
derived a new measure to determine which models most accurately classified red deer behaviour. 

1.3 Methods 

Captures of wild red deer were necessary to get the GPS locations and accelerometer data used in this 
research. Animals were captured by wildlife officials in accordance with national animal welfare laws and 
under permits issued by the cantonal and federal authorities. Unless otherwise stated, we performed 
calculations and analyses exclusively using R (R Core Team, 2022). For further details, please refer to the 
corresponding papers in chapter 2. Below we provide an insight into the methods used in the papers and 
explain any challenges as well as alternative methods. 



 

  back to Table of content 11 

1.3.1 Red deer location data and explanatory variables 

GPS locations of red deer in six study areas were available at regular intervals of 1 to 4 hours over 1 to 3 
years. Selecting a fix rate of 3 hours resulted in the largest sample of individuals. We had to exclude data 
from two other study areas, one because of irregular sampling intervals, and the other because the animals 
there did not have access to hunting ban areas. Thus, we used GPS locations of 243 red deer individuals 
(151 females, 92 males) recorded by three types of collars from VECTRONIC Aerospace GmbH, Berlin, 
Germany (GPS PLUS, PRO LIGHT and VERTEX PLUS). We then extracted information of landscape variables 
and proxies of human presence at these locations. These included tree cover density, distance to trails, 
slope, elevation, and hunting ban areas in paper I to analyse red deer’s safety needs, and biomass, relative 
nitrogen, distance to forest, distance to trails, and slope in paper II. The latter analysis was carried out in 
order to additionally analyse the animals’ need to forage in open habitats of the Swiss National Park and 
its surroundings, based on 66 individuals (45 females, 21 males). Except for biomass and relative nitrogen, 
all variables were available open source. The distance variables we calculated using the path distance tool 
in ArcGIS Pro (version 3.0.3, ESRI). 

We chose nitrogen as a proxy for forage quality and biomass for quantity. Based on ESA's Sentinel-2 surface 
reflectance data (Drusch et al., 2012), we derived vegetation indices and optical traits, and modelled 
dynamic parameters of forage quality and quantity at a spatial resolution of 50 m and an average temporal 
resolution of 7.7 days (Raab et al., 2020). To achieve this, we trained two distinct random forest models to 
predict biomass and nitrogen using the remote sensing products as predictor variables. We used field 
measurements of biomass and nitrogen from 2011 to 2013 (Schweiger et al., 2015a) and 2016 to 2018 
(Rossi et al., 2020, 2022) as response variables in the models. We quantified the importance of the 
predictor variables by grouping the variables by correlation and by variable types, i.e. surface reflectance, 
vegetation indices and optical traits in predicting forage quality and quantity. Next, we linked each GPS 
location to the temporally closest Sentinel-2 image, then used the best-performing models to predict 
biomass and nitrogen from the Sentinel-2 data for all GPS locations. As the absolute values (i.e. g/m2) of 
nitrogen and biomass are correlated, comparing the selection of quality and quantity was difficult. We 
solved that using relative canopy nitrogen content (hereafter referred to as relative nitrogen) instead of 
the absolute values as a proxy for forage quality (Schweiger et al., 2015a), in the knowledge that it would 
cause subsequent problems: in areas where vegetation cover does not correlate with nitrogen content, 
e.g. in sparsely vegetated areas, the application of concentration measurements is problematic. From a 
radiative transfer perspective, the spectral signal of a surface is determined by the absolute amount of 
nitrogen rather than its concentration. To reduce these uncertainties, we used a large number of field 
measurements to train the random forest models and consistently excluded GPS locations with values not 
seen during model training from the habitat selection analysis. 

1.3.2 Analyses of habitat selection 

Against the background that prey species such as red deer (a) select their habitats according to their 
requirements for landscape features, and (b) safety needs drive them to modify their habitat selection in 
response to natural predators and humans (Frid & Dill, 2002; Proffitt et al., 2009; Laundré et al., 2010), we 
looked for methods to refine knowledge in alpine environments that contained networks of small-scale 
hunting ban areas. One frequently used approach for analysing GPS data are resource-selection functions 
(Manly et al., 2002). As the term resource-selection function is quite narrowly defined, it has been 
extended to habitat-selection functions, which can include environmental conditions and risks in addition 
to mere environmental resources (sensu Fieberg et al., 2021). Thus, habitat-selection functions set 
environmental variables, conditions or risks at locations that are used by an animal in relation to locations 
that are assumed to be available. In other words, habitat-selection functions model the relative probability 
that an available location will be used for its habitat type or value (Lele et al., 2013). 

Depending on the research question, habitat-selection functions are applied at different scales (Johnson, 
1980): 1st order - at the population scale (i.e. species distribution), 2nd order - at the home range scale, 3rd 
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order - at the patch scale within home ranges, and 4th order - at the site scale. While the first three orders 
are often analysed using logistic regression, the 4th order is by conditional logistic regression (Boyce & 
McDonald, 1999; Fortin et al., 2005; Thurfjell et al., 2014). Habitat-selection functions for animal GPS data 
typically ignore trade-offs, e.g. between the selection of forage and cover for safety, and that these may 
change over the course of a day (Godvik et al., 2009; Allen et al., 2014; Coppes et al., 2017; Fattebert et 
al., 2019). This may lead to changes in the relative use of habitat types if availability differs among 
individual home ranges. So-called functional responses in habitat selection and their underlying 
behavioural mechanisms can be identified by estimating habitat-selection functions through mixed-effects 
logistic regression (Godvik et al., 2009). However, habitat-selection functions have one main disadvantage: 
while the used locations are given by the GPS data of tagged animals, these approaches share the challenge 
of defining available locations (Matthiopoulos, 2003; Lele et al., 2013). 

A second popular approach for analysing GPS data are step-selection functions (Fortin et al., 2005; Thurfjell 
et al., 2014), and their extension to integrated step-selection functions (Avgar et al., 2016). They connect 
habitat-selection functions and animal movement, and offer the advantages of: (a) providing an objective 
method of defining habitat availability in terms of movement constraints, (b) relaxing the assumption that 
locations are statistically independent, and (c) including movement characteristics as predictors (Fieberg 
et al., 2021). The latter means that integrated step-selection functions consider the observed distributions 
of step lengths, i.e. the distance between consecutive locations, and of turning angles, i.e. the change of 
direction between consecutive locations. Thereby, each consecutive GPS location is represented as a step. 

In order to analyse red deer habitat selection at the scale of individual movement trajectories, in paper I 
we fitted integrated step-selection functions (Avgar et al., 2016) in the perimeters of six study areas in the 
Central Alps. We first estimated ten random locations per observed GPS location based on movement-
related statistics, and attributed the values of the explanatory variables to the end location of each step. 
We then used generalised linear mixed models (glmmTMB; Muff et al., 2020), as these have the advantage 
of being able to be run for all individuals simultaneously, since they account for individual-specific variation 
in habitat selection. Another option would have been the application of a conditional logistic regression 
(clogit; Avgar et al., 2016), whereby clogit is run separately per individual. To infer habitat selection of 
multiple individuals of a population from clogit, the results are averaged (Prokopenko et al., 2017). Thus, 
individuals with strong deviation from the “average behaviour” have a large effect on the estimates, while 
the inclusion of all individuals in the same model as a random factor increases standard errors and 
therefore uncertainty in the model. Because no data from males were available in the study area of the 
region of the Swiss National Park, we only compared females in further analyses in paper I. For comparing 
the study areas, we then pooled all those with similar trends across explanatory variables. This resulted in 
a comparison of the region of the Swiss National Park against all other study areas. 

In paper II, we proceeded similar to paper I, but fitted integrated step-selection functions (Avgar et al., 
2016) with 25 random locations per observed GPS location. We first derived proxies for forage quality and 
quantity based on surface reflectance values, vegetation indices, and optical traits, and then restricted to 
open habitats and consistently excluded GPS locations with uncertain predictions for biomass and relative 
nitrogen. Finally, we included steps with at least three remaining random locations (Sigrist et al., 2022), 
and fitted sex-specific glmmTMBs (Muff et al., 2020). 

1.3.3 Classifying red deer behaviour using accelerometer data 

In papers I and II, we analysed the patterns of habitat selection of red deer in relation to their need for 
safety and foraging, respectively, based on GPS locations. However, these analyses did not provide any 
information about the type of the animals’ behaviour. Powerful tools such as State Space Models or Hidden 
Markov Models have been developed for behavioural segmentation of animal movement trajectories, but 
they might fail in recognising short-lasting behaviours if the sampling interval of GPS locations is too coarse 
(Wang, 2019). Thus, to address these questions, in paper III we chose an approach using acceleration data 
that were also recorded by the GPS collars. Acceleration was recorded averaged over 5-minute intervals 
per axis and provided as a unit-free number ranging from 0 to 255, characterising the mean acceleration 
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(Krop-Benesch et al., 2011). A value of 0 represented no movement and 255 maximum movement. We 
used accelerometer data from the x-axis and y-axis which measured the forward-backward and left-right 
motion, respectively, of two female and two male red deer. Those four free-ranging individuals were 
observed in the Swiss National Park in July and August, at the time of their highest activity (Figure 1). We 
focused on one individual at a time, and simultaneously recorded their behaviour in the ethological app 
Behayve (behayve.com), which generated time-stamped behavioural logs for every observational session 
and individual. We distinguished between the behaviours lying, feeding, standing, walking, and running. 

Since behaviours of red deer were not consistent with 5-minute intervals of the accelerometer data, we 
labelled the intervals as pure and mixed intervals. While during a pure interval, the animal continuously 
engaged in a single behaviour, during a mixed interval, the animal engaged in multiple behaviours. Mixed 
intervals were labelled with the longest-lasting behaviour if it lasted 2.5 minutes or longer. To link the 
observation data with the accelerometer data, we had to ensure that the timestamps of the two datasets 
matched. For the observation data, we compared the time in the app with the time in the mobile phone 
and a GPS watch. For the accelerometer data, we checked whether the timestamps of intervals with very 
low values matched those of the observed lying behaviour. We then generated a multiclass behavioural 
model for red deer. We divided the data into two datasets and used three quarters of the labelled intervals 
to train the models and one quarter to test them (James et al., 2021). In a supervised learning approach, 
each labelled behaviour interval served as one datapoint. While behaviour served as the output variable, 
the accelerometer values served as the input variables. The model then learned to predict an animal's 
behaviour based solely on accelerometer values when provided with a large dataset of labelled intervals. 

To find the most accurate classification model, we not only used multiple machine learning algorithms, but 
also different combinations and transformations of the accelerometer values (Nygaard et al., 2016). For 
each model, the predicted behaviour of each testing interval (25%) was compared with the actual observed 
behaviour of that interval. Using various accuracy metrics, we were able to compare all the models’ 
accuracies with each other. 

1.4 Key findings 

1.4.1 Paper I: Red deer habitat selection accounting for the need for safety 

Analysing habitat selection in networks of small-scale hunting ban areas in the Central Alps, we found that 
red deer selected contrasting habitats during the day and at night. In terms of anti-predator behaviour 
towards humans we showed that during the day red deer avoided habitats where humans are likely to be 
encountered. In the pooled study areas (PSA), this was indicated by selection for denser tree cover, longer 
distances to trails, and for steeper slopes all year round. In addition, they selected for hunting ban areas 
in summer and autumn and therefore reduced the risk of being disturbed or even hunted. At night, they 
showed the opposite pattern and selected for lighter tree cover, shorter distances to trails, and flatter 
slopes, indicating a reduced fear of humans in the safety of darkness and a compensation for missed 
foraging opportunities during the day. They only selected for hunting ban areas in September. There were 
no effects of tree cover density and slope during winter nights, while they selected for flatter slopes during 
summer and autumn nights. Red deer in the study area centred on the strictly protected Swiss National 
Park (RSN), selected differently to red deer in PSA and generally showed fewer contrasting patterns 
between day and night. During the day, they selected for longer distances to trails and for steeper slopes 
mainly in winter. However, the selection for denser tree cover and hunting ban areas during the day, and 
the selection of all covariates at night, were similar to PSA. This supports the findings that red deer 
generally saved energy in winter, and showed no compensating behaviour at night (see also Arnold et al., 
2004; Pépin et al., 2009). In addition, this indicates that the animals consumed less forage in winter and 
thus minimized energy expenditure on searching for forage (Arnold et al., 2015). The results for elevation 
in RSN during the day may be misleading because red deer selected for lower elevation in summer and 
higher elevation during the rest of the year, as they stayed higher up in all study areas in summer than in 

https://www.behayve.com/
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winter (Reimoser et al., 2014; Thiel et al., 2018; Signer et al., 2021; Figure 4). Considering that we analysed 
the selection on a monthly basis, it becomes clear that red deer selected for lower elevation within the 
generally higher range in summer. 

 

Figure 4: Mean daily elevation of red deer from six study areas between 2010 and 2021 (ASG = study area  
“Appenzell – St. Gallen”, ING = project “Ingio via?”, RAE = project “Raetikon”, RSN = study area “Region of the Swiss 
National Park”, TIG = project “TIGRA”, VAL = study area “Valais”). Plot adapted from Lars Korzelius, Swiss National 
Park. 

 

Second, we found differences in habitat selection between inside and outside hunting ban areas, during 
the day and at night, and in both PSA and RSN during the main hunting season in September. Red deer 
selected hunting ban areas in favour of hunted areas during the day and at night in both PSA and RSN. In 
PSA during the day, red deer selected for denser tree cover, longer distances to trails, and for steeper 
slopes, with significantly weaker selection inside compared to outside hunting ban areas. At night, red deer 
selected for lighter tree cover, shorter distances to trails, and for flatter slopes, thus showing a contrasting 
pattern of habitat selection. However, this selection was similar inside and outside hunting ban areas. In 
contrast, red deer in RSN during the day only selected for denser tree cover, with a weaker selection inside 
hunting ban areas compared to outside. Overall, this indicated a less specific habitat selection in RSN than 
in PSA. 

Third, we ensured that effects were not caused by the seasonal behaviour of the animals, but by the 
influence of hunting. In PSA, red deer indeed selected for hunting ban areas due to hunting activity during 
the day and at night. In contrast, in RSN hunting activity had a significant positive effect only at night, but 
not during the day when the animals showed a selection for hunting ban areas already. 

We conclude that (a) red deer generally avoided humans during the day, and this avoidance was stronger 
outside hunting ban areas compared to inside. We explain the less specific habitat selection in the RSN 
compared to PSA by the fact that red deer within the Swiss National Park do not need to (strongly) select 
for habitat parameters that indicate avoidance of humans. In addition, our results also show that 
compensation at night does not occur in this study area. Thus, we conclude that (b) the Swiss National 
Park, as the centre of our study area RSN, reduces the impact of human disturbance in accordance with its 
purpose. Finally, we conclude that (c) despite the ban on night hunting in Switzerland, hunting activities 
led red deer to select their habitats more cautiously, even at night. This is consistent with previous findings 
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that red deer migrate due to the start of the hunting season (Rivrud et al., 2016) and move to protected 
areas (Mikle et al., 2019). However, the selection for hunting ban areas in autumn during the day and at 
night may also be related to undisturbed rutting sites (Frid & Dill, 2002). Due to the temporal overlap of 
the rut with the hunting season in Switzerland, these effects are difficult to disentangle. 

1.4.2 Paper II: Red deer habitat selection accounting for the need to forage 

Analysing red deer habitat selection including the trade-off between forage quality (i.e. relative nitrogen) 
and quantity (i.e. biomass) in open alpine summer habitats of the Swiss National Park and its surroundings, 
we found that both sexes selected for habitats with high biomass and high relative nitrogen, while biomass 
had a greater effect than relative nitrogen. Comparing between sexes, females selected more strongly for 
biomass than males, while males selected more strongly for relative nitrogen than females. However, due 
to the sex-specific model calculations, it was not possible to determine significant differences between the 
sexes. Our findings were consistent with those of a previous study which was conducted in the same region 
and used the same proxies for forage quality and quantity (Schweiger et al., 2015a), despite weekly 
spectral information versus one single dataset, a coarser spatial scale of 50 m versus 6 m, and a sample 
size of 45 females and 21 males versus two females. In addition, we confirm selection patterns found by 
Sigrist et al. (2022) based on a spatial resolution of 10 m, but during the green-up season and with other 
proxies for forage quality and quantity. 

Besides analysing red deer’s trade-off between forage quality and quantity, our study design allowed us 
to also analyse the trade-off between forage and safety needs per sex (Mysterud & Ims, 1998; Godvik et 
al., 2009; Mikle et al., 2019). Both sexes shared a selection for short distances to the forest, which may 
reflect red deer’s general need for safety. However, the structure of the best-supported models indicated 
sexual differences in the need for safety: while for females all variables were included, for males, distance 
to trails and slope were excluded from the best fitting model. Keeping their distance from trails and 
retreating to steep terrain are part of red deer's avoidance behaviour towards humans. Since this did not 
seem to affect males, it is consistent with their apparent greater tolerance of human activity compared to 
females. On the other hand, females selected for short distances to trails and for flat slopes, which was 
against current theory. The explanation may lie in females’ strong preference for the Swiss National Park 
characterized by strict regulations for humans, as their most frequently used areas were located within 
the Swiss National Park but in close proximity to trails. This is also evident from the mere distribution of 
locations: for females, 82% of locations were within the Swiss National Park, but only 46% for males. A 
further subdivision into day and night locations showed that for females, 89% of the locations were within 
the Swiss National Park during the day, but only 75% at night. This further illustrates the importance of 
females' need for safety. These differences were also evident in males, but at a lower level, with 59% of 
locations within the Swiss National Park during the day and 32% at night. Another explanation why males 
left the Swiss National Park at night about twice as often as females could be that they avoided high red 
deer densities. This could in turn be a reason why males selected lower biomass but higher relative 
nitrogen than females: around the Swiss National Park are alpine pastures (Rossi et al., 2020), which are 
grazed by cattle and sheep and therefore offer lower biomass but higher relative nitrogen. Thus, we 
conclude that our findings apply to higher-elevation summer habitats with little human disturbance, short 
growing seasons and low biomass. However, habitat selection may be different in agricultural lands with 
higher biomass but also higher human disturbance. 

1.4.3 Paper III: Classifying red deer behaviour using accelerometer data 

Developing a method to identify behaviour types of red deer based on accelerometer data, we applied 
multiple machine learning algorithms. In addition, we used different combinations and transformations of 
the accelerometer data. Although the four free-ranging red deer individuals were often in open habitats, 
the frequency of their observations and their behaviour was highly imbalanced as one individual was rarely 
observed. Similarly, we found an imbalance between observed behaviours, with lying or feeding being 
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frequent, while standing, walking, or running were rare. In addition, the average duration of the 
behaviours varied. For example, lying lasted for 34.77 minutes on average, while walking lasted for only 
1.16 minutes. Defining mixed intervals increased the number of intervals for these behaviours and allowed 
us to generate multiclass models. This would not have been possible if we had only used pure 5-minute 
intervals. Since the behaviours of free-ranging animals inherently include mixed intervals, relying on pure 
interval models can additionally lead to an inflated sense of accuracy because it is strongly biased towards 
the behaviours that are most commonly represented in the data (Gaylord, 2013). 

As a measure to determine which models performed best in classifying red deer behaviour we introduced 
the macro-balanced accuracy. The main advantage is that high values (i.e. high accuracy) are only given if 
a model is able to accurately predict all behaviours, regardless of how frequently they have been observed. 
In contrast, the correct classification rate, a measure often used in previous studies to rank model 
performance, can still provide high values even if the model poorly predicts rarely observed behaviours 
(Naylor & Kie, 2004; Löttker et al., 2009; Heurich et al., 2012; Gaylord, 2013). However, the downside of 
using macro-balanced accuracy is that very small classes (i.e. few observations) can have an overly strong 
impact on the final metric. Nevertheless, we found that the macro-balanced accuracy provided the most 
balanced overview of the models’ accuracy. 

In total, we generated 144 classification models (16 algorithms * 9 model formulae). The most accurate 
model had a macro-balanced accuracy of 81%, and balanced accuracies of 90% (lying), 88% (feeding), 57% 
(standing), 71% (walking), and 100% (running) for each targeted behaviour class. This model was trained 
using linear discriminant analysis with the formula: behaviour ∼ xminmax + yminmax + ratio(x, y)minmax. With 
minmax-normalization, data is scaled to values from 0 to 1, while the ratio between the values remains 
the same as in the original accelerometer data ranging from 0 to 255. However, there was no best 
combination of input variables, as none consistently performed better than all other combinations. In 
terms of normalization methods, on average, the minmax-normalized models seemed to outperform the 
scale-normalized and log-transformed models. As accelerometer values of our four individuals differed 
significantly, we tried to improve the models for all individuals by reducing these differences using scale-
normalization. However, on average, the models that retained inter-individual differences, i.e. based on 
minmax-normalized accelerometer values, performed better. 

As with the optimal combination of input variables, there was no algorithm type that was consistently 
better than all the others. Although the models with the highest median macro-balanced accuracy were 
trained using the Gaussian process algorithm, our best-performing models were either trained with 
discriminant analysis or ensemble decision tree algorithms. However, discriminant analysis revealed a 
wide range of models with the highest and some of the lowest macro-balanced accuracies. For 
classification models for griffon vultures random forest algorithms which belong to the group of ensemble 
decision tree algorithms outperformed support vector machines which outperformed discriminant 
analysis (Nathan et al., 2012). For classification models in fur seals and sea lions support vector machines 
and random forest algorithms also performed well (Ladds et al., 2016). Although random forest algorithms 
also produced accurate models, discriminant analysis performed best and support vector machines 
performed worst. Based on the differences in that comparative studies on fur seals and sea lions and on 
our results, we conclude that there may not be one best algorithm for accelerometer-based behavioural 
classification. Instead, it is necessary to compare various algorithms, as well as combinations and 
transformations of input variables to obtain the most accurate classification model. 

1.5 Synthesis and future perspectives 

In order to assess the impact of habitat characteristics on spatio-temporal behaviour of red deer we 
analysed animal movement as a function of habitat parameters indicating topography, vegetation and 
human disturbances, with a focus on the selection of safety and forage parameters. Based on GPS locations 
of red deer, we have thus built on previous knowledge and refined it further. To this end, we analysed 
habitat selection both over the course of the year and by time of day, and took a closer look during the 
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main hunting season in September. We had data available from several study areas, which had in common 
that they contained hunting ban areas which are nowadays used as a tool in Swiss wildlife management 
primarily for the purpose of controlling red deer numbers. In the end, we also wanted to quantify the 
impact of this measure. We further delved into the topic of foraging. Specifically, we wanted to clarify 
whether and how red deer select between forage quality and quantity in open alpine summer habitats, 
and whether there are differences between the sexes. In these analyses, in addition to the aspects of the 
need to forage, we also integrated and combined those relating to the need for safety. Finally, by using 
low resolution accelerometer data, we developed a method to identify certain behaviour types in the data 
that go beyond habitat selection. 

In accordance with predation risk and human pressure, we found in paper I clear differences in the habitat 
selection of red deer between day and night, as they selected for habitat characteristics in opposite ways. 
During the day, they selected for higher tree cover density, further distances to trails, and steeper slopes. 
At night, however, they selected in the opposite direction, i.e. for lower tree cover density, shorter 
distances to trails, and flatter slopes. They preferred the hunting ban areas mainly in summer and autumn 
during the day. It was to be expected that red deer did not select for flat open habitats during winter 
nights, because they save energy and consume less forage than during the rest of the year (Arnold et al., 
2015), and consequently their habitat selection is less specific in this respect. These first key findings might 
not be novel per se. However, they were new in the combination of analyses per month and 
simultaneously by day and night. Perhaps more importantly, they formed a necessary basis for further 
refinements. When we focused on September as the short main hunting season in our study areas, and 
thus the time of year with the greatest human pressure, we were able to show that red deer selected 
habitat characteristics less clearly during the day inside the hunting ban areas than outside. We interpret 
this second key finding as an effect of the hunting ban areas on the animals’ need for safety, because they 
have less need to retreat into protective habitat structures inside hunting ban areas. On the one hand, this 
emphasises the function of the hunting ban areas and the fact that they are proving their worth. On the 
other hand, the weaker selection inside vs outside hunting ban areas and the lack of compensation at night 
in the region of the Swiss National Park also indicate that the restrictions on human activities (e.g. the rule 
to stay on trails) that apply there in addition to the hunting ban actually provide red deer with additional 
value. These findings are relevant for wildlife management, especially in a European context. 

In paper II, we were able to show that in combination with empirical field measurements, remote sensing 
methods are suitable for the generation of fine-scale variables of forage quality and quantity in open alpine 
summer habitats. In addition to surface reflectance data, the inclusion of vegetation indices and previously 
underutilized optical traits improved the prediction accuracy of biomass and relative nitrogen in the 
regression models. Certain ambiguities remain in predicting relative nitrogen as a proxy for forage quality. 
Future hyperspectral satellite sensors potentially could take into account soil and non-photosynthetic 
vegetation cover, thus improving temporally and spatially high-resolution nitrogen prediction from space 
(Cawse-Nicholson et al., 2021; Rast et al., 2021). These could supersede the dependence on NDVI in such 
studies. Overall, our results suggest to use additional vegetation indices alongside NDVI, particularly given 
that NDVI experiences saturation issues in densely vegetated areas (Mutanga et al., 2023). If required, our 
models could be further refined, extended, and incorporated into global studies quantifying biomass and 
relative nitrogen using additional field data. We conclude that our findings are relevant for grassland 
ecologists, particularly in combination with wildlife ecology, in an alpine context. 

Our third key finding was that although red deer in summer selected high relative nitrogen (i.e. forage 
quality) and high biomass (i.e. forage quantity), forage quantity was more important to them than forage 
quality. Although we expected that females selected more for forage quantity and males more for forage 
quality (Garcia et al., 2023), an inverse selection might also be possible due to sexual dimorphism (Barboza 
& Bowyer, 2000; Ruckstuhl & Neuhaus, 2002). Contrary to these expectations, we did not find very 
pronounced differences. Although these results corroborated findings from previous studies, we discussed 
them in a broader context: as we conducted our study in the extended region of the Swiss National Park, 
we integrated both forage and safety needs of red deer into the same analyses. With regard to the need 
for safety, we found that both sexes preferred to be close to the forest. For males, however, neither 
distance to trails nor slope played a role. This indicated their higher tolerance of human pressure, and was 
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further illustrated by the fact that compared to males, females stayed far more often within the Swiss 
National Park with its strict restrictions on human activities. After a subdivision into day- and night 
locations, we learned that three quarters of the females’ locations were within the Swiss National Park, 
even at night under the cover of darkness. By contrast, two thirds of positions of males were located 
outside the protected area at night. This puts the results on sex-specific forage selection into perspective 
in that males on alpine pastures used by livestock in the vicinity of the Swiss National Park (Rossi et al., 
2020) may have selected lower biomass but higher relative nitrogen than females in their foraging patches 
mostly within the Swiss National Park without livestock. For another possible explanation for the selection 
of females for short distances to trails and for flat slopes, we combine findings from papers I and II: It is 
possible that these effects resulted from a predominance of selection at night, while red deer actually 
selected in the opposite direction during the day. We therefore highlight the fourth key finding that in 
studies on habitat selection, good knowledge of the study areas and their characteristics, an understanding 
of the animals' behaviour, and the inclusion of the relevant variables are essential for the interpretation 
of the results. This also requires sufficiently large samples (i.e. individuals) that allow for divisions such as 
day and night, and within and outside of hunting ban areas. 

Following the analyses of habitat selection of red deer in the Central Alps (paper I) and the focus on the 
extended region of the Swiss National Park (paper II), we ultimately developed a method using 
accelerometer data to identify certain behaviour types in the data (paper III). The classification into the 
behaviour categories lying, feeding, standing, walking, and running corresponds to a practically relevant 
subdivision because it contains active and passive behaviours. As we only had low resolution 
accelerometer data of 5-minute intervals at our disposal, we had feared that behaviours shorter than this 
would be difficult to determine, including rarely observed behaviours such as standing, walking or running. 
The small sample of only four individuals also gave cause for concern about the success of the method 
development. Approximately two months of fieldwork were required to obtain 160 hours of observation 
data of free-ranging red deer. While collecting behavioural data from captive animals would save time, 
applying such a model to wild animals might be inadequate (Campbell et al., 2013; Ladds et al., 2016; 
Pagano et al., 2017; Kirchner et al., 2023). Wild red deer are likely to behave and move differently in their 
habitats than animals in captivity. Further studies could expand to other seasons besides summer. 
However, it must then be tested whether the summer models are also applicable to other seasons 
(Dickinson et al., 2020), because fur thickness and body weight are subject to seasonal changes (Mitchell 
et al., 1976). 

In order to further refine analyses of red deer behaviour, a next step would be to investigate behavioural 
types and patterns derived from accelerometer data in a context of hunting ban areas and daytime. We 
would expect different behavioural patterns inside compared to outside hunting ban areas and during the 
day compared to at night. For example, the feeding and lying periods in open habitats within hunting ban 
areas could be more rhythmic throughout the day than outside in areas more influenced by humans. It 
would also be interesting to compare the patterns of behavioural types between different habitats, e.g. 
open habitats vs. forest. The weather could also be taken into account. And finally, it would also be possible 
to examine the impact of winter wildlife refuges on red deer behaviour. These have been established in 
Switzerland and other parts of the Alps to protect animals from human disturbance particularly in winter. 

However, it would also be important to put our results into practice. The regional wildlife management in 
our study areas employ hunting ban areas combined with short but intensive hunting seasons. Our findings 
confirm impacts of habitat characteristics on spatio-temporal behaviour of red deer in several Alpine 
regions under the given management scenarios. They clarify that National Parks can serve as ecological 
baselines or controls against which the consequences of human activities and developments outside of 
National Parks can be evaluated (Boyce, 1998). Importantly, our findings emphasise the positive effects 
not only of National Parks but also smaller-scale hunting ban areas on red deer. On the one hand, we have 
responded to demands from almost 100 years ago, namely that we have generated information about the 
change of locations of the animals and its causes, as well as about the behaviour of animals towards 
humans, and above all about effects of strict protection (Burckhardt, 1991). On the other hand, we provide 
scientific evidence for the ecological principles enshrined in the Federal Hunting Law, which require, 
among other things, the protection of wildlife habitats, appropriate protection of species from human 
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disturbance, and the designation of protected areas. Our findings thus serve as a basis for a general 
concept in wildlife management and could advance the use of hunting ban areas as a management tool 
outside of Switzerland. European countries with landscapes often dominated by humans would be 
particularly suitable. Based on our findings, it would not be necessary to establish large hunting ban areas, 
because a network of small areas already improves the situation for red deer. If wildlife managers decided 
to designate hunting ban areas for red deer, the grassland component should be taken into account. In 
other words, where possible, hunting ban areas should be designated so that they contain forest and open 
habitats, and thus offer opportunities to retreat from humans and to forage on pastures at the same time. 
The rule for visitors to stay on the trails or daytime restrictions would be suitable for this purpose. Zoning 
with graduated rules for humans would also be conceivable (Coppes et al., 2017). 

With regard to the summer distribution of red deer, we were not able to provide direct scientific evidence 
that a network with a large number of smaller-scale hunting ban areas can counteract larger 
concentrations in a few sites. However, we can assume that red deer know the habitats in their home 
ranges and use them according to their safety needs (Haller, 2002; Proffitt et al., 2009; Mikle et al., 2019; 
Coppes et al., 2017) and that they may respond to reduced human activity in certain habitats by increasing 
their use (Tucker et al., 2023). From our studies we now know that red deer prefer the hunting ban areas 
in summer and autumn. Furthermore, we also know that in the canton of Grisons, approximately half of 
the hunts are carried out in the surroundings of the hunting ban areas, which corresponds to 
approximately 2500 individuals per year (Jenny & Filli, 2014). And finally, we have evidence from the 
immediate vicinity of the Swiss National Park: the number of red deer shot near smaller-scale hunting ban 
areas has increased over the years since their designation, while the number of red deer observed in the 
nearby Swiss National Park has decreased at the same time (Haller & Jenny, 2013). Thus, we reason that 
networks of small-scale hunting ban areas within mountainous habitats and the patent hunting system, 
with a short annual period of intensive hunting but mostly absent natural predators, are a means of 
controlling wildlife distribution and promoting sustainable regulation. Similar to a hunting for fear 
apporach that aims to induce behavioural adaptions in ungulates (Cromsigt et al., 2013) hunting ban areas 
can regulate hunting pressure and, by connecting red deer habitats, simultaneously increase hunting 
efficiency (Griesberger et al., 2022). In order to better understand these relationships and thus lay the 
foundation for further improvements in management, comparable long-term data on red deer and their 
ecosystems are required to ultimately estimate the social and economic carrying capacity of the system 
for red deer (Blankenhorn et al., 1979; Apollonio et al., 2017) and thus, the following factors should be 
known: (a) the spatio-temporal behaviour to designate management units; (b) the annual population size 
per management unit to derive hunting quotas; (c) statistics on hunting bag, carcasses and diseases, 
including the individual measures of physical condition, to have indicators of animal health and changes in 
the population or the habitats that can be indicated by changes in these values; (d) availability and 
utilization of forage as performance indicators of habitat productivity; (e) the extent of damage in forests 
and agricultural areas as measures for conflict causing red deer impact on vegetation and agricultural 
crops; (f) supplementary or diversionary feeding and its effects; (g) the presence of natural predators and 
their influence on red deer population and behaviour; (h) standardized spatio-temporal measures for 
human activities. No data are currently collected on the availability and utilization of forage. At least in 
open areas, approaches to quantifying forage using remote sensing could be useful, especially in 
combination with GPS locations of red deer to determine their utilization. However, forage availability and 
utilization within the forest should also be considered (Zweifel-Schielly et al., 2009). Regarding the extent 
of damage in forests and agricultural areas, at least the amounts of compensation payments are currently 
recorded. However, comparative data on the actual impact of wildlife on their habitats would also be 
important. In the forests of the canton of Grisons, this has been qualitatively estimated annually since 
2021, which could one day serve as a variable in analyses (map.geo.gr.ch/ungulate_impact). Additional 
factors include agricultural use, especially with livestock, as this can compete with wildlife. Further, it is 
also important to be aware of any changes in habitat. These include, for example, areas of logging, storm 
damage, or bark beetle infestation in the forest, which over time provide abundant forage during certain 
developmental stages. Due to the rapid developments in the Alpine region, detailed information on natural 
predators is also needed, as is information on humans, whose diverse activities place significant demands 
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on their environment. All of these factors form the basis for detailed red deer management that takes 
human interests in the cultural landscape into account. 

Finally, I would like to emphasise the importance of knowledge about the spatio-temporal behaviour of 
red deer for their management and conservation on a broader scale. As a species with partial migration 
(Mysterud et al., 2011; Peters et al., 2019; Fellmann, 2022; Sigrist et al., 2022), it is important to know their 
migration routes. From a nature conservation perspective, these routes must be kept permeable for red 
deer or restored accordingly so that they can use routes that are currently interrupted. Communication 
across all political levels is therefore important, as red deer cross municipal, cantonal and national borders. 
Scientific consortia such as the Global Initiative on Ungulate Migration provide species-specific content on 
migration corridors based on movement data and visualise this in their Atals on Ungluate Migration as 
maps (cms.int/gium). EuroMammals is a less migration-focused and therefore more thematically open 
network from Europe that also considers mammals beyond ungulates in collaborative science for spatial 
animal ecology (euromammals.org). Such networks are important for understanding animal species, their 
behaviour, needs and habitat requirements, and thus also for management and conservation across 
borders. And we are glad to contribute our part. 

To conclude with the words of Henry David Thoreau: “The question is not what you look at, but what you 
see.“ This dissertation was very much concerned with the question of what we are looking at. For this 
reason, we specifically selected currently available, temporally and spatially high-resolution variables, or 
if not directly available, created them, in order to evaluate them using current methods of movement 
ecology and thus shed light on the spatio-temporal behaviour of red deer. 

References 

Allen, A. M., Månsson, J., Jarnemo, A., & Bunnefeld, N. (2014). The impacts of landscape structure on the winter 
movements and habitat selection of female red deer. European Journal of Wildlife Research, 60(3), 411–421. 
https://doi.org/10.1007/s10344-014-0797-0 

Apollonio, M., Belkin, V. V., Borkowski, J., Borodin, O. I., Borowik, T., Cagnacci, F., Danilkin, A. A., Danilov, P. I., Faybich, 
A., Ferretti, F., Gaillard, J. M., Hayward, M., Heshtaut, P., Heurich, M., Hurynovich, A., Kashtalyan, A., Kerley, G. 
I. H., Kjellander, P., Kowalczyk, R., … Yanuta, G. (2017). Challenges and science-based implications for modern 
management and conservation of European ungulate populations. Mammal Research, 62(3), 209–217. 
https://doi.org/10.1007/s13364-017-0321-5 

Arnold, J. M., Gerhardt, P., Steyaert, S. M. J. G., Hochbichler, E., & Hackländer, K. (2018). Diversionary feeding can 
reduce red deer habitat selection pressure on vulnerable forest stands, but is not a panacea for red deer 
damage. Forest Ecology and Management, 407, 166–173. https://doi.org/10.1016/j.foreco.2017.10.050 

Arnold, W., Beiglböck, C., Burmester, M., Guschlbauer, M., Lengauer, A., Schröder, B., Wilkens, M., & Breves, G. 
(2015). Contrary seasonal changes of rates of nutrient uptake, organ mass, and voluntary food intake in red 
deer (Cervus elaphus). American Journal of Physiology-Regulatory, Integrative and Comparative Physiology, 
309(3), R277–R285. https://doi.org/10.1152/ajpregu.00084.2015 

Arnold, W., Ruf, T., Reimoser, S., Tataruch, F., Onderscheka, K., & Schober, F. (2004). Nocturnal hypometabolism as 
an overwintering strategy of red deer (Cervus elaphus). American Journal of Physiology - Regulatory, Integrative 
and Comparative Physiology, 286(1), 174–181. https://doi.org/10.1152/ajpregu.00593.2002 

Atmeh, K., Bonenfant, C., Gaillard, J.-M., Garel, M., Hewison, A. J. M., Marchand, P., Morellet, N., Anderwald, P., 
Buuveibaatar, B., Beck, J. L., Becker, M. S., van Beest, F. M., Berg, J., Bergvall, U. A., Boone, R. B., Boyce, M. S., 
Chamaillé-Jammes, S., Chaval, Y., Buyanaa, C., … Loison, A. (2024). Neonatal antipredator tactics shape female 
movement patterns in large herbivores. Nature Ecology & Evolution, 9, 142–152. 
https://doi.org/10.1038/s41559-024-02565-8 

Ausilio, G., Wikenros, C., Sand, H., Devineau, O., Wabakken, P., Eriksen, A., Aronsson, M., Persson, J., Mathisen, K. 
M., & Zimmermann, B. (2025). Contrasting risk patterns from human hunters and a large carnivore influence 
the habitat selection of shared prey. Oecologia, 207(118), 1–11. https://doi.org/10.1007/s00442-025-05742-z 

Avgar, T., Potts, J. R., Lewis, M. A., & Boyce, M. S. (2016). Integrated step selection analysis: Bridging the gap between 

https://www.cms.int/en/gium/migration-atlas
https://euromammals.org/


 

  back to Table of content 21 

resource selection and animal movement. Methods in Ecology and Evolution, 7(5), 619–630. 
https://doi.org/10.1111/2041-210X.12528 

Bar-Gera, B. (2023). Classifying the behavior of wild red deer using accelerometers and machine learning methods. 
Master’s Thesis. Zurich University of Applied Sciences ZHAW, Wädenswil & Inland Norway of Applied Sciences, 
Evenstad. 

Barboza, P. S., & Bowyer, R. T. (2000). Sexual segregation in dimorphic deer: A new gastrocentric hypthesis. Journal 
of Mammalogy, 81(2), 473–489. http://dx.doi.org/10.1016/j.jaci.2012.05.050 

Baumann, M., Brang, P., Burger, T., Eyholzer, R., Herzog, S., Imesch, N., Kupferschmid, A. D., Rüegg, D., & Wehrli, A. 
(2010). Wald und Wild – Grundlagen für die Praxis. Wissenschaftliche und methodische Grundlagen zum 
integralen Management von Reh, Gämse, Rothirsch und ihrem Lebensraum (Bundesamt für Umwelt BAFU 
(ed.)). Umwelt-Wissen Nr. 1013. 

Baumann, M., Muggli, J., Thiel, D., Thiel-Egenter, C., Thürig, M., Volery, P., Widmer, P. A., Wirthner, S., & 
Zimmermann, U. (2014). Jagen in der Schweiz. Auf dem Weg zur Jagdprüfung (Jagd- und 
Fischereiverwalterkonferenz der Schweiz (ed.); 2nd ed.). Hep Verlag Bern. 

Beauchamp, G. (2015). Animal vigilance: Monitoring predators and competitors (1st ed.). Academic Press. 

Beck, H. E., McVicar, T. R., van Dijk, A. I. J. M., Schellekens, J., de Jeu, R. A. M., & Bruijnzeel, L. A. (2011). Global 
evaluation of four AVHRR-NDVI data sets: Intercomparison and assessment against Landsat imagery. Remote 
Sensing of Environment, 115(10), 2547–2563. https://doi.org/10.1016/j.rse.2011.05.012 

Benhaiem, S., Delon, M., Lourtet, B., Cargnelutti, B., Aulagnier, S., Hewison, A. J. M., Morellet, N., & Verheyden, H. 
(2008). Hunting increases vigilance levels in roe deer and modifies feeding site selection. Animal Behaviour, 
76(3), 611–618. https://doi.org/10.1016/j.anbehav.2008.03.012 

Bischof, R., Loe, L. E., Meisingset, E. L., Zimmermann, B., Van Moorter, B., & Mysterud, A. (2012). A migratory northern 
ungulate in the pursuit of spring: Jumping or surfing the green wave? American Naturalist, 180(4), 407–424. 
https://doi.org/10.1086/667590 

Blankenhorn, H. J., Buchli, C., Voser, P., & Berger, C. (1979). Bericht zum Hirschproblem im Engadin und Münstertal. 
Proget d’ecologia. Anzeiger-Druckerei Verlags AG St. Gallen. 

Bonnot, N., Morellet, N., Verheyden, H., Cargnelutti, B., Lourtet, B., Klein, F., & Hewison, A. J. M. (2013). Habitat use 
under predation risk: Hunting, roads and human dwellings influence the spatial behaviour of roe deer. 
European Journal of Wildlife Research, 59(2), 185–193. https://doi.org/10.1007/s10344-012-0665-8 

Börger, L., Dalziel, B. D., & Fryxell, J. M. (2008). Are there general mechanisms of animal home range behaviour? A 
review and prospects for future research. Ecology Letters, 11(6), 637–650. https://doi.org/10.1111/j.1461-
0248.2008.01182.x 

Boyce, M. S. (1998). Ecological-process ungulates: Yellowstone’s conservation paradigm. Wildlife Society Bulletin, 
26(3), 391–398. 

Boyce, M. S., & McDonald, L. L. (1999). Relating populations to habitats using resource selection functions. Trends in 
Ecology and Evolution, 14(7), 268–272. https://doi.org/10.1016/S0169-5347(99)01593-1 

Brivio, F., Bertolucci, C., Tettamanti, F., Filli, F., Apollonio, M., & Grignolio, S. (2016). The weather dictates the 
rhythms: Alpine chamois activity is well adapted to ecological conditions. Behavioral Ecology and Sociobiology, 
70(8), 1291–1304. https://doi.org/10.1007/s00265-016-2137-8 

Brown, J. S., Laundré, J. W., & Gurung, M. (1999). The ecology of fear: Optimal foraging, game theory, and trophic 
interactions. Journal of Mammalogy, 80(2), 385–399. https://doi.org/10.2307/1383287 

Buchli, C. (1979). Zur Populationsdynamik, Kondition und Konstitution des Rothirsches (Cervus elaphus L.) im und um 
den Schweizerischen Nationalpark. Inaugural-Dissertation. Universität Zürich. 

Burckhardt, D. (1957). Über das Wintersterben der Hirsche in der Umgebung des Nationalparkes. Schweiz. 
Naturschutz, 23, 1–5. 

Burckhardt, D. (1991). 75 Jahre Forschung im Schweizerischen Nationalpark. In B. Nievergelt & T. Scheurer (Eds.), 
Forschung in Naturreservaten. Publikationen der Schweizerischen Akademie der Naturwissenschaften 4  (pp. 
99–128). 

Cagnacci, F., Boitani, L., Powell, R. A., & Boyce, M. S. (2010). Animal ecology meets GPS-based radiotelemetry: A 



 

  back to Table of content 22 

perfect storm of opportunities and challenges. Philosophical Transactions of the Royal Society B: Biological 
Sciences, 365(1550), 2157–2162. https://doi.org/10.1098/rstb.2010.0107 

Campbell, H. A., Gao, L., Bidder, O. R., Hunter, J., & Franklin, C. E. (2013). Creating a behavioural classification module 
for acceleration data: Using a captive surrogate for difficult to observe species. Journal of Experimental Biology, 
216(24), 4501–4506. https://doi.org/10.1242/jeb.089805 

Cawse-Nicholson, K., Townsend, P. A., Schimel, D., Assiri, A. M., Blake, P. L., Buongiorno, M. F., Campbell, P., Carmon, 
N., Casey, K. A., Correa-Pabón, R. E., Dahlin, K. M., Dashti, H., Dennison, P. E., Dierssen, H., Erickson, A., Fisher, 
J. B., Frouin, R., Gatebe, C. K., Gholizadeh, H., … Zhang, Q. (2021). NASA’s surface biology and geology 
designated observable: A perspective on surface imaging algorithms. Remote Sensing of Environment, 257, 1–
25. https://doi.org/10.1016/j.rse.2021.112349 

Ciuti, S., Northrup, J. M., Muhly, T. B., Simi, S., Musiani, M., Pitt, J. A., & Boyce, M. S. (2012). Effects of humans on 
behaviour of wildlife exceed those of natural predators in a landscape of fear. PLoS ONE, 7(11), 1–13. 
https://doi.org/10.1371/journal.pone.0050611 

Clutton-Brock, T. H., Guinness, F. E., & Albon, S. D. (1982). Red deer: Behaviour and ecology of two sexes. The 
University of Chicago Press. 

Coppes, J., Burghardt, F., Hagen, R., Suchant, R., & Braunisch, V. (2017). Human recreation affects spatio-temporal 
habitat use patterns in red deer (Cervus elaphus). PLoS ONE, 12(5), 1–19. 
https://doi.org/10.1371/journal.pone.0175134 

Cracknell, A. P. (2001). The exciting and totally unanticipated success of the AVHRR in applications for which it was 
never intended. Advances in Space Research, 28(1), 233–240. https://doi.org/10.1016/S0273-1177(01)00349-
0 

Cromsigt, J. P. G. M., Kuijper, D. P. J., Adam, M., Beschta, R. L., Churski, M., Eycott, A., Kerley, G. I. H., Mysterud, A., 
Schmidt, K., & West, K. (2013). Hunting for fear: Innovating management of human-wildlife conflicts. Journal 
of Applied Ecology, 50(3), 544–549. https://doi.org/10.1111/1365-2664.12076 

Dickinson, E. R., Stephens, P. A., Marks, N. J., Wilson, R. P., & Scantlebury, D. M. (2020). Best practice for collar 
deployment of tri-axial accelerometers on a terrestrial quadruped to provide accurate measurement of body 
acceleration. Animal Biotelemetry, 8(1), 1–8. https://doi.org/10.1186/s40317-020-00198-9 

Dodge, S., Bohrer, G., Weinzierl, R., Davidson, S. C., Kays, R., Douglas, D., Cruz, S., Han, J., Brandes, D., & Wikelski, M. 
(2013). The environmental-data automated track annotation (Env-DATA) system: Linking animal tracks with 
environmental data. Movement Ecology, 1(1), 1–14. https://doi.org/10.1186/2051-3933-1-3 

Drusch, M., Del Bello, U., Carlier, S., Colin, O., Fernandez, V., Gascon, F., Hoersch, B., Isola, C., Laberinti, P., Martimort, 
P., Meygret, A., Spoto, F., Sy, O., Marchese, F., & Bargellini, P. (2012). Sentinel-2: ESA’s optical high-resolution 
mission for GMES operational services. Remote Sensing of Environment, 120, 25–36. 
https://doi.org/10.1016/j.rse.2011.11.026 

Eikelboom, J. A. J., Wind, J., van de Ven, E., Kenana, L. M., Schroder, B., de Knegt, H. J., van Langevelde, F., & Prins, H. 
H. T. (2019). Improving the precision and accuracy of animal population estimates with aerial image object 
detection. Methods in Ecology and Evolution, 10(11), 1875–1887. https://doi.org/10.1111/2041-210X.13277 

Ellis-Soto, D., Flack, A., Strandburg-Peshkin, A., Wild, T. A., Williams, H. J., & O’Mara, M. T. (2025). From biologging to 
conservation: Tracking individual performance in changing environments. Proceedings of the National Academy 
of Sciences, 122(31), 9. https://doi.org/10.1073/pnas.2410947122 

Fattebert, J., Morelle, K., Jurkiewicz, J., Ukalska, J., & Borkowski, J. (2019). Safety first: seasonal and diel habitat 
selection patterns by red deer in a contrasted landscape. Journal of Zoology, 308(2), 111–120. 
https://doi.org/10.1111/jzo.12657 

Fellmann, U. (2022). Migration Behavior Analysis of Red Deer (Cervus elaphus) and the Influence of Environmental 
Covariates on Migration Timing. Master’s Thesis. University of Zurich. 

Fieberg, J., Signer, J., Smith, B., & Avgar, T. (2021). A ‘How to’ guide for interpreting parameters in habitat‐selection 
analyses. Journal of Animal Ecology, 90(5), 1027–1043. https://doi.org/10.1111/1365-2656.13441 

Filla, M., Premier, J., Magg, N., Dupke, C., Khorozyan, I., Waltert, M., Bufka, L., & Heurich, M. (2017). Habitat selection 
by Eurasian lynx (Lynx lynx) is primarily driven by avoidance of human activity during day and prey availability 
during night. Ecology and Evolution, 7(16), 6367–6381. https://doi.org/10.1002/ece3.3204 



 

  back to Table of content 23 

Fischer, C., Signer, C., Willisch, C., Urbina, L., Huber, L., Villard, L., Golay, L., Sigrist, B., Suter, S., Bar-Gera, B., Marreros, 
N., Lichtenberg, C., & Marti, I. (2024). Rothirsch im Schweizer Mittelland – Abschlussbericht. Erstellt im Auftrag 
des Bundesamts für Umwelt BAFU. 

Fortin, D., Beyer, H. L., Boyce, M. S., Smith, D. W., Duchesne, T., & Mao, J. S. (2005). Wolves influence elk movements: 
Behavior shapes a trophic cascade in Yellowstone National Park. Ecology, 86(5), 1320–1330. 
https://doi.org/10.1890/04-0953 

Frid, A., & Dill, L. (2002). Human-caused disturbance stimuli as a form of predation risk. Ecology and Society, 6(1), 1–
16. https://doi.org/10.5751/es-00404-060111 

Fryxell, J. M. (1991). Forage quality and aggregation by large herbivores. American Naturalist, 138(2), 478–498. 
https://doi.org/10.1086/285227 

Gander, H., & Ingold, P. (1997). Reactions of male alpine chamois Rupicapra r. rupicapra to hikers, joggers and 
mountainbikers. Biological Conservation, 79(1), 107–109. https://doi.org/10.1016/S0006-3207(96)00102-4 

Garcia, F., Ruckstuhl, K., Neuhaus, P., Coelho, C., Wang, M., Sousa, P., & Alves, J. (2023). Differences in the diets of 
female and male red deer: The meaning for sexual segregation. Biology, 12, 1–13. 

Garroutte, E. L., Hansen, A. J., & Lawrence, R. L. (2016). Using NDVI and EVI to map spatiotemporal variation in the 
biomass and quality of forage for migratory elk in the Greater Yellowstone Ecosystem. Remote Sensing, 8(5). 
https://doi.org/10.3390/rs8050404 

Gaylord, A. J. (2013). Ungulate activity classification: calibrating activity monitor GPS collars for Rocky Mountain elk, 
mule deer, and cattle. Master’s Thesis. Oregon State University. 

Gaynor, K. M., Brown, J. S., Middleton, A. D., Power, M. E., & Brashares, J. S. (2019). Landscapes of fear: Spatial 
patterns of fisk perception and response. Trends in Ecology and Evolution, 34(4), 355–368. 
https://doi.org/10.1016/j.tree.2019.01.004 

Gaynor, K. M., Hojnowski, C. E., Carter, N. H., & Brashares, J. S. (2018). The influence of human disturbance on wildlife 
nocturnality. Science, 360(6394), 1232–1235. https://doi.org/10.1126/science.aar7121 

Gill, J. A., Norris, K., & Sutherland, W. J. (2001). Why behavioural responses may not reflect the population 
consequences of human disturbance. Biological Conservation, 97(3), 331–338. https://doi.org/10.1016/0304-
8853(91)90147-3 

Godvik, I. M. R., Loe, L. E., Vik, J. O., Veiberg, V., Langvatn, R., & Mysterud, A. (2009). Temporal scales, trade-offs, and 
functional responses in red deer habitat selection. Ecology, 90(3), 699–710. https://doi.org/10.1890/08-0576.1 

Graf, L., Thurfjell, H., Ericsson, G., & Neumann, W. (2024). Naivety dies with the calf: calf loss to human hunters 
imposes behavioral change in a long-lived but heavily harvested ungulate. Movement Ecology, 12(1), 1–15. 
https://doi.org/10.1186/s40462-024-00506-5 

Graf, R. F., Signer, C., Reifler-Bächtiger, M., Wyttenbach, M., Sigrist, B., & Rupf, R. (2018). Wildlife and humans in 
outdoor recreational areas near cities. In Swiss Academies Factsheets (Vol. 13, Issue 2, p. 8). 
https://doi.org/10.5281/ZENODO.1168451 

Griesberger, P., Obermair, L., Zandl, J., Stalder, G., Arnold, W., & Hackländer, K. (2022). Hunting suitability model: a 
new tool for managing wild ungulates. Wildlife Biology, 2022(3), 1–12. https://doi.org/10.1002/wlb3.01021 

Grignolio, S., Merli, E., Bongi, P., Ciuti, S., & Apollonio, M. (2011). Effects of hunting with hounds on a non-target 
species living on the edge of a protected area. Biological Conservation, 144(1), 641–649. 
https://doi.org/10.1016/j.biocon.2010.10.022 

Gschwend, C. (2015). Relating Movement to Geographic Context - Effects of Preprocessing, Relation Methods and 
Scale. Master’s Thesis. University of Zurich. 

Haller, H. (2002). Der Rothirsch im Schweizerischen Nationalpark und dessen Umgebung. Eine alpine Population von 
Cervus elaphus zeitlich und räumlich dokumentiert. Nationalpark-Forschung in der Schweiz 91. 

Haller, H., & Jenny, H. (2013). Rothirsch und Jagd. Wie mehr Wildasyle die Hochjagdstrecken erhöhen. In Atlas des 
Schweizerischen Nationalparks - Die ersten 100 Jahre (pp. 74–75). Nationalpark-Forschung in der Schweiz 99/I. 
Haupt Verlag Bern. 

Hamel, S., Garel, M., Festa-Bianchet, M., Gaillard, J. M., & Côté, S. D. (2009). Spring Normalized Difference Vegetation 
Index (NDVI) predicts annual variation in timing of peak faecal crude protein in mountain ungulates. Journal of 



 

  back to Table of content 24 

Applied Ecology, 46(3), 582–589. https://doi.org/10.1111/j.1365-2664.2009.01643.x 

Hansen, B. B., Herfindal, I., Aanes, R., Sæther, B. E., & Henriksen, S. (2009). Functional response in habitat selection 
and the tradeoffs between foraging niche components in a large herbivore. Oikos, 118(6), 859–872. 
https://doi.org/10.1111/j.1600-0706.2009.17098.x 

Hebblewhite, M., Merrill, E., & McDermid, G. (2008). A multi-scale test of the forage maturation hypothesis in a 
partially migratory ungulate population. Ecological Monographs, 78(2), 141–166. https://doi.org/10.1890/06-
1708.1 

Hernández, L., & Laundré, J. W. (2005). Foraging in the “landscape of fear” and its implications for habitat use and 
diet quality of elk Cervus elaphus and bison Bison bison. Wildlife Biology, 11(3), 215–220. 
https://doi.org/10.2981/0909-6396(2005)11[215:FITLOF]2.0.CO;2 

Heurich, M., Traube, M., Stache, A., & Löttker, P. (2012). Calibration of remotely collected acceleration data with 
behavioral observations of roe deer (Capreolus capreolus L.). Acta Theriologica, 57(3), 251–255. 
https://doi.org/10.1007/s13364-011-0068-3 

Hofmann, R. R. (1989). Evolutionary steps of ecophysiological adaptation and diversification of ruminants: a 
comparative view of their digestive system. Oecologia, 78(4), 443–457. https://doi.org/10.1007/BF00378733 

Houborg, R., Fisher, J. B., & Skidmore, A. K. (2015). Advances in remote sensing of vegetation function and traits. 
International Journal of Applied Earth Observation and Geoinformation, 43, 1–6. 
https://doi.org/10.1016/j.jag.2015.06.001 

Huete, A., Didan, K., Miura, T., E.P., R., Gao, X., & Fereira, L. G. (2002). Overview of the radiometric and biophysical 
performance of the MODIS vegetation indices. Remote Sensing of Environment, 83, 195–213. 
https://doi.org/10.1016/S0020-1693(00)85959-9 

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2021). An Introduction to Statistical Learning (2nd ed.). Springer 
New York, NY. https://doi.org/10.1007/978-1-0716-1418-1 

Jayakody, S., Sibbald, A. M., Gordon, I. J., & Lambin, X. (2008). Red deer Cervus elephus vigilance behaviour differs 
with habitat and type of human disturbance. Wildlife Biology, 14(1), 81–91. https://doi.org/10.2981/0909-
6396(2008)14[81:rdcevb]2.0.co;2 

Jenny, H., & Filli, F. (2014). Wildforschung erarbeitet Grundlagen für Schutz und Jagd. In B. Baur & T. Scheurer (Eds.), 
Wissen schaffen - 100 Jahre Forschung im Schweizerischen Nationalpark (pp. 234–267). Nationalpark-
Forschung in der Schweiz 100/I. Haupt Verlag Bern. 

Johnson, D. H. (1980). The comparison of usage and availability measurements for evaluating resource preference. 
Ecology, 61(1), 65–71. https://doi.org/10.2307/1937156 

Johnson, H. E., Gustine, D. D., Golden, T. S., Adams, L. G., Parrett, L. S., Lenart, E. A., & Barboza, P. S. (2018). NDVI 
exhibits mixed success in predicting spatiotemporal variation in caribou summer forage quality and quantity. 
Ecosphere, 9(10), 1–19. https://doi.org/10.1002/ecs2.2461 

Kirchner, T. M., Devineau, O., Chimienti, M., Thompson, D. P., Crouse, J., Evans, A. L., Zimmermann, B., & Eriksen, A. 
(2023). Predicting moose behaviors from tri-axial accelerometer data using a supervised classification 
algorithm. Animal Biotelemetry, 11(1), 1–13. https://doi.org/10.1186/s40317-023-00343-0 

Klingler, K. (1966). Sektionsbefunde von Rotwild aus dem schweizerischen Nationalpark und den umliegenden 
Gebieten. In Ergebnisse der wissenschaftlichen Untersuchungen im Schweizerischen Nationalpark 57 (pp. 1–
12). Kommission der Schweizerischen Naturforschenden Gesellschaft zur wissenschaftlichen Erforschung des 
Nationalparks. 

Krop-Benesch, A., Berger, A., Streich, J., & Scheibe, K. (2011). Activity pattern user’s manual from Vectronic Aerospace 
(pp. 1–139). https://doi.org/10.1007/978-3-319-09250-8_3 

Kröschel, M., Reineking, B., Werwie, F., Wildi, F., & Storch, I. (2017). Remote monitoring of vigilance behavior in large 
herbivores using acceleration data. Animal Biotelemetry, 5(1), 1–15. https://doi.org/10.1186/s40317-017-
0125-z 

Kurth, A., Weidmann, A., & Thommen, F. (1960). Beitrag zur Kenntnis der Waldverhältnisse im Schweizerischen 
Nationalpark. In Mitteilungen der Eidgenössischen Forschungsanstalt für Wald, Schnee und Landschaft 36 (pp. 
220–378). Eidgenössische Anstalt für das Forstliche Versuchswesen. Birmensdorf. 



 

  back to Table of content 25 

Ladds, M. A., Thompson, A. P., Slip, D. J., Hocking, D. P., & Harcourt, R. G. (2016). Seeing it all: Evaluating supervised 
machine learning methods for the classification of diverse otariid behaviours. PLoS ONE, 11(12), 1–17. 
https://doi.org/10.1371/journal.pone.0166898 

Langvatn, R., & Hanley, T. A. (1993). Feeding-patch choice by red deer in relation to foraging efficiency. Oecologia, 
95(2), 164–170. https://doi.org/10.1007/BF00323486 

Laube, P. (2014). Computational movement analysis. Springer Cham, Heidelberg, New York, Dordrecht, London. 
https://doi.org/10.1007/978-3-319-10268-9 

Laube, P. (2017). Representation: Trajectories. In D. Richardson, N. Castree, M. M. Goodchild, A. Kobayashi, W. Liu, 
& R. A. Marston (Eds.), The International Encyclopedia of Geography (pp. 1–11). Wiley. 
https://doi.org/10.1002/9781118786352.wbieg0593 

Laundré, J. W., Hernández, L., & Ripple, W. J. (2010). The landscape of fear: Ecological implications of being afraid. 
The Open Ecology Journal, 3, 1–7. https://doi.org/10.2174/1874213001003030001 

Lele, S. R., Merrill, E. H., Keim, J., & Boyce, M. S. (2013). Selection, use, choice and occupancy: Clarifying concepts in 
resource selection studies. Journal of Animal Ecology, 82(6), 1183–1191. https://doi.org/10.1111/1365-
2656.12141 

Little, A. R., Webb, S. L., Demarais, S., Gee, K. L., Riffell, S. K., & Gaskamp, J. A. (2016). Hunting intensity alters 
movement behaviour of white-tailed deer. Basic and Applied Ecology, 17(4), 360–369. 
https://doi.org/10.1016/j.baae.2015.12.003 

Lone, K., Loe, L. E., Meisingset, E. L., Stamnes, I., & Mysterud, A. (2015). An adaptive behavioural response to hunting: 
Surviving male red deer shift habitat at the onset of the hunting season. Animal Behaviour, 102, 127–138. 
https://doi.org/10.1016/j.anbehav.2015.01.012 

Löttker, P., Rummel, A., Traube, M., Stache, A., Šustr, P., Mller, J., & Heurich, M. (2009). New possibilities of observing 
animal behaviour from a distance using activity sensors in GPS-collars: An attempt to calibrate remotely 
collected activity data with direct behavioural observations in red deer Cervus elaphus. Wildlife Biology, 15(4), 
425–434. https://doi.org/10.2981/08-014 

Manly, B. F. J., McDonald, L. L., Thomas, D. L., McDonald, T. L., & Erickson, W. P. (2002). Resource selection by animals: 
Statistical design and analysis for field studies (2nd ed.). Kluwer Academic. 

Matthiopoulos, J. (2003). The use of space by animals as a function of accessibility and preference. Ecological 
Modelling, 159(2–3), 239–268. https://doi.org/10.1016/S0304-3800(02)00293-4 

Mattioli, S., Zachos, F. E., Rossi, L., Lister, A. M., & Corlatti, L. (2022). Red deer Cervus elaphus Linnaeus, 1758. In K. 
Hackländer & F. E. Zachos (Eds.), Handbook of the Mammals of Europe. Springer Nature Switzerland. 
https://doi.org/10.1007/978-3-319-65038-8_19-1 

Meisingset, E. L., Gusevik, J., Skjørestad, A., Brekkum, Ø., Mysterud, A., & Rosell, F. (2022). Impacts of human 
disturbance on flight response and habitat use of red deer. Ecosphere, 13(11), 1–14. 
https://doi.org/10.1002/ecs2.4281 

Mikle, N. L., Graves, T. A., & Olexa, E. M. (2019). To forage or flee: lessons from an elk migration near a protected 
area. Ecosphere, 10(4), 1–15. https://doi.org/10.1002/ecs2.2693 

Mitchell, B., McCowan, D., & Nicholson, I. A. (1976). Annual cycles of body weight and condition in Scottish Red deer, 
Cervus elaphus. Journal of Zoology, 180(1), 107–127. https://doi.org/https://doi.org/10.1111/j.1469-
7998.1976.tb04667.x 

Muff, S., Signer, J., & Fieberg, J. (2020). Accounting for individual-specific variation in habitat-selection studies: 
Efficient estimation of mixed-effects models using Bayesian or frequentist computation. Journal of Animal 
Ecology, 89(1), 80–92. https://doi.org/10.1111/1365-2656.13087 

Mumme, S., Middleton, A. D., Ciucci, P., Groeve, J. De, Corradini, A., Aikens, E. O., Ossi, F., Atwood, P., Balkenhol, N., 
Cole, E. K., Debeffe, L., & Dewey, S. R. (2023). Wherever I may roam - Human activity alters movements of red 
deer (Cervus elaphus) and elk (Cervus canadensis) across two continents. Global Change Biology, 1–14. 
https://doi.org/10.1111/gcb.16769 

Mutanga, O., Masenyama, A., & Sibanda, M. (2023). Spectral saturation in the remote sensing of high-density 
vegetation traits: A systematic review of progress, challenges, and prospects. ISPRS Journal of Photogrammetry 
and Remote Sensing, 198, 297–309. https://doi.org/10.1016/j.isprsjprs.2023.03.010 



 

  back to Table of content 26 

Mysterud, A., & Ims, R. A. (1998). Functional responses in habitat use: Availability influences relative use in trade-off 
situations. Ecology, 79(4), 1435–1441. https://doi.org/10.2307/176754 

Mysterud, A., Loe, L. E., Zimmermann, B., Bischof, R., & Meisingset, E. (2011). Partial migration in expanding red deer 
populations at northern latitudes - a role for density dependence? Oikos, 120, 1817–1825. 
https://doi.org/10.1111/j.1600-0706.2010.19439.x 

Mysterud, A., Vike, B. K., Meisingset, E. L., & Rivrud, I. M. (2017). The role of landscape characteristics for forage 
maturation and nutritional benefits of migration in red deer. Ecology and Evolution, 7(12), 4448–4455. 
https://doi.org/10.1002/ece3.3006 

Nathan, R., Getz, W. M., Revilla, E., Holyoak, M., Kadmon, R., Saltz, D., & Smouse, P. E. (2008). A movement ecology 
paradigm for unifying organismal movement research. Proceedings of the National Academy of Sciences of the 
United States of America, 105(49), 19052–19059. https://doi.org/10.1073/pnas.0800375105 

Nathan, R., Spiegel, O., Fortmann-Roe, S., Harel, R., Wikelski, M., & Getz, W. M. (2012). Using tri-axial acceleration 
data to identify behavioral modes of free-ranging animals: General concepts and tools illustrated for griffon 
vultures. Journal of Experimental Biology, 215(6), 986–996. https://doi.org/10.1242/jeb.058602 

Naylor, L. M., & Kie, J. G. (2004). Monitoring activity of Rocky Mountain elk using recording accelerometers. Wildlife 
Society Bulletin, 32(4), 1108–1113. http://dx.doi.org/10.1016/j.jaci.2012.05.050 

Neumann, W., Martinuzzi, S., Estes, A. B., Pidgeon, A. M., Dettki, H., Ericsson, G., & Radeloff, V. C. (2015). 
Opportunities for the application of advanced remotely-sensed data in ecological studies of terrestrial animal 
movement. Movement Ecology, 3(1), 1–13. https://doi.org/10.1186/s40462-015-0036-7 

Norouzzadeh, M. S., Nguyen, A., Kosmala, M., Swanson, A., Palmer, M. S., Packer, C., & Clune, J. (2018). Automatically 
identifying, counting, and describing wild animals in camera-trap images with deep learning. Proceedings of the 
National Academy of Sciences of the United States of America, 115(25), E5716–E5725. 
https://doi.org/10.1073/pnas.1719367115 

Nygaard, V., Rødland, E. A., & Hovig, E. (2016). Methods that remove batch effects while retaining group differences 
may lead to exaggerated confidence in downstream analyses. Biostatistics, 17(1), 29–39. 
https://doi.org/10.1093/biostatistics/kxv027 

Pagano, A. M., Rode1, K. D., Cutting, A., Owen, M. A., Jensen, S., Ware, J. V., Robbins, C. T., Durner, G. M., Atwood, 
T. C., Obbard, M. E., Middel, K. R., Thiemann, G. W., & Williams, T. M. (2017). Using tri-axial accelerometers to 
identify wild polar bear behaviors. Endangered Species Research, 32(1), 19–33. 
https://doi.org/10.3354/esr00779 

Patthey, P. (2003). Habitat and corridor selection of an expanding red deer (Cervus elaphus) population. Doctoral 
Thesis. University of Lausanne. 

Pépin, D., Morellet, N., & Goulard, M. (2009). Seasonal and daily walking activity patterns of free-ranging adult red 
deer (Cervus elaphus) at the individual level. European Journal of Wildlife Research, 55(5), 479–486. 
https://doi.org/10.1007/s10344-009-0267-2 

Peters, W., Hebblewhite, M., Mysterud, A., Eacker, D., Hewison, A. J. M., Linnell, J. D. C., Focardi, S., Urbano, F., De 
Groeve, J., Gehr, B., Heurich, M., Jarnemo, A., Kjellander, P., Kröschel, M., Morellet, N., Pedrotti, L., Reinecke, 
H., Sandfort, R., Sönnichsen, L., … Cagnacci, F. (2019). Large herbivore migration plasticity along environmental 
gradients in Europe: life-history traits modulate forage effects. Oikos, 128(3), 416–429. 
https://doi.org/10.1111/oik.05588 

Pettorelli, N. (2013). The Normalized Difference Vegetation Index. Oxford University Press. 
https://doi.org/10.1093/acprof:osobl/9780199693160.001.0001 

Proffitt, K. M., Grigg, J. L., Hamlin, K. L., & Garrott, R. A. (2009). Contrasting effects of wolves and human hunters on 
elk behavioral responses to predation risk. Journal of Wildlife Management, 73(3), 345–356. 
https://doi.org/10.2193/2008-210 

Proffitt, K. M., Gude, J. A., Hamlin, K. L., & Messer, M. A. (2013). Effects of hunter access and habitat security on elk 
habitat selection in landscapes with a public and private land matrix. Journal of Wildlife Management, 77(3), 
514–524. https://doi.org/10.1002/jwmg.491 

Proffitt, K. M., Hebblewhite, M., Peters, W., Hupp, N., & Shamhart, J. (2016). Linking landscape-scale differences in 
forage to ungulate nutritional ecology. Ecological Applications, 26(7), 2156–2174. 



 

  back to Table of content 27 

https://doi.org/10.1002/eap.1370 

Prokopenko, C. M., Boyce, M. S., & Avgar, T. (2017). Characterizing wildlife behavioural responses to roads using 
integrated step selection analysis. Journal of Applied Ecology, 54(2), 470–479. https://doi.org/10.1111/1365-
2664.12768 

Punalekar, S. M., Verhoef, A., Quaife, T. L., Humphries, D., Bermingham, L., & Reynolds, C. K. (2018). Application of 
Sentinel-2A data for pasture biomass monitoring using a physically based radiative transfer model. Remote 
Sensing of Environment, 218, 207–220. https://doi.org/10.1016/j.rse.2018.09.028 

Pyke, G. H. (1984). Optimal foraging theory: a critical review. Annual Review of Ecology and Systematics, 15, 523–
575. https://doi.org/10.1146/annurev.ecolsys.15.1.523 

R Core Team. (2022). R: A language and environment for statistical computing. R foundation for statistical computing. 

Raab, C., Riesch, F., Tonn, B., Barrett, B., Meißner, M., Balkenhol, N., & Isselstein, J. (2020). Target-oriented habitat 
and wildlife management: estimating forage quantity and quality of semi-natural grasslands with Sentinel-1 
and Sentinel-2 data. Remote Sensing in Ecology and Conservation, 6(3), 381–398. 
https://doi.org/10.1002/rse2.149 

Rast, M., Nieke, J., Adams, J., Isola, C., & Gascon, F. (2021). Copernicus Hyperspectral Imaging Mission for the 
Environment (Chime). International Geoscience and Remote Sensing Symposium (IGARSS), 108–111. 
https://doi.org/10.1109/IGARSS47720.2021.9553319 

Reimoser, F., Duscher, T., & Duscher, A. (2014). Rotwildmarkierung im Dreiländereck (Vorarlberg, Fürstentum 
Liechtenstein, Kanton Graubünden). Endbericht Teil A - Datenauswertung. https://doi.org/10.1111/j.1600-
6143.2006.01292.x 

Rivrud, I. M., Bischof, R., Meisingset, E. L., Zimmermann, B., Loe, L. E., & Mysterud, A. (2016). Leave before it’s too 
late: Anthropogenic and environmental triggers of autumn migration in a hunted ungulate population. Ecology, 
97(4), 1058–1068. https://doi.org/10.1890/15-1191.1 

Roberts, C. P., Cain, J. W., & Cox, R. D. (2016). Application of activity sensors for estimating behavioral patterns. 
Wildlife Society Bulletin, 40(4), 764–771. https://doi.org/10.1002/wsb.717 

Rossi, C., Kneubühler, M., Schütz, M., Schaepman, M. E., Haller, R. M., & Risch, A. C. (2020). From local to regional: 
Functional diversity in differently managed alpine grasslands. Remote Sensing of Environment, 236, 1–18. 
https://doi.org/10.1016/j.rse.2019.111415 

Rossi, C., Kneubühler, M., Schütz, M., Schaepman, M. E., Haller, R. M., & Risch, A. C. (2022). Spatial resolution, spectral 
metrics and biomass are key aspects in estimating plant species richness from spectral diversity in species-rich 
grasslands. Remote Sensing in Ecology and Conservation, 8(3), 297–314. https://doi.org/10.1002/rse2.244 

Ruckstuhl, K. E., & Neuhaus, P. (2002). Sexual segregation in ungulates: A comparative test of three hypotheses. 
Biological Reviews of the Cambridge Philosophical Society, 77(1), 77–96. 
https://doi.org/10.1017/S1464793101005814 

Schloeth, R. (1961). Markierung und erste Beobachtungen von markiertem Rotwild im Schweizerischen Nationalpark 
und dessen Umgebung. In Ergebnisse der wissenschaftlichen Untersuchungen im Schweizerischen Nationalpark 
45 (pp. 199–227). Kommission der Schweizerischen Naturforschenden Gesellschaft zur wissenschaftlichen 
Erforschung des Nationalparks. 

Schmidt, N. M., Van Beest, F. M., Mosbacher, J. B., Stelvig, M., Hansen, L. H., Nabe-Nielsen, J., & Grøndahl, C. (2016). 
Ungulate movement in an extreme seasonal environment: Year-round movement patterns of high-arctic 
muskoxen. Wildlife Biology, 22(6), 253–267. https://doi.org/10.2981/wlb.00219 

Schneider, S., Taylor, G. W., Linquist, S., & Kremer, S. C. (2019). Past, present and future approaches using computer 
vision for animal re-identification from camera trap data. Methods in Ecology and Evolution, 10(4), 461–470. 
https://doi.org/10.1111/2041-210X.13133 

Schnidrig-Petrig, R., & Ingold, P. (2001). Effects of paragliding on alpine chamois Rupicapra rupicapra rupicapra. 
Wildlife Biology, 7(4), 285–294. https://doi.org/10.2981/wlb.2001.033 

Schweiger, A. K., Risch, A. C., Damm, A., Kneubühler, M., Haller, R., Schaepman, M. E., & Schütz, M. (2015b). Using 
imaging spectroscopy to predict above-ground plant biomass in alpine grasslands grazed by large ungulates. 
Journal of Vegetation Science, 26(1), 175–190. https://doi.org/10.1111/jvs.12214 



 

  back to Table of content 28 

Schweiger, A. K., Schütz, M., Anderwald, P., Schaepman, M. E., Kneubühler, M., Haller, R., & Risch, A. C. (2015a). 
Foraging ecology of three sympatric ungulate species - behavioural and resource maps indicate differences 
between chamois, ibex and red deer. Movement Ecology, 3(6), 1–12. https://doi.org/10.1186/s40462-015-
0033-x 

Shamoun-Baranes, J., Bom, R., van Loon, E. E., Ens, B. J., Oosterbeek, K., & Bouten, W. (2012). From sensor data to 
animal behaviour: An oystercatcher example. PLoS ONE, 7(5), 28–30. 
https://doi.org/10.1371/journal.pone.0037997 

Sibbald, A. M., Hooper, R. J., McLeod, J. E., & Gordon, I. J. (2011). Responses of red deer (Cervus elaphus) to regular 
disturbance by hill walkers. European Journal of Wildlife Research, 57(4), 817–825. 
https://doi.org/10.1007/s10344-011-0493-2 

Signer, C., Ruf, T., Schober, F., Fluch, G., Paumann, T., & Arnold, W. (2010). A versatile telemetry system for 
continuous measurement of heart rate, body temperature and locomotor activity in free-ranging ruminants. 
Methods in Ecology and Evolution, 1(1), 75–85. https://doi.org/10.1111/j.2041-210x.2009.00010.x 

Signer, C., Wirthner, S., Sigrist, B., Wellig, S. D., Kämpfer, D., Albrecht, L., & Graf, R. F. (2021). Rothirschprojekt Aletsch-
Goms - Abschlussbericht zum Forschungs- und Managementprojekt 2017–2021. 

Sigrist, B., Signer, C., Wellig, S. D., Ozgul, A., Filli, F., Jenny, H., Thiel, D., Wirthner, S., & Graf, R. F. (2022). Green-up 
selection by red deer in heterogeneous, human-dominated landscapes of Central Europe. Ecology and 
Evolution, 12(7), 1–13. https://doi.org/10.1002/ece3.9048 

Stache, A., Heller, E., Hothorn, T., & Heurich, M. (2013). Activity patterns of European roe deer (Capreolus capreolus) 
are strongly influenced by individual behaviour. Folia Zoologica, 62(1), 67–75. 
https://doi.org/10.25225/fozo.v62.i1.a10.2013 

Stankowich, T. (2008). Ungulate flight responses to human disturbance: A review and meta-analysis. Biological 
Conservation, 141(9), 2159–2173. https://doi.org/10.1016/j.biocon.2008.06.026 

Stankowich, T., & Blumstein, D. T. (2005). Fear in animals: A meta-analysis and review of risk assessment. Proceedings 
of the Royal Society B: Biological Sciences, 272(1581), 2627–2634. https://doi.org/10.1098/rspb.2005.3251 

Stephens, D. W., & Krebs, J. R. (1986). Foraging theory. Princeton University Press. 

Sullivan, J. D., Ditchkoff, S. S., Collier, B. A., Ruth, C. R., & Raglin, J. B. (2018). Recognizing the danger zone: response 
of female white‐tailed to discrete hunting events. Wildlife Biology, 2018(1), 1–8. 
https://doi.org/10.2981/wlb.00455 

Sutherland, W. J. (1996). From individual behaviour to population ecology. Oxford University Press. 

Sutherland, W. J. (1998). The importance of behavioural studies in conservation biology. Animal Behaviour, 56(4), 
801–809. 

Thiel, D., Signer, C., Graf, R. F., Wellig, S. D., Nef, U., Nigg, H., Elmiger, A., & Ammann, A. (2018). Rothirsch in der 
Ostschweiz - Abschlussbericht des interkantonalen Forschungsprojekts in der Ostschweiz der Jahre 2014–2017. 

Thurfjell, H., Ciuti, S., & Boyce, M. S. (2014). Applications of step-selection functions in ecology and conservation. 
Movement Ecology, 2(1), 1–12. https://doi.org/10.1186/2051-3933-2-4 

Thurfjell, H., Ciuti, S., & Boyce, M. S. (2017). Learning from the mistakes of others: How female elk (Cervus elaphus) 
adjust behaviour with age to avoid hunters. PLoS ONE, 12(6), 1–20. 
https://doi.org/10.1371/journal.pone.0178082 

Tucker, M. A., Böhning-Gaese, K., Fagan, W. F., Fryxell, J. M., Van Moorter, B., Alberts, S. C., Ali, A. H., Allen, A. M., 
Attias, N., Avgar, T., Bartlam-Brooks, H., Bayarbaatar, B., Belant, J. L., Bertassoni, A., Beyer, D., Bidner, L., van 
Beest, F. M., Blake, S., Blaum, N., … Mueller, T. (2018). Moving in the Anthropocene: Global reductions in 
terrestrial mammalian movements. Science, 359(6374), 466–469. https://doi.org/10.1126/science.aam9712 

Tucker, M. A., Schipper, A. M., Adams, T. S. F., Attias, N., Avgar, T., Babic, N. L., Barker, K. J., Bastille-Rousseau, G., 
Behr, D. M., Belant, J. L., Beyer, D. E., Blaum, N., Blount, J. D., Bockmühl, D., Pires Boulhosa, R. L., Brown, M. B., 
Buuveibaatar, B., Cagnacci, F., Calabrese, J. M., … Mueller, T. (2023). Behavioral responses of terrestrial 
mammals to COVID-19 lockdowns. Science, 380(6649), 1059–1064. https://doi.org/10.1126/science.abo6499 

Tuia, D., Kellenberger, B., Beery, S., Costelloe, B. R., Zuffi, S., Risse, B., Mathis, A., Mathis, M. W., van Langevelde, F., 
Burghardt, T., Kays, R., Klinck, H., Wikelski, M., Couzin, I. D., van Horn, G., Crofoot, M. C., Stewart, C. V., & 



 

  back to Table of content 29 

Berger-Wolf, T. (2022). Perspectives in machine learning for wildlife conservation. Nature Communications, 
13(1), 1–15. https://doi.org/10.1038/s41467-022-27980-y 

Van Moorter, B., Visscher, D. R., Jerde, C. L., Frair, J. L., & Merrill, E. H. (2010). Identifying movement states from 
location data using cluster analysis. Journal of Wildlife Management, 74(3), 588–594. 
https://doi.org/10.2193/2009-155 

Wang, G. (2019). Machine learning for inferring animal behavior from location and movement data. Ecological 
Informatics, 49, 69–76. https://doi.org/10.1016/j.ecoinf.2018.12.002 

Wang, Y., Nickel, B., Rutishauser, M., Bryce, C. M., Williams, T. M., Elkaim, G., & Wilmers, C. C. (2015). Movement, 
resting, and attack behaviors of wild pumas are revealed by tri-axial accelerometer measurements. Movement 
Ecology, 3(1), 1–12. https://doi.org/10.1186/s40462-015-0030-0 

Westekemper, K., Reinecke, H., Signer, J., Meißner, M., Herzog, S., & Balkenhol, N. (2018). Stay on trails – effects of 
human recreation on the spatiotemporal behavior of red deer Cervus elaphus in a German national park. 
Wildlife Biology, 2018(1), 1–9. https://doi.org/10.2981/wlb.00403 

Wilmshurst, J. F., Fryxell, J. M., & Hudson, R. J. (1995). Forage quality and patch choice by wapiti (Cervus elaphus). 
Behavioral Ecology, 6(2), 209–217. https://doi.org/10.1093/beheco/6.2.209 

Ydenberg, R. C., & Dill, L. M. (1986). The economics of fleeing from predators. Advances in the Study of Behavior, 16, 
229–249. 

Zweifel-Schielly, B., Kreuzer, M., Ewald, K. C., & Suter, W. (2009). Habitat selection by an Alpine ungulate: The 
significance of forage characteristics varies with scale and season. Ecography, 32(1), 103–113. 
https://doi.org/10.1111/j.1600-0587.2008.05178.x 

Zweifel-Schielly, B., Leuenberger, Y., Kreuzer, M., & Suter, W. (2012). A herbivore’s food landscape: Seasonal 
dynamics and nutritional implications of diet selection by a red deer population in contrasting Alpine habitats. 
Journal of Zoology, 286(1), 68–80. https://doi.org/10.1111/j.1469-7998.2011.00853.x 

 



 

  back to Table of content 30 

2 Publications 

Paper I 

Rempfler, T., Peters, W., Signer, C., Filli, F., Jenny, H., Hackländer, K., Buchmann, S. & Anderwald, P. (2025). 
Contrasting daytime habitat selection in wild red deer within and outside hunting ban areas emphasises 
importance of small-scale refuges from humans. Ecology and Evolution, 15(8). DOI: 10.1002/ece3.71407 

 

 

Paper II 

Rempfler, T., Rossi, C., Schweizer, J., Peters, W., Signer, C., Filli, F., Jenny, H., Hackländer, K., Buchmann, S. 
& Anderwald, P. (2024). Remote sensing reveals the role of forage quality and quantity for summer habitat 
use in red deer. Movement Ecology, 12(1). DOI: 10.1186/s40462-024-00521-6 

 

 

Paper III 

Bar-Gera, B., Anderwald, P., Evans, Alina L., Rempfler, T., Signer, C. (2025). Comparing the accuracy of 
machine learning methods for classifying wild red deer behaviour based on accelerometer data. Animal 
Biotelemetry, 13(9). DOI: 10.1186/s40317-025-00401-9 

  

https://doi.org/10.1002/ece3.71407
https://doi.org/10.1186/s40462-024-00521-6
https://doi.org/10.1186/s40317-025-00401-9


back to Table of content 31 

2.1 Paper I 

Contrasting daytime habitat selection in wild red deer within and outside hunting ban 
areas emphasises importance of small-scale refuges from humans 

Rempfler, T., Peters, W., Signer, C., Filli, F., Jenny, H., Hackländer, K., Buchmann, S. & Anderwald, P. (2025). 
Contrasting daytime habitat selection in wild red deer within and outside hunting ban areas emphasises 
importance of small-scale refuges from humans. Ecology and Evolution, 15(8). DOI: 10.1002/ece3.71407 

https://doi.org/10.1002/ece3.71407


1 of 11Ecology and Evolution, 2025; 15:e71407
https://doi.org/10.1002/ece3.71407

Ecology and Evolution

RESEARCH ARTICLE OPEN ACCESS

Contrasting Daytime Habitat Selection in Wild Red Deer 
Within and Outside Hunting Ban Areas Emphasises 
Importance of Small-Scale Refuges From Humans
Thomas Rempfler1,2,3   |  Wibke Peters4  |  Claudio Signer5  |  Flurin Filli2  |  Hannes Jenny6  |  Klaus Hackländer1,7  |  
Sven Buchmann2  |  Pia Anderwald2

1Department of Ecosystem Management, Climate and Biodiversity, Institute of Wildlife Biology and Game Management, BOKU University, 
Vienna, Austria  |  2Swiss National Park, Zernez, Switzerland  |  3Swiss Federal Institute for Forest, Snow and Landscape Research, Birmensdorf, 
Switzerland  |  4Wildlife Biology and Management Research Unit, Bavarian State Institute of Forestry, Freising, Germany  |  5Wildlife Management Unit, 
Zurich University of Applied Sciences, Institute of Natural Resource Sciences, Wädenswil, Switzerland  |  6Hunting and Fisheries Department, Canton of 
Grisons, Chur, Switzerland  |  7Deutsche Wildtier Stiftung, Hamburg, Germany

Correspondence: Thomas Rempfler (thomas.rempfler@nationalpark.ch)

Received: 13 March 2024  |  Revised: 16 April 2025  |  Accepted: 23 April 2025

Funding: This work was supported by the Swiss National Park, Hunting and Fisheries Department of the canton of Grisons and the NUKAHIVA 
foundation.

Keywords: behaviour | Cervus elaphus | human disturbance | integrated step selection functions | landscape of fear | protected area | wildlife management

ABSTRACT
1.	 Prey species such as red deer (Cervus elaphus) select their habitats according to their requirements for landscape features and 

adapt this selection to the presence of predators and humans. We tested how networks of different types of protected areas—
the Swiss National Park (SNP) without hunting but with additional regulations for humans, and smaller-scale hunting ban 
areas (all types together = HBAs)—influenced diurnal and nocturnal habitat selection in red deer compared with unprotected 
areas.

2.	 Using integrated step selection functions, we compared habitat selection of 243 GPS-collared individuals from six study areas 
across the Central Alps during day and night, during the year and specifically during the short autumnal hunting season.

3.	 During the day, red deer avoided habitats where encounters with humans were likely, i.e., they selected for denser tree cover, 
greater distances to trails, steeper slopes, and for most of the year, for higher elevation. Importantly, in summer and autumn, 
they selected HBAs. At night, they showed the opposite selection. This daily pattern was absent in the study area centred on 
the SNP, where habitat selection was less specific overall. During the main hunting season, they selected HBAs over areas 
without protection during both day and night, and concurrently, habitat selection was less specific inside compared with out-
side HBAs.

4.	 HBAs allow red deer to select habitat largely independently of human impact. Accordingly, compensating habitat selection at 
night due to human disturbance during the daytime was observed in all study areas, except for the region centered on the SNP. 
Our results suggest that in human-dominated landscapes, networks of small-scale HBAs can support more natural habitat 
selection of the animals, especially when providing additional regulations to humans.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited.
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1   |   Introduction

Prey species are sensitive to predator presence and minimise 
risk exposure by modifying their behaviour (Brown et al. 1999). 
Besides innate behaviour (e.g., neonatal antipredator tactics; 
Atmeh et  al.  2024), individuals assess risks by combining as-
pects of the predator (e.g., speed, size), their own physical con-
dition (e.g., reproductive state, size) and environmental factors 
(e.g., time of day, amount of cover) based on experience and 
learning (Stankowich and Blumstein 2005).

The landscape of fear concept represents a heterogeneous dis-
tribution of relative levels of perceived predation risk and the 
associated level of fear a prey animal experiences in different 
parts of its home range (Laundré et al. 2010). Thus, this percep-
tion of risk is related to the physical landscape and predation 
risk, and results in accordingly adapted behaviour, for exam-
ple, distribution patterns of prey and antipredator behaviour 
(Gaynor et  al.  2019). Animal movement is the behavioural 
mechanism that links the multiscale process of habitat selec-
tion in response to biotic and abiotic factors (Johnson 1980). 
For example, elk (Cervus elaphus canadensis) shifted their 
habitat use and fed on lower quality forage in response to 
wolf reintroduction in Yellowstone National Park (Hernández 
and Laundré  2005). This concept is not only applied to nat-
ural predators but also in relation to humans, with hunting 
having direct and indirect effects on wildlife: in a landscape-
scale playback experiment, predators moved more cautiously 
when hearing human voices or became more elusive and re-
duced foraging activities (Suraci et  al.  2019). Ungulates in 
turn modify their movements (Little et  al.  2016) or feeding 
site selection to avoid hunters (Benhaiem et al. 2008). Female 
moose (Alces alces) that lost their young during the hunt 
stayed further away from settlements and at shorter distances 
from the forest the following year (Graf et al. 2024). Roe deer 
(Capreolus capreolus) modified their habitat use between day 
and night to avoid hunting (Bonnot et al. 2013). White-tailed 
deer (Odocoileus virginianus) are also able to recognise local 
risks: on days following hunting from stands, the use of areas 
around the stands decreased during the day and increased at 
night (Sullivan et al. 2018).

Human activities can affect fitness (Shively et  al.  2005) and 
even recreational activities can cause behavioural and phys-
iological reactions in wildlife comparable to those in re-
sponse to predation (Frid and Dill  2002; Stankowich  2008). 
These include increased vigilance (Beauchamp  2015), flight 
(Ydenberg and Dill  1986; Schnidrig-Petrig and Ingold  2001), 
reduced activity levels (Graf et  al.  2018) changes in habitat 
selection (Gander and Ingold  1997; Filla et  al.  2017), reduc-
tions in parental investment (Gill et  al.  2001) and effects on 
energy expenditure (Houston et  al.  2012), resource acquisi-
tion, animal condition and finally reproductive success (Frid 
and Dill 2002). Over time and space, such individual effects 
can scale up to cumulative pressures at the population level 
(Sutherland  1996). Disturbance effects can be enhanced if 
humans are accompanied by dogs (Miller et  al.  2001). On 
the other hand, during COVID-19 lockdowns with reduced 
human mobility, spatial behaviour of wildlife changed, for 
example, to increased use of areas closer to roads and high 

human footprint, which indicates that animals reduced their 
avoidance of proximity to humans (Tucker et al. 2023).

Effects of human disturbance on the Cervus genus are rela-
tively well studied (Mattioli et  al.  2022). For example, Ciuti 
et  al.  (2012) suggested that effects on elk behaviour caused 
by human disturbance exceeded those of habitat and natu-
ral predators: human presence triggered increased vigilance 
and decreased foraging. Among food, topography and human 
activity, the latter has even been identified as the strongest 
driver of red deer movement (Mumme et  al.  2023). Animals 
strongly respond to disturbance from human recreational 
activities by increasing their level of vigilance, but their re-
sponse varies with the level of cover available, and they per-
ceive hunting as a more acute threat than human recreation 
(Jayakody et al. 2008). Even red deer (Cervus elaphus) which 
appear to be habituated to regular disturbance within their 
home ranges, may alter their behaviour and avoid hiking trails 
(Sibbald et al. 2011; Westekemper et al. 2018). As human ac-
tivity is mainly concentrated during the daytime, one avoid-
ance strategy used by red deer—and other mammals (Gaynor 
et al. 2018)—consists in altering their diurnal behaviour, i.e., 
avoidance of humans during the day by using refuge areas 
and compensation by being more active at night (Godvik 
et al. 2009; Coppes et al. 2017).

Habitat selection of red deer during the green-up season in a 
study in mountainous habitats depended, among other factors, 
on landscape characteristics and human presence: red deer 
commonly preferred shrub cover, flat terrain and lower to inter-
mediate elevations, but avoided habitats with possible exposure 
to human activity, i.e., the vicinity of roads and trails, or areas 
far away from forest cover (Sigrist et al. 2022). The onset of the 
hunting season triggers fear reactions in red deer, i.e., increased 
flight distance, more time spent outside the core home range, 
and preference for dense vegetation, which may affect red deer 
distribution and harvesting efficiency (Meisingset et al. 2022). 
Reactions may differ somewhat between the sexes: for exam-
ple, male red deer in Norway shifted their habitat preferences at 
the onset of the hunting season, while females did not, as they 
were already largely using cover when hunting started (Lone 
et al. 2015). In Canada, older female elk individually changed 
their behaviour as they aged and reduced movement rates to 
decrease the likelihood of encountering hunters (Thurfjell 
et al. 2017). In addition, they increased the use of secure areas 
(i.e., forest and steeper terrain) and adjusted their behaviour de-
pending on the type of threat (bow and arrow vs. rifle hunters) 
(see also Proffitt et al. 2013). This fine-tuning of elk behaviour 
to avoid hunters, as opposed to just becoming more cautious 
during the hunting season, highlights the behavioural plasticity 
of this species.

In the late 19th century, the first protected areas were created 
to conserve iconic landscapes and provide habitat for endan-
gered wildlife (Watson et al. 2014). At the same time, when red 
deer in Switzerland were just returning after their extinction 
in the 18th century (Haller 2002), federal and cantonal wildlife 
reserves were originally designated in Switzerland with the in-
tention to increase ungulate populations by banning hunting 
within these reserves. As the first large-scale protected area 
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in the Alps without any human use apart from restricted rec-
reation, the Swiss National Park (SNP) was founded in 1914. 
The SNP provides the strongest degree of year-round protec-
tion, and human disturbance is greatly reduced (category Ia 
protected area: Strict Nature Reserve). Inside all these types 
of hunting ban areas (HBAs), hunting is prohibited, while the 
SNP and federal wildlife reserves additionally protect wildlife 
from human disturbance, but at different levels. Authorities 
and managers in the Swiss Alps have supplemented this net-
work with small-scale HBAs, especially since the 1980s in 
order to manage the spatial distribution of red deer, as the spe-
cies is known to use protected areas to avoid hunting activities 
(Haller 2002; Proffitt et al. 2010, 2013; Mikle et al. 2019). This 
approach is based on the expectation of the red deer's ability 
to reach these areas through seasonal migrations as summer 
habitats (Haller 2002), undertaken by parts of the populations 
(Fellmann 2022; Table S1).

While effects of larger protected areas on red deer are known, 
effects of networks of smaller-scale HBAs have not been anal-
ysed yet. These networks offer an ideal experimental study de-
sign to compare behavioural adaptations inside versus outside 
protected areas. In this study, we tested (a) how red deer in six 
study areas in the Alps select habitats during day and night, as 
well as over the course of the year, and (b) how habitat selection 

specifically during the main hunting season differs inside and 
outside HBAs, at day and night, and between different study 
areas. We expected red deer to avoid humans during the day by 
selecting against habitat characteristics indicating human pres-
ence in all study areas. On the other hand, we expected no such 
avoidance at night, especially because there is no hunting at 
night. We further predicted (c) a selection for HBAs particularly 
due to hunting activity. These compensating patterns should be 
less pronounced in the study area which is centred on the SNP 
with its strict regulations for humans.

2   |   Materials and Methods

2.1   |   Study Areas

We used red deer GPS data from six study areas across the 
Alps: from western Austria, northern Italy, Liechtenstein, 
as well as eastern and southern Switzerland (Figure  1 and 
Table S1). Settlements are typically concentrated in the valley 
bottoms and recreation activity is generally high in all study 
areas. Major highways are mostly absent, except in the study 
area ‘TIGRA’ (TIG). The main agricultural land use are pas-
tures with cattle and/or sheep. Hunting ungulates is gener-
ally permitted outside of HBAs according to regulations. In 

FIGURE 1    |    Study areas with red deer GPS locations (coloured locations) and HBAs (black polygons). Map and data: Hunting Departments of the 
cantons of Appenzell Inner-Rhodes, Appenzell Outer-Rhodes, Grisons, St. Gallen, Ticino and Valais, Principality of Liechtenstein, Swiss National 
Park, Vorarlberg Hunting Association, swisstopo. SNP 2024/09.
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most of the Swiss study areas and the respective Italian parts, 
a licence-based hunting system is practiced, where hunters 
can independently choose their place to hunt. In contrast, in 
the canton of St. Gallen, i.e., the main part of the study area 
‘Appenzell – St. Gallen’ (ASG), as well as in Austria, hunt-
ing rights are linked to landownership, i.e., hunters are al-
lowed to hunt only on specific hunting grounds (for details 
see Trouwborst and Hackländer 2018). Hunting in the study 
sites with licence hunting is mainly practiced for a period of 
3 weeks in September, except for the study area ‘Valais’ (VAL; 
only 2 weeks in September, but can also include the first days 
of October), followed by additional hunting days in late au-
tumn to fulfil hunting quotas. Hunting in the parts of the can-
ton of St. Gallen in the study area ASG was practiced from mid 
August to mid December, in Austria and Italy from May to 
December. It is usually carried out from high or ground seats, 
without dogs, or stalking, occasionally also as drive hunts in 
small groups with few hunters.

In the SNP, all human activities are prohibited year-round, ex-
cept for hiking on designated trails during daylight hours be-
tween ca. June and November (depending on snow conditions). 
Further restrictions that serve to reduce disturbance to wildlife 
within the park include the exclusion of livestock, visitors not 
being allowed to bring dogs into the park (not even on a lead), 
and there is a ban on overflights including paragliding or flying 
drones. Any violations registered by National Park Rangers are 
heavily fined.

2.2   |   Red Deer Data

We analysed trajectories of 191 female and 118 male wild 
red deer that were captured and collared between 2010 and 
2021. Except in Austria, there are no winter feeding stations. 
Individuals were immobilised with dart guns or captured in 
corral traps and anesthetised and equipped with GPS telem-
etry collars (VECTRONIC Aerospace GmbH). The collars re-
corded GPS locations for 1–3 years at a sampling rate of 1 or 
3 h. Authorities and wildlife officials of the cantons executed 
the captures during winter (except for the study area of the 
‘Region of the Swiss National Park’ (RSN), where animals 
were also captured in spring and early summer) in accor-
dance with national animal welfare laws and under permits 
issued by the responsible bodies (GR1001411, RA 2009/2862-
6743_01, SG13-12, GR2014-07F, GR2015-09, GR2017-12F, 
GR2020-08F, VS07-17).

We subsampled GPS locations with the package ‘amt’ (Signer 
et al. 2019) to one fix every 3 h, which was the least common 
denominator over all studies, with a tolerance of 3 min. In ad-
dition, we removed the data for the first 3 days and the last 
day in order to exclude possible effects of the capture and the 
removal of the collar (Morellet et al. 2009; Jung et al. 2019). 
We then eliminated inaccurate locations using the screening 
method by Bjørneraas et al. (2010). To select individuals with 
access to HBAs, we estimated 99% Kernel density home ranges 
using the R package ‘adehabitatHR’ (Calenge 2022) based on 
all GPS locations of an individual, and overlapped them with 
the HBAs using the R package ‘sf’ (Pebesma et al.  2023). In 

case of an overlap, we included individuals with at least 80% 
fix rate success per month, resulting in a sample size of 243 
individuals (Table S1).

2.3   |   Explanatory Variables

2.3.1   |   Proxies of Human Presence

Within the study areas, there are different types of HBAs, 
which were available as geospatial vector data. Depending 
on their objectives, these designated areas restrict hunting 
as well as various other human activities, which may disturb 
wildlife or influence their behaviour (Grignolio et  al.  2014). 
In the Swiss National Park (Strict Nature Reserve; 170 km2) 
all human use is prohibited except scientific study and hik-
ing on trails. The Stelvio National Park (Protected Landscape; 
1310 km2) is a category V protected area. Hunting is limited 
to a few areas, which are located outside of our analysis pe-
rimeter. The Swiss Federal Wildlife Reserves (14–26 km2) were 
originally intended to increase ungulate populations by spa-
tial hunting bans. Nowadays, they primarily aim at protect-
ing endangered species and habitats (§ 1 federal ordinance on 
Wildlife Reserves), while hunting is still banned. Furthermore, 
several Swiss cantons have implemented Cantonal Wildlife 
Reserves (0.15–12 km2) to spatially manage red deer distribu-
tion, among others the cantons of Grisons (§ 1 cantonal ordi-
nance on Wildlife Reserves) and Valais (§ 35 cantonal hunting 
law). There are no HBAs within the study sites in Austria and 
Liechtenstein.

As the main parts of the study areas were situated in 
Switzerland, we used the road layer of the Swiss Topographic 
Landscape Model (TLM) as underlying data (Swisstopo 2015). 
Since we were interested in the nearest distances to trails, we 
only included trail categories of up to 2 m in width. For areas 
outside Switzerland, we used Protomaps (https://​proto​maps.​
com) to extract Open Street Map data for the project perimeter. 
We postedited lacking trails in ArcGIS Pro with Swisstopo's ref-
erence map 1:25′000 and combined it with the TLM. We calcu-
lated path distance from these trails, accounting for topography 
based on a digital elevation model with a grid size of 30 m (DEM; 
NASA 2020) in ArcGIS Pro (version 3.0.3, ESRI) to extract the 
distance values for all red deer locations in mountainous terrain, 
instead of planar distances.

2.3.2   |   Landscape Variables

We used a DEM (NASA 2020) to derive elevation and slope (in 
degrees; R package ‘raster’ (van Etten et al. 2023)). We derived 
forest cover ranging from 0%–100% from the Copernicus Tree 
Cover Density product (Herrmann et al. 2017) by matching GPS 
data to the respective year of the tree cover density layer. We 
resampled all tree cover layers to a uniform resolution of 20 m 
because the respective products from 2012 and 2015 were only 
available at this resolution, while the product from 2018 was at 
a resolution of 10 m. All covariates and their expected relation-
ships with red deer antipredator behaviour towards humans are 
summarised in Table 1.
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2.3.3   |   Temporal Variables

Daytime was defined as the time between sunrise and sunset, 
nighttime including twilight as the opposite, with the R package 
‘suncalc’ (Thieurmel and Elmarhraoui 2022).

The hunting season differed between study areas. While it lasts 
until December in Italy and Austria, it is limited to a few weeks 
in autumn in Switzerland. For analyses on the effects of hunting 
activity, we limited the spatial extent to Switzerland and to the 
period between August 15th and October 31st which spans over 
the period from before hunting started until after it ended.

2.4   |   Modelling Habitat Selection

In order to analyse habitat selection, we fitted integrated step 
selection functions (iSSFs; Avgar et al. 2016). All analyses were 
conducted with R version 4.2.0 (R Core Team 2022). Using the 
package ‘amt’ (Signer et  al.  2019), we first calculated individ-
ual trajectories and then generated 10 random locations per 
observed location, based on movement-related statistics (i.e., 
with a gamma distribution for step lengths and a Von Mises 
distribution for turning angles). We then extracted explanatory 
variables for end locations of each step and scaled all continu-
ous variables. To account for individual-specific variation in 

habitat selection, we fitted Poisson generalised linear mixed 
models (glmmTMB; Brooks et al. 2024; Muff et al. 2020) with 
random slopes per individual and year for each environmental 
variable, except turning angle (Webber et al. 2024). The inter-
cept was estimated per stratum. To reduce potential bias caused 
by differences in movement patterns between individuals, we 
included the distance between two consecutive GPS locations 
(step length) and the cosine of the angular deviations (turning 
angle) in the models (Avgar et al. 2016; S2).

2.4.1   |   Diurnal and Monthly Effects 
of Environmental Variables

For analyses of diurnal patterns, we fitted monthly step selec-
tion functions per study area separately for day and night to ob-
tain an overview of monthly habitat selection. We next ran the 
same models, but separated by sex, and subsequently compared 
only females because no data from males was available in the 
study area RSN. We then pooled all study areas (pooled study 
areas = PSA) except for RSN, as similar trends were detected 
across explanatory variables in the area-specific models with the 
exception of RSN. In order to correct for multiple testing (n = 264 
for all study areas separately, and n = 48 for PSA vs. RSN) we 
applied a Holm–Bonferroni correction to p values in the model 
outputs (Holm 1979).

TABLE 1    |    Covariates and their expected links to red deer antipredator behaviour towards humans.

Covariate Type Expected impact Question References

Tree cover density Continuous Selection for denser 
tree cover reduces 
the risk of being 

detected by humans 
(or hunters)

(a), (b), (c) Lone et al. 2015; 
Meisingset 

et al. 2022; Sigrist 
et al. 2022

Distance to trails Continuous Selection for larger 
distances to trails 
reduces the risk to 
encounter humans

(a), (b), (c) Sibbald et al. 2011; 
Westekemper 

et al. 2018

Slope Continuous Selection for 
steeper slopes 

reduces the risk to 
encounter humans

(a), (b), (c) Thurfjell 
et al. 2017

Elevation Continuous Selection for 
higher elevation 

reduces the risk to 
encounter humans

(a), (b), (c)

Hunting ban area Factor (inside, outside) Selection for HBAs 
reduces the risk 
of being hunted

(a), (b) as interaction with habitat 
covariates, (c) as interaction 

with hunting activity

Coppes et al. 2017; 
Mikle et al. 2019

Hunting activity Factor (yes, no) Increased use of 
HBAs due to hunting 
activities reduces the 
risk of being hunted

(c) as interaction with HBAs Proffitt et al. 2010; 
Mikle et al. 2019

Step length Continuous (Not interpreted) (a), (b), (c)

Turning angle Continuous (Not interpreted) (a), (b), (c)
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2.4.2   |   Effects of Hunting Ban Areas During the Main 
Hunting Season

To test for the effects of HBAs on red deer habitat selection 
specifically during the hunting season, we selected only 
September data, i.e., the main hunting season in all study 
areas. Exploratory analysis revealed similar habitat availabil-
ity inside and outside HBAs. We included interaction terms 
between HBAs and all environmental variables in the model 
except for turning angles. Again, we first analysed each study 
area separately for day and night, and then pooled all study 
areas (PSA), except for RSN.

2.4.3   |   Effects of Hunting Ban Areas due to 
Hunting Activity

Finally, we tested whether red deer selected HBAs specifically 
due to hunting activity or whether their selection was simply 
seasonal. Thus, we included an interaction term between HBA 
and hunting activity in the model.

3   |   Results

3.1   |   Diurnal and Monthly Effects 
of Environmental Variables

Red deer selected contrasting habitats during the day than at 
night, but less consistently so in RSN than in PSA (Figure 2 and 
Table S3). During the day, red deer in PSA selected for higher tree 
cover density, longer distances to trails, and for steeper slopes all 
year round. Except for summer, they selected for higher elevation. 

In summer and autumn, they selected for HBAs. At night, they 
showed the opposite pattern, i.e., they selected lower tree cover 
density, shorter distances to trails, flatter slopes and lower eleva-
tion. They only selected for HBAs in September nights. Effects 
were absent for tree cover density and slope during winter nights 
and for elevation during summer nights. During summer and 
autumn nights, they selected for flatter slopes.

Unlike in PSA, red deer in RSN generally showed less contrast-
ing habitat selection between day and night. During the day, they 
selected longer distances to trails and for steeper slopes only in 
winter, and not at all for elevation (Figure 2 and Table S4). The 
selection at night was similar to PSA. Effects showed little dif-
ference between the sexes (Figure S5).

3.2   |   Effects of Hunting Ban Areas During 
the Main Hunting Season

The comparison of habitat selection inside and outside HBAs is 
most meaningful during the main hunting season, which in all 
study areas is in September. With the protection from hunting, 
habitat selection by red deer differed inside and outside HBAs 
and between day and night (Figure 3 and Table S6; Figure S7). 
In all study areas, red deer selected HBAs to hunted areas 
during the day and at night. In PSA, coefficients had the same 
directions inside and outside HBAs. During the day, red deer 
selected for denser tree cover (Figure 3A.1), greater distances 
to trails (Figure  3C.1), and for steeper slopes (Figure  3E.1). 
This selection during the day was significantly weaker inside 
than outside HBAs. At night, red deer showed the opposite pat-
tern of habitat selection, i.e., they selected for lower tree cover 
density (Figure 3A.2), shorter distances to trails (Figure 3C.2), 

FIGURE 2    |    Monthly effects of each environmental variable (tree cover density, distance to trails, slope, elevation, hunting ban areas), included in 
the habitat models for female red deer. Models were run separately for day and night, for the pooled study areas PSA (ING, RAE, TIG, ASG and VAL), 
and RSN with individual-years as random effects (green plus = significant positive, grey minus = significant negative effect, yellow circle = nonsig-
nificant effect after Holm–Bonferroni correction).
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and for flatter slopes (Figure 3E.2). This selection at night did 
not differ between inside and outside HBAs.

Red deer in RSN showed less specific habitat selection than in 
PSA. Inside HBAs, they did not select for any covariates during 
the day, except for denser tree cover. This selection was stronger 
outside HBAs (Figure 3B.1). At night, red deer selected for shorter 
distances to trails inside and outside HBAs (Figure 3D.2).

3.3   |   Effects of Hunting Ban Areas due to Hunting 
Activity

Interactions between HBAs and hunting activity in autumn 
for PSA showed that female red deer did indeed increase their 
use of HBAs due to hunting activity during the day and at 
night (after Holm–Bonferroni correction; Table  S8). In con-
trast, in RSN there was a significant effect at night whereas 

FIGURE 3    |    Effects of HBAs on habitat selection concerning tree cover density (A, B), distance to trails (C, D), slope (E, F) and elevation (G, H), 
per study area during day and at night in September (red = inside HBA, blue = outside HBA). Log-RSS values were calculated relative to the average 
habitat in the study area based on a step selection analysis. * = significant difference in effect direction between inside and outside HBAs. Shaded 
areas encompass all pointwise 95% confidence intervals.
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no significant interaction was detectable during the day 
(Table S8) when the animals showed a selection for HBAs al-
ready (see Figure 2).

4   |   Discussion

4.1   |   Diurnal and Monthly Effects 
of Environmental Variables

Integrated step selection functions for all study areas except RSN 
consistently yielded monthly red deer habitat selection patterns 
that differed between day and night. During the day, their selec-
tion for dense forest cover and steep terrain, areas inside HBAs 
and further from trails indicated avoidance of areas closer to hu-
mans (Figure 2 and Figure S3–S5). These results are consistent 
with findings by Godvik et al. (2009), Sibbald et al. (2011) and 
Sigrist et al. (2022). However, they were in stark contrast to red 
deer habitat use at night, when the animals selected for low tree 
cover density, which corresponds to very low values for open 
areas, flat terrain and short distances to trails, but hardly chose 
HBAs. These contrasting patterns of habitat selection com-
pared with those observed during the day suggest compensation 
in the relative safety of darkness. In agreement with Godvik 
et al. (2009), Coppes et al. (2017) and Gaynor et al. (2018), red 
deer in PSA thus avoided habitats where encounters with hu-
mans were likely during daytime but used them at night. This 
pattern could be encouraged by the ban on night hunting in 
Switzerland.

Red deer in the study area RSN, which was centered on the 
SNP, behaved differently from all other study areas (Figure  2 
and Figure S5). Namely, they showed no significant year-round 
avoidance of habitat characteristics that could be attributed to 
human disturbance during the day, except for tree cover density. 
The strict protection measures from human disturbance in the 
SNP, and particularly the predictability of human presence on 
trails (i.e., guaranteed absence elsewhere), are the most likely 
explanation why red deer in RSN during summer and autumn 
neither kept large distances from hiking trails nor retreated to 
steep terrain and high elevations during daytime, as they did 
in PSA. Habituation of red deer to predictable movement of hu-
mans along designated trails versus a sensitivity to off-trail hik-
ing has been shown in an experimental setting by Westekemper 
et al. (2018). Contributing factors to habituation of elk in North 
America have been consistent and predictable human behaviour, 
but also high densities, prohibited hunting, and habitats that 
provide winter range (Thompson and Henderson 1998). In the 
absence of mortality risk from hunting by humans, as in our 
HBAs, animals can also learn to exploit human-disturbed areas 
by desensitising and eventually habituating to human stimuli 
(Bejder et al. 2009). To some prey species, areas frequented by 
humans serve as refuges from predators that are less inclined to 
habituate to human presence (Shannon et al. 2014). This human 
shield effect was observed, for example, in the Yellowstone 
Ecosystem, where moose birth sites were located close to paved 
roads, which brown bears avoided (Berger 2007). On the other 
hand, human-habituated individuals could become bolder and 
thus more vulnerable to predation (Geffroy et al. 2015). In the 
absence of natural predators, the hunting ban in combination 
with the restriction of visitors to hiking trails in the SNP likely 

amplified the differences in habitat use compared with the other 
study areas. Interestingly, these differences lasted for much of 
the year (Figure 2), suggesting that red deer in RSN avoided hu-
mans less in spring when large parts of the population—due to 
seasonal migration—were in their winter habitats outside the 
SNP (Haller 2002). Presumably, these red deer have learned that 
humans do not pose a risk outside the hunting season.

Seasonal differences in habitat selection of red deer both in PSA 
and RSN indicated that in winter, animals saved energy during the 
day and did not compensate at night (see also Arnold et al. 2004; 
Pépin et al. 2009). They reduced forage intake in winter and thus 
avoided expending energy on the unproductive search for more 
scarcely available food (Arnold et al. 2015). During winter nights, 
they did not select low tree cover density (i.e., open areas in the ex-
treme) or flat slopes. The selection for HBAs was restricted to sum-
mer and autumn, likely to generally avoid human disturbances. 
This is in line with a study in Germany where red deer used refuge 
and core zones more frequently than border zones during summer 
(Coppes et al. 2017). In addition, they benefited from undisturbed 
rutting activities in autumn (Frid and Dill  2002), and avoided 
hunting (Mikle et al. 2019).

4.2   |   Effects of Hunting Ban Areas During 
the Main Hunting Season

During the main hunting season in September, red deer showed 
a clear selection for HBAs (Table  S6). Effects of habitat selec-
tion patterns for both inside and outside HBAs had the same 
direction, but with contrasting directions between day- and 
nighttime (Figure 3). Besides the general avoidance of humans 
during the day, red deer avoided humans more strongly outside 
HBAs, as hypothesised.

The pattern of a less clear habitat selection in RSN remained 
after the subdivision into inside and outside HBAs (Figure 3). 
This can be explained by the lack of a need to select for habitat 
parameters associated with human avoidance within the SNP. 
As our results show that compensation at night is not necessary 
in this study area, we conclude that the SNP as the center of our 
study area RSN best fulfills its purpose in terms of reducing ef-
fects of human disturbance.

4.3   |   Effects of Hunting Ban Areas due to Hunting 
Activity

Previous findings state that red deer in autumn migrate due 
to the onset of hunting (Rivrud et al. 2016) and seek protected 
areas particularly at this time of year (Mikle et  al.  2019). The 
significant positive interaction between hunting activity and the 
use of HBAs for PSA during day and night, and for RSN at night 
(Table  S8; for this analysis only inside Switzerland) indicates 
that more cautious habitat selection of red deer due to hunting 
activity extends even into the hours of darkness. We interpret 
this result as a direct response to hunting activities, especially 
because nighttime was defined as the time from dusk until dawn 
in our study. During the day, however, hunting activity had no 
additional effect on the use of HBAs in RSN, likely because the 
animals already showed a significant selection for HBAs during 
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summer and autumn anyway. Another explanation for the se-
lection of HBAs in autumn even at night may also be a selection 
for undisturbed rutting sites (Frid and Dill 2002). As the main 
hunting season in Switzerland coincides with the red deer rut, 
the two effects are difficult to disentangle.

In order to further refine analyses of compensating behaviour, 
a next step would be to compare movement behaviour, be-
havioural states and activity patterns during day and night, in-
side and outside HBAs.

5   |   Management Implications

The differences in habitat selection during the day and at night, 
as well as inside and outside HBAs, corroborate previous find-
ings that red deer in a human-dominated landscape are able to 
adapt their spatiotemporal behaviour to human activity (Ciuti 
et al. 2012; Mumme et al. 2023). We have shown that their se-
lection against habitat characteristics indicating human presence 
depends on the time of day. We have further shown that HBAs—
even at small scales—are a promising tool in red deer manage-
ment. By offering spatiotemporal refuge habitats, managers in 
Switzerland take advantage of the capacity of red deer to recog-
nise a landscape of fear. Increased use of lower tree cover density 
during the day increases red deer visibility. In a hunting for fear 
approach, hunting induces sufficiently strong risk effects to induce 
behavioural adaptations (Cromsigt et al. 2013). Consequently, we 
reason that especially the combination of short intense hunting 
periods with HBAs may lead to predictable red deer behaviour 
and can facilitate regulation. Thus, in human-dominated land-
scapes, we suggest that networks of small-scale HBAs that con-
nect red deer habitats may aid in decreasing hunting pressure and 
maximising harvest efficiency (see also Griesberger et al. (2022)), 
especially when providing additional regulations to other forms 
of human use, such as restricting tourism.
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Abstract 

Background  The habitat use of wild ungulates is determined by forage availability, but also the avoidance of preda-
tion and human disturbance. They should apply foraging strategies that provide the most energy at the lowest cost. 
However, due to data limitations at the scale of movement trajectories, it is not clear to what extent even well-studied 
species such as red deer (Cervus elaphus) trade-off between forage quality and quantity, especially in heterogeneous 
alpine habitats characterized by short vegetation periods.

Methods  We used remote sensing data to derive spatially continuous forage quality and quantity information. To 
predict relative nitrogen (i.e. forage quality) and biomass (i.e. forage quantity), we related field data to predictor vari-
ables derived from Sentinel-2 satellite data. In particular, our approach employed random forest regression algorithms, 
integrating various remote sensing variables such as reflectance values, vegetation indices and optical traits derived 
from a radiative transfer model. We combined these forage characteristics with variables representing human activity, 
and applied integrated step selection functions to estimate sex-specific summer habitat selection of red deer in open 
habitats within and around the Swiss National Park, an alpine Strict Nature Reserve.

Results  The combination of vegetation indices and optical traits greatly improved predictive power in both the bio-
mass (R2 = 0.60, Root mean square error (RMSE) = 88.55 g/m2) and relative nitrogen models (R2 = 0.34, RMSE = 0.28%). 
Both female and male red deer selected more strongly for biomass (estimate = 0.672 ± 0.059 SE for normalised values 
for females, and 0.507 ± 0.061 for males) than relative nitrogen (estimate = 0.124 ± 0.062 for females, and 0.161 ± 0.061 
for males, respectively). Females showed higher levels of use of the Swiss National Park.

Conclusions  Red deer in summer habitats select forage quantity over quality with little difference between sexes. 
Females respond more strongly to human activities and thus prefer the Swiss National Park. Our results demonstrate 
the capability of satellite data to estimate forage quality and quantity separately for movement ecology studies, going 
beyond the exclusive use of conventional vegetation indices.

Keywords  Biomass, Cervus elaphus, Foraging ecology, Habitat selection, Integrated step selection functions, Nitrogen, 
Machine learning, PROSAIL, Sentinel-2
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Background
Animals face a trade-off between foraging and safety 
needs [33, 63]. The latter drive prey species to mod-
ify their habitat use in response to potential predators 
[51], with humans usually also perceived as a predation 
risk due to hunting [27, 68]. Diurnal behaviour can be 
altered to avoid humans during daytime [1, 20, 25, 33], 
and protected areas without hunting are preferred over 
non-protected areas [34, 58]. Foraging needs result in 
strategies that provide the most energy at the lowest 
cost, under the condition that animals can move freely 
and have sufficient information about their environment 
[71, 82]. Another trade-off exists between forage qual-
ity and quantity [28, 82]. Herbivore species specialize 
along a continuum ranging from the extremes of selec-
tively feeding on energy-rich buds to mainly consuming 
mature, high-fiber and low-moisture leaves and wood 
[41, 54]. Based on comparisons of their digestive systems, 
ruminants have thus been classified into a continuum 
of three main feeding types: a) concentrate selectors 
(browsers), b) roughage eaters (grazers), and c) interme-
diate, opportunistic feeders [42]. Red deer (Cervus ela-
phus) as intermediate feeders [53] generally meet their 
high metabolic requirements by high daily forage intake 
which is matched with availability and quality in the sum-
mer diet [4, 98]. Results from studies that tested red deer 
preference on quality versus quantity simultaneously 
with separate variables have provided equivocal results 
in that they found either higher preferences for quantity 
[78, 81] or for quality [97]. In addition, within-popula-
tion differences may arise from different seasonal selec-
tion patterns. Hence, analyses on tracking phenological 
green-up in spring considered varying selection between 
residents and migrants, with migrating individuals gain-
ing better access to high-quality forage than residents 
[40, 81]. In closely related elk/wapiti (Cervus canadensis), 
residents selected for higher quantity, but lower qual-
ity, and migrating animals for intermediate quantity, but 
higher quality, respectively [40]. However, it is not clear 
to what extent red deer trade-off between forage quality 
and quantity, especially in heterogeneous alpine habitats 
characterized by short vegetation periods. This is due to 
two main reasons: because a) suitable and available vari-
ables specifically to describe quality versus quantity are 
difficult to approximate and can only be derived with 
substantial field effort, and b) studies have often focused 
on either quality or quantity (but not both), as they are 
difficult to disentangle [44, 50, 93].

A disadvantage of studies based on field sampling 
of biomass and nitrogen is that it can merely provide a 
snapshot in time and over a limited spatial scale. Vari-
ous remote sensing instruments measuring the reflected 
sunlight at different wavelengths with varying spatial 

resolution, revisit times, and number of spectral bands 
have instead been used in movement ecology of ungu-
lates (Additional file 1: Supplementary Table 1). The spec-
tral information of space- or airborne data has commonly 
been ground-truthed with in-situ data, i.e. field samples 
such as the analysis of fecal samples, plant species and 
biomass [37, 40, 46, 69] to predict the respective variables 
over larger areas. Former studies predominantly relied 
on vegetation indices (VIs) related to green vegetation, 
particularly the Normalized Difference Vegetation Index 
(NDVI (Additional file 1: Supplementary Table 1); [8, 21, 
66, 67]). The popularity of NDVI stemmed from the his-
torical constraints of satellite data, which lacked bands in 
the red-edge area of the electromagnetic spectrum, such 
as the thematic mapper (Landsat missions), or had only 
the red and near-infrared bands available at higher spatial 
resolutions, e.g., Moderate-resolution Imaging Spectro-
radiometer (MODIS).

NDVI has proven a suitable proxy for green-up selec-
tion of, e.g., migrating elk/wapiti and red deer [9, 40, 64, 
81], making it a suitable biomarker of the ecosystem: to 
approximate ground vegetation biomass [12, 38], but 
also primary productivity [3, 91], to correlate with fecal 
crude protein [37], chlorophyll concentration [17, 47] 
or dry matter digestibility of forage [30], and vegetation 
structure [44]. However, as NDVI is related to many veg-
etation properties [44], this method is less suitable for 
differentiating to which extent red deer prioritize forage 
quality versus quantity.

Imaging spectrometers, commonly referred to as 
hyperspectral sensors, measuring the reflected sunlight 
from a surface in hundreds of narrow spectral bands, 
have the potential to deliver both relative plant nitrogen 
content and plant biomass [79, 89]. However, they are 
currently limited to airborne sensors or satellite precur-
sor missions (e.g., [15, 19]), thus lacking the necessary 
revisit time needed to study habitat use of wild ungu-
lates over the entire plant growing season. Currently, an 
operational mission offering the necessary spatial and 
temporal resolution is the European Space Agency (ESA) 
Copernicus Sentinel-2 mission, providing reflectance 
data with 10 spectral bands at a spatial resolution of 10 to 
20 m, and a revisit time of 5 days [23]. Despite the lower 
number of bands compared to an imaging spectrometer, 
Sentinel-2 sensors have proven their capabilities to derive 
forage quality and quantity [74]. The spectral bands of 
Sentinel-2 sensors allow not only to derive different VIs, 
but also to use physical-based radiative transfer models 
(RTMs) to estimate biophysical and biochemical plant 
traits (further referred to as optical traits) likely associ-
ated with forage quality and quantity [70, 76]. RTMs use 
physical laws to describe surface reflectance as a function 
of canopy, leaf and soil traits [43].
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Determining whether to use surface reflectance, VIs, 
optical traits, or their combination for estimating for-
age quantity and quality is not trivial, as each approach 
has its advantages and disadvantages. For example, using 
reflectance values allows retaining the full spectral infor-
mation and avoiding losing potentially valuable informa-
tion, although raw reflectance may be less directly related 
to vegetation properties. VIs, while being easily deriv-
able and robust in reducing artefacts arising from atmos-
pheric correction processes [16], exhibit limitations like 
saturation at high biomass values [61] and a lack of speci-
ficity for directly estimating forage quality and quantity. 
The use of optical traits can enhance prediction trans-
ferability and account for viewing geometry, but their 
retrieval is ill-posed, meaning that there can be multiple 
solutions for a single spectral signature,dependent on 
ancillary data, and model assumptions are violated in 
structurally complex environments [77].

In this study, we used Sentinel-2 reflectance data, from 
which we derived VIs and optical traits to model dynamic 
parameters of forage quality and quantity at high spa-
tial and temporal resolution. We thereby quantified the 
importance of surface reflectance, VIs and optical traits 
in predicting forage quality and quantity. Finally, we 
tested for the importance of forage quality and quantity 
on red deer habitat selection in summer using radio-col-
lar GPS data and also accounted for the effects of topog-
raphy and human disturbance. We expected red deer 
to select primarily for forage quantity followed by qual-
ity [78, 81] with males showing stronger preferences for 
quality than females [29]. We further expected both sexes 
to avoid humans [1, 20, 25, 33, 81]. Since the study is con-
ducted in the region of the Swiss National Park (SNP), a 
protected area with strict restrictions on human use, we 
also predicted red deer to prefer the SNP over non-pro-
tected surroundings [34, 58].

Additional file  1: Supplementary Table  1 (letter land-
scape page as additional file: table_1_landscape_page.
docx).

Methods
Study area
The study area is located in inner alpine valleys of east-
ern Switzerland (Fig.  1) including the SNP and its sur-
rounding areas in the canton of Grisons (Switzerland), 
Tyrol (Austria), the Autonomous province of Bolzano 
– South Tyrol (Italy) and the province of Sondrio (Italy). 
Elevation ranges from 1000 to 3200 m a.s.l. and the tree 
line is at approximately 2200  m a.s.l. [36]. The climate 
is dry and cool, with an annual mean precipitation of 
825  mm between the two weather stations Buffalora 
(1971 m a.s.l.) and Scuol (1303 m a.s.l.), and a mean sum-
mer temperature of 13.2  °C (monthly means from June 

to August) in the study years 2017 to 2021 [55]. Long 
winters are characteristic (~ 154  days with snow cover 
between October and May). Villages are located in the 
valley bottoms between 1000 and 1700 m a.s.l. The main 
agricultural land use consists of pastures with cattle and/
or sheep. With 554′000 overnight stays from May to 
October [6] there are high levels of summer tourism [59, 
94]. In the Swiss part of the study area winter feeding is 
prohibited. Red deer are hunted outside of hunting ban 
areas in September; in the neighboring countries Austria 
and Italy, the open season ranges from May to December. 
Where hunting is allowed, it is conducted during daytime 
only. The SNP (170 km2) provides year-round protection 
to the animals. In this International Union for Conserva-
tion of Nature (IUCN) category Ia protected area, i.e. a 
Strict Nature Reserve, all human use is prohibited except 
for scientific studies and hiking on trails.

Red deer data
From 2017 to 2021, wildlife officials of the canton of 
Grisons and the SNP captured 70 adult red deer either 
using dart guns (n = 63) or corral traps (n = 7) in 12 spa-
tially separated marking areas to account for poten-
tial migration in groups. All captures were conducted 
under permit by the federal and the cantonal govern-
ments (GR2017-12F, GR2020-08F), and in compliance 
with Swiss animal welfare laws. Telemetry collars (VEC-
TRONIC Aerospace GmbH, Berlin, Germany) recorded 
GPS locations every 3  h over a period of 1 to 3  years. 
We removed inaccurate locations following Bjørneraas 
et  al. [10] and excluded individuals with less than 80% 
fix rate success per month. Since we only analysed loca-
tions in open summer habitats, we filtered location data 
to June to August and ESA WorldCover raster [96] cat-
egories grassland, cropland, bare/sparse vegetation, and 
moss/lichen (Fig. 1). This resulted in a sample size of 45 
adult females and 21 males with similar age distribu-
tions between sexes (Additional file 1: Table A1). For day 
and night comparisons, we defined daytime as the time 
between sunrise and sunset using the R package sun-
calc [85], and the opposite, including civil twilight, as 
nighttime.

Explanatory variables
Biomass and relative nitrogen
We estimated absolute grassland canopy foliar biomass 
(hereafter referred to as biomass) and relative canopy 
nitrogen content (hereafter referred to as relative nitro-
gen) for each recorded GPS location, using two separate 
random forest regression models in combination with 
variables derived from freely available satellite images.
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Ground reference data  To train the random forest mod-
els, we used field measurements of biomass and relative 
nitrogen (distribution of values in Additional file 2: Fig-
ure A2) collected during the growing season in 322 plots 
for the SNP (2011 to 2013; [78]), as well as biomass col-
lected in two additional studies across 52 plots in the SNP 
and its surroundings (2016 to 2018; [76, 77]). From 2011 to 
2016, biomass in g/m2 was clipped 1 cm above the ground 
on 1 m2 per plot followed by drying at 65 °C and weighing. 
In 2018, dry biomass was weighed for an area of 0.2 m2 

and scaled to 1 m2 (i.e., divided by 0.2). Chemical analysis 
for relative nitrogen was conducted in a previous study on 
one third of the samples with standard laboratory meth-
ods (TruSpec CN analyser Leco Corp., St Joseph, MI, 
USA; Fibre Analyser 200, Ankom Technology, NY, USA). 
For the remainder of the samples, a laboratory infrared 
reflectance spectrometer was used to predict relative 
nitrogen with a predictive accuracy of R2 = 0.93 (detailed 
description of the method can be found in Schweiger et al. 
[78]). All plots were georeferenced with a high-precision 

Fig. 1  Map of the study area with red deer GPS locations of 45 adult females and 21 males from June to August 2017 to 2021. To visualise 
the intensity of use, we calculated revisitation information within a radius of 500 m (visually determined as the optimum radius) ranging 
from a minimum of one revisitation (blue) to a maximum of 479 revisitations (yellow) based on the recurse function [13] in R. The border of the Swiss 
National Park is represented by red lines and country borders by grey lines

47



Page 5 of 15Rempfler et al. Movement Ecology           (2024) 12:80 	

Global Navigation Satellite System (GNSS) receiver with 
an expected accuracy of < 0.10 m.

Predictor variables  We used three types of remotely 
sensed predictor variables in our random forest regres-
sion models: (1) ten Sentinel-2 spectral band reflectances 
[31], (2) VIs calculated from the Sentinel-2 spectral bands, 
namely NDVI, MERIS Terrestrial Chlorophyll Index 
(MTCI), Triangular Greenness Index (TGI) and Cellu-
lose Absorption Index (CAI), and (3) optical traits (i.e. 
canopy structure and plant leaf traits) including leaf area 
index (LAI), chlorophyll content (CHL) and equivalent 
water thickness (EWT) obtained through the inversion 
of the PROSAIL RTM [45] with Sentinel-2 data. We fur-
ther added dry matter (Cm) and relative nitrogen content 
(PROT_per), both calculated from the PROSAIL derived 
protein content (PROT) and non-protein carbon based 
constituents (CBC) to the biomass and relative nitrogen 
models, respectively.

Besides the commonly used NDVI, the three addi-
tional VIs were chosen since they cover different spectral 
regions (i.e., visible, near infrared and short-wave infra-
red, respectively) and provide complementary infor-
mation relevant to biomass and nitrogen estimations. 
Specifically, MTCI is sensitive to nitrogen content in 
grasslands [18], TGI responds to total pigment content, 
which often shows a strong positive correlation with 
nitrogen and biomass content [86] and CAI is useful for 
detecting dry and non-photosynthetic vegetation con-
tributing to the total biomass content [88].

Similarly, we chose PROSAIL optical traits related to 
the variables of interest: the product of Cm and LAI can 
serve as an estimate of biomass [72], PROT is equivalent 
to the nitrogen content [95], and the choice of CHL and 
EWT aligns with that of TGI and CAI.

To match the remote sensing data with field measure-
ments collected previous to the launch of Sentinel-2, we 

resampled hyperspectral airborne surface reflectance 
data, acquired within days of the field data collection, to 
the Sentinel-2 spectral resolution. Detailed information 
about the derivation of all predictor variables for the GPS 
locations and validation data is included in Additional 
file 3.

Model selection  We used the R package randomFor-
est [52] to train separate random forest regression mod-
els for biomass and relative nitrogen. To select the most 
important predictor variables and identify optimal model 
parametrization (i.e. number of trees, minimum and 
maximum size of terminal nodes, and number of vari-
ables randomly sampled as candidates at each split), we 
used the recursive feature elimination (RFE) algorithm 
of the R package caret [49] followed by a hyperparameter 
optimization. Both RFE and hyperparameter optimiza-
tion were performed using a fivefold cross-validation with 
three repeats against field-measured biomass and relative 
nitrogen. In doing so, we cross-validated 3456 different 
combinations of hyperparameters, each three times. We 
selected the model with the highest coefficient of determi-
nation (R2) and also reported the root mean square error 
(RMSE) for the best models.

Variable importance  We calculated the variable impor-
tance (i.e., increase in RMSE) of groups of predictor vari-
ables for the best random forest models using a permu-
tation-based strategy [83]. We conducted two analyses: 
the first involved grouping variables with high correla-
tion (> 0.75; Additional file  4: Figure A4), and the sec-
ond involved grouping variables that belong to the same 
predictor type (i.e., reflectance, VIs, or optical traits). We 
permuted the variables from a specific predictor group 
for the cross-validation samples and fed them into the 
best random forest model to recompute the RMSE. This 
process was repeated 1000 times for each different group 

Table 1  AICC based ranking of glmmTMBs per sex explaining model selection

Biomass Relative 
nitrogen

Distance to forest Distance to trails Slope Step length ΔAICC AICC weight

Females 0.67 0.12 − 0.76 −0.97 − 0.27 0.3 0 0.7

0.68 − 0.77 −0.97 − 0.27 0.3 1.94 0.27

0.68 0.12 − 0.78 − 0.27 0.3 7.14 0.02

0.69 − 0.79 − 0.27 0.3 9.08 0.01

0.67 0.13 − 1 − 0.27 0.29 15.28 0

Males 0.55 0.13 − 0.83 0.21 0 0.32

0.56 0.13 − 0.84 0.55 0.21 0.29 0.28

0.55 0.13 − 0.83 − 0.01 0.21 2 0.12

0.56 0.13 − 0.84 0.55 − 0.01 0.21 2.27 0.1

0.58 − 0.84 0.21 3.51 0.06
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Fig. 2  Distribution of distances travelled per day (a) and home range sizes (b) by sex, and elevations covered (c) and step lengths (d) divided by sex 
and inside/outside the Swiss National Park (SNP)
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of predictors. Subsequently, we averaged the increase in 
RMSE compared to the baseline RMSE values across the 
1000 runs.

Prediction of  GPS locations and  outlier removal  We 
assigned each GPS location to the surface reflectance data 
of the temporally closest Sentinel-2 image, resulting in 
an average discrepancy of 7.7 days between the two data-
sets and a standard deviation of 9.34 days. Subsequently, 
we used the best-performing models to predict biomass 
and relative nitrogen from the Sentinel-2 data for all GPS 
locations. Machine learning models such as random for-
est regression models have difficulties extrapolating pre-
dictions to data that differ from the training data. How-
ever, the dissimilarity index (DI) as proposed by Meyer 
& Pebesma [57] can be used to quantify the similarity 
between a data point to be predicted and the training 
data. We used the R package CAST [56] to calculate the 
DI for all GPS locations and removed DI outliers based on 
the interquartile range, thus only including values lower 
than Q3 + 1.5 ∗ (Q3 − Q1) , with Q1 and Q3 representing 
the first and the third quartile, respectively.

Further habitat variables
Close proximity to forest, as well as avoiding trails, are 
considered avoidance responses to humans [81]. The 
same applies to steep slopes, as human activity tends to 
be higher in flat terrain. Based on the input digital ele-
vation model [65] we calculated slope using the terrain 
function of the R package raster [24]. We extracted the 
category tree cover from ESA WorldCover [96] in ArcGIS 
Pro (version 3.0.3, ESRI) and then calculated path dis-
tance to forest for all red deer locations (i.e. of all ESA 
WorldCover categories).

For the Swiss parts of the study area, we extracted trails 
from the streets layer of the Swiss Topographic Landscape 
Model [84] by filtering for trail categories of up to 2  m 
in width. For the Austrian and Italian parts of the study 
area, we extracted Open Street Map data using Proto-
maps (https://​proto​maps.​com/​downl​oads/​osm/​18343​
d18-​d905-​440e-​9b45-​6bcc4​1608e​16). We post-edited 
lacking trails in ArcGIS Pro with Swisstopo’s reference 
map 1:25′000. Combined with the trails in Switzerland, 
we also calculated path distance of red deer GPS loca-
tions to trails.

Step length
Step length, i.e. the distance between two consecutive 
GPS locations, serves as a measure of movement inten-
sity. It was calculated while processing integrated step 
selection functions (iSSFs; see section Modelling habitat 

selection). The inclusion of step length into the model 
reduces potential biases due to the variability in red 
deer’s individual movement behaviour [26].

Modelling habitat selection
iSSFs [5] were applied to estimate habitat preferences. 
In a first step, we used the R package amt [80] to gen-
erate individual trajectories. Based on the distribution of 
step lengths and turning angles, we estimated 25 random 
locations per observed location. Since we had to restrict 
the analyses of GPS locations to open habitats for reli-
able biomass and relative nitrogen values, we restricted 
our dataset to steps in open habitats with at least three 
random locations following Sigrist et al. [81]. We scaled 
all explanatory variables to mean zero and standard 
deviation 0.5 combining the female and male datasets 
[32], and then ran sex-specific generalized linear mixed 
models using Template Model Builder (glmmTMB,[60]). 
Individual was included as a random effect to correct for 
individual-specific variation in habitat selection and sam-
ple size. Model selection was applied using the R pack-
age MuMIn [7],Table 1). All analyses were conducted in R 
version 4.2.3 [73].

Results
Movements of red deer
Divided into the categories of the ESA WorldCover raster 
[96], 74% of red deer summer locations in open habitats 
were in grassland, 24% in moss and lichen, 2% in bare 
/ sparse vegetation and 0.07% in cropland. Daily dis-
tances travelled, home range sizes (100% Multiple Con-
vex Polygons) and step lengths inside and outside the 
SNP, respectively, were similar for both sexes (Fig.  2). 
Elevations covered outside the SNP were also similar, 
but males inside the SNP stayed at higher elevations than 
females. Since step lengths from movements between 
inside and outside the SNP accounted for only 2% they 
had little influence on the results for either sex.

Modelling biomass and relative nitrogen
We observed a strong performance of the best biomass 
model (R2 = 0.60, RMSE = 88.55  g/ m2, ntree = 1000, 
nodesize = 5, maxnodes = 25, mtry = 8). Tuning the 
hyperparameters resulted in only slight changes to the 
outcomes, as we found a mean R2 of 0.578 with a stand-
ard deviation of ± 0.01 across all models. Based on the 
RFE analysis, we found eight variables to be sufficient in 
predicting biomass (Fig. 3a), with MTCI resulting as the 
most important variable followed by the group including 
NDVI, CAI and LAI. The optical trait CHL was also an 
important predictor.

Moderate predictive accuracies were found for rela-
tive nitrogen (best model: R2 = 0.34, RMSE = 0.28%, 
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ntree = 500, nodesize = 7, maxnodes = 23, mtry = 18) with 
an average R2 of 0.31 and standard deviation of ± 0.01 
across all models. All 18 variables were retained for nitro-
gen prediction based on the RFE analysis (Fig.  3b). We 
found the group including spectral bands in the visible 
part of the spectrum as well as NDVI, CAI and LAI, as 
the most important variable, followed by CHL (Fig. 3c).

VIs were the most important variables in both biomass 
and relative nitrogen models. However, optical traits also 
contributed additional value, particularly in the biomass 
models (Fig.  3b). While spectral bands appeared to be 
significant in the models for relative nitrogen, they did 
not provide additional value compared to VIs and optical 
traits, and were marginal in the biomass models (Fig. 3d).

Habitat selection of red deer
The best supported model for female red deer in open 
summer habitats corresponded to the full model, while 
the best model for males excluded distance to trails and 
slope (Table 1). Red deer of both sexes selected habitats 
with high biomass and high relative nitrogen (Fig.  4, 
Table 2), with biomass having a greater effect than rela-
tive nitrogen. The comparison between the sexes showed 
that females tended to select habitats more strongly for 
biomass than males, but males selected habitats some-
what more strongly for relative nitrogen than females. 
However, a statement on significant differences between 
the sexes is not possible because we calculated sex-spe-
cific models. 

Regarding the variables indicating safety needs, females 
preferred to stay close to the forest and to trails, and in 
flat terrain. Males selected for short distances to forest. 
Both sexes showed high step lengths indicating more 
movement, with females moving longer distances than 
males.

For both sexes, GPS locations in open summer habi-
tats were relatively evenly distributed between day and 
night (Additional file  5: Table  A5): For females, 47% of 
the locations were recorded during the day and 51% for 
males. While 82% of the females’ locations were within 
the SNP, this applied to only 46% of the males’ locations 
(Fig.  5a). Of these, 89% of female locations were inside 
the SNP during the day and 75% at night, while for males 
59% were inside the SNP during the day and 32% at night 
(Fig. 5b).

Discussion
Using iSSFs, we identified summer habitat preferences 
of free-ranging red deer in a heterogeneous open alpine 
landscape. We detected effects of variables indicating 
human disturbance and vegetation characteristics esti-
mated based on remote sensing and field samples (Fig. 4, 
Table 2). The method combined simultaneous estimation 
of individual movement and resource selection param-
eters and thus enabled a likelihood-based inference 
of resource selection within a mechanistic movement 
model [5].

Fig. 3  Average variable importance and their standard deviation over 1000 permutations of the random forest regression models for biomass 
grouped by correlated variables (a) and by variable type (b), and accordingly for relative nitrogen in (c) and (d). We included three types of variables: 
reflectance values of Sentinel-2 bands, represented by their central wavelength in nanometers (green), and derived from them vegetation indices 
(orange) and optical traits derived using the radiative transfer model PROSAIL (blue)
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Habitat selection of red deer
Red deer face a trade-off between forage quality and 
quantity and are under pressure to employ foraging strat-
egies that provide the most energy for the lowest cost [28, 
71, 82]. Several studies have shown that in seasonal and 
predictable habitats, red deer prefer higher altitudes in 
summer than in winter due to greater availability of high-
quality forage [9, 30, 40, 64, 69, 81, 97]. We found that 

red deer selected more strongly for biomass than for rela-
tive nitrogen (Fig. 4, Table 2). Thus, in our study they pre-
ferred forage quantity over quality. This is largely in line 
with results from Hebblewhite et  al. (40, 78]. The com-
parison with Schweiger et al. [78] who examined forage 
preferences earlier in the season also indicates that pref-
erences for biomass over relative nitrogen in our study 
were not caused by a beginning of brown-down in August 

Fig. 4  Habitat selection by red deer in summer with respect to biomass, relative nitrogen, distance to forest, distance to trails and slope, as well 
as step length, with 95% confidence intervals. f[u]/f[a] refers to the frequency ratio between used and available locations. Values > 0 indicate 
preference, values < 0 avoidance. Models were run separately per sex. Note the different scales in the plots. Only significant results are shown
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or by early depletion of nutrient-rich forage. Different 
findings by Zweifel-Schielly et  al. [97] may be explained 
by different elevational ranges between their and our 
study: Their study was conducted down to a minimum 
elevation of 470  m a.s.l. (versus 1000  m a.s.l. in ours), 
and also included nutrient-poor vegetation on the forest 
floor. As expected, differences in sex-specific selection of 
forage quality and quantity [9, 11] were weak. However, 
the fact that females in summer tended to select patches 
with higher quantity but lower quality than males was in 
line with patterns found for spring and autumn diets [29], 
which is not unusual for intermediate feeders [62].

Since our study area is characterized by strict pro-
tection regulations inside the SNP, where no human 
activity is permitted except for research and hiking on 
trails, it provides a good basis to analyse the trade-off 
between foraging and safety needs of red deer [33, 58, 
63]. Predators were absent during the study period, 
except for one single resident female wolf in part of the 
study area in the years 2017 to 2022. Red deer prefer-
ence of areas close to forest may be due to reasons of 

thermoregulation (e.g. [2], for chamois) or indicates 
their need for safety [81], which we have identified for 
both sexes. As previous studies showed, female red 
deer, especially those with offspring, choose safe hab-
itats even at the expense of forage quality [9, 11]. We 
know from summer counts inside the SNP that 48% 
of females (two years and older) had calves over the 
study period (SNP, unpublished data) and assume that 
this rate also applies to tagged animals. The increased 
frequency of GPS locations of females within the SNP 
during the day (89%) compared to night-time (75%) 
indicates the overriding need for safety (Fig.  5, Addi-
tional file  5: Table  A5). Males also showed this pat-
tern, but at a lower level (59% during the day and 32% 
at night), which indicates clear sexual differences con-
cerning the need for safety, and differences between day 
and night. Thus, males left the SNP at night about twice 
as often as females, which could also be interpreted as 
avoidance of high red deer density. As the SNP is sur-
rounded by alpine pastures [76], which are grazed by 
livestock (cattle and sheep) and therefore offer lower 
biomass but higher relative nitrogen, this may have 
influenced the result of males selecting lower forage 
quantity but higher quality than females. Our results 
are applicable to relatively undisturbed summer habi-
tats at higher elevations (> = 1000  m a.s.l.), which are 
characterised by short vegetation periods and overall 
low biomass. However, in more intensively cultivated 
landscapes with high biomass, e.g. agricultural lands, 
relative preferences may differ.

Sexual differences in habitat selection were also indi-
cated by the different structure of the best-supported 
models (Table  1): for males, the variables distance to 
trails and slope were not included. Since avoiding trails 
and seeking out steep terrain are considered responses 
to human activity, it is fitting that these should not 
affect males which appear to be more tolerant to distur-
bance than females. The preference by females to both 
proximity to paths and flat terrain (i.e. areas with more 

Table 2  Results of the best supported glmmTMBs for female and male red deer in open summer habitats. SE = standard error, 
CI = confidence interval. Significance levels for p values * < 0.05, ** < 0.01, *** < 0.001

Predictor Females Males

Estimate (SE) 95% CI Estimate (SE) 95% CI

Biomass 0.672 (0.059)*** 0.555, 0.788 0.507 (0.061)*** 0.388, 0.626

Relative nitrogen 0.124 (0.062)* 0.002, 0.246 0.161 (0.061)** 0.041, 0.281

Distance to forest − 0.764 (0.175)*** − 1.107, − 0.421 − 0.741 (0.272)** − 1.274, − 0.207

Distance to trails − 0.97 (0.316)** − 1.590, − 0.351

Slope − 0.27 (0.047)*** − 0.361, − 0.178

Step length 0.299 (0.046)*** 0.210, 0.388 0.179 (0.053)*** 0.075, 0.284

Fig. 5  Proportions of summer GPS locations per sex inside (green) 
and outside the Swiss National Park (SNP; blue) (a), and the respective 
proportions divided into day and night (b)
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human activity), appears to contradict current theory. 
However, this might be explained by females’ pro-
nounced preference for the SNP, where human activity 
is strictly limited to trails and visitor flows are predicta-
ble: the most frequently used areas were inside the SNP, 
but in close proximity to trails (Fig. 1).

Modelling biomass and relative nitrogen
We modelled biomass and relative nitrogen at a spatial 
resolution of 50 m, and thus took into account the accu-
racy of the GPS locations (11.3 m ± 4.7 m as measured in 
Schweiger et  al. [78]). Compared to that previous study 
in the same region based on a single remote sensing 
dataset [78], our study included weekly spectral infor-
mation from June to August, and a higher sample size of 
red deer (n = 66 versus n = 2), but a coarser spatial scale 
(250 m2 versus 36 m2). Despite the different remote sens-
ing approaches used, the predictive accuracies of forage 
quality and quantity between Sentinel-2 and hyperspec-
tral data [78] were comparable. While our biomass model 
performed slightly better over multiple years (ΔR2 = 0.03), 
our relative nitrogen model performed slightly worse 
(ΔR2 = −0.09). Red deer selection patterns of biomass 
and relative nitrogen were consistent across both studies. 
This also corroborates selection patterns of forage quality 
and quantity in open habitats using a spatial resolution 
of 100 m2 [81], although the remotely sensed instantane-
ous rate of green-up as a measure for forage quality and 
NDVI for quantity was used in their study.

A major limitation of our study and remote sensing of 
forage quality and quantity in general is predicting rela-
tive nitrogen, reflected in the moderate accuracy and 
complexity, i.e., retention of all predictor variables by 
our model for relative nitrogen. Similar studies relied on 
the use of vegetation indices as approximations of for-
age quality without validating them against ground ref-
erence data [9, 58, 64, 81]. Therefore, while our model 
explained only a third of the variance in relative nitrogen, 
the inclusion of ground reference data marks a significant 
improvement and raises questions about the reliability of 
certain vegetation indices as proxies for relative nitrogen 
content.

The reflectance of plant communities is mainly deter-
mined by the absolute content of nitrogen (g/m2) in 
leaves and not its concentration relative to other leaf 
constituents [48]. The problematic use of concentration 
measurements for nitrogen is enhanced in areas where 
the vegetation cover is uncorrelated to the nitrogen 
content, a scenario possible in vegetation-poor areas. 
Therefore, from a remote sensing point of view, using 
the absolute nitrogen content should be preferred, 
despite its strong correlation with biomass (Addi-
tional file 6: Table A6, [93]), rendering a comparison of 

the selection of quality and quantity difficult. To par-
tially mitigate the uncertainties associated with using 
remotely sensed relative nitrogen, we have used a sub-
stantial number of field samples to train the remote 
sensing models and excluded data points from the habi-
tat selection analysis with ranges unseen during model 
training. Other mitigation strategies could involve the 
estimation of vegetation cover and non-photosynthetic 
vegetation from remote sensing data to actively exclude 
vegetation-poor areas from the analysis or improve the 
relative nitrogen models with such additional informa-
tion. In this regard, future operational and spaceborne 
hyperspectral sensors [14, 75] promise more accurate 
predictions of forage quality.

As shown in other studies [35, 74], the inclusion of VIs 
in predicting forage quality and quantity improved the 
prediction accuracy. VIs remain the most suitable choice 
in forage quality and quantity estimations in grasslands 
due to their simplicity and strong relevance. MTCI, 
which uses bands from the red-edge and near-infrared 
region, was particularly useful. Red-edge and near-infra-
red regions are strongly related to chlorophyll and nitro-
gen content in plants [18, 22]. Overall, our results suggest 
to use additional VIs alongside NDVI, particularly given 
that NDVI experiences saturation issues in densely veg-
etated areas.

Similar to VIs, we found optical traits to improve the 
forage quality and quantity prediction. In particular, the 
biomass models strongly profited from the inclusion of 
optical traits. PROSAIL is highly sensitive to LAI, which 
is directly related to biomass [90]. While VIs are com-
monly used in predictive models, optical traits are rarely 
used or have shown no added value for grassland qual-
ity and quantity indicators [74]. However, Raab et al. [74] 
used a hybrid inversion of RTMs [92] implemented in 
the Sentinel Application Platform (SNAP) to derive opti-
cal traits, which differed from our look-up table (LUT) 
inversion. As shown by Hauser et  al. [39], an optimised 
trait retrieval from RTMs with a LUT outperformed the 
SNAP application. Furthermore, hybrid approaches with-
out further fine tuning can be ineffective in predicting 
optical traits in heterogeneous grassland. Overall, our 
results suggest that the inclusion of optical traits derived 
with an LUT approach increases the predictive power 
of forage quality and quantity models, but also highlight 
the challenges of relying solely on them, underpinned 
by the marginal importance of PROT_per in the rela-
tive nitrogen model. Nevertheless, the use of such optical 
traits next to VIs is motivated by the underlying physi-
cal foundation and therefore higher transferability of the 
models to unseen data [87]. This could especially be the 
case when a limited amount of field data is available to 
calibrate the models.

54



Page 12 of 15Rempfler et al. Movement Ecology           (2024) 12:80 

Conclusions
Red deer in open summer habitats selected for-
age quantity over quality. Centred on an alpine Strict 
Nature Reserve, their habitat selection was also strongly 
influenced by their need for safety: Females responded 
more strongly to human activities than males and 
therefore preferred the SNP.

Remote sensing data has proven to be valuable for the 
estimation of forage quality and quantity in open habi-
tats over large areas and multiple years and months. In 
particular, the inclusion of vegetation indices and rarely 
used optical traits in regression models for biomass 
and relative nitrogen has increased prediction accura-
cies. While biomass can be mapped with high accuracy, 
certain ambiguities remain in remote sensing of relative 
nitrogen. Future studies could leverage on forthcoming 
hyperspectral satellite sensor to take into account soil 
and non-photosynthetic vegetation cover, potentially 
enhancing nitrogen prediction from space.
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Comparing the accuracy of machine 
learning methods for classifying wild red deer 
behavior based on accelerometer data
Benjamin Bar‑Gera1*, Pia Anderwald2, Alina L. Evans3, Thomas Rempfler2 and Claudio Signer1 

Abstract 

Background  Effective conservation requires understanding the behavior of the targeted species. However, some 
species can be difficult to observe in the wild, which is why GPS collars and other telemetry devices can be used 
to “observe” these animals remotely. Combined with classification models, data collected by accelerometers on a col‑
lar can be used to determine an animal’s behaviors. Previous ungulate behavioral classification studies have mostly 
trained their models using data from captive animals, which may not be representative of the behaviors displayed 
by wild individuals. To fill this gap, we trained classification models, using a supervised learning approach with data 
collected from wild red deer (Cervus elaphus) in the Swiss National Park. While the accelerometer data collected 
on multiple axes served as input variables, the simultaneously observed behavior was used as the output variable. 
Further, we used a variety of machine learning algorithms, as well as combinations and transformations of the accel‑
erometer data to identify those that generated the most accurate classification models. To determine which models 
performed most accurately, we derived a new metric which considered the imbalance between different behaviors.

Results  We found significant differences in the models’ performances depending on which algorithm, transforma‑
tion method and combination of input variables was used. Discriminant analysis generated the most accurate clas‑
sification models when trained with minmax-normalized acceleration data collected on multiple axes, as well as their 
ratio. This model was able to accurately differentiate between the behaviors lying, feeding, standing, walking, and run‑
ning and can be used in future studies analyzing the behavior of wild red deer living in Alpine environments.

Conclusion  We demonstrate the possibility of using acceleration data collected from wild red deer to train behav‑
ioral classification models. At the same time, we propose a new type of metric to compare the accuracy of clas‑
sification models trained with imbalanced datasets. We share our most accurate model in the hope that managers 
and researchers can use it to classify the behavior of wild red deer in Alpine environments.

Keywords  Cervus elaphus, Swiss National Park, Behavioral classification, Acceleration data, Data imbalance, Overall 
accuracy, Balanced accuracy, Specificity, Sensitivity, Neural networks, Discriminant analysis, Random forest, Support 
vector machines, Decision trees

Background
In order to effectively protect and manage a species, it 
is important to understand its behavior [1]. Although 
visual observation is the most effective method to learn 
about an animal’s behavior, observing wild animals such 
as red deer (Cervus elaphus) can be difficult as they are 
often elusive, may live in habitats with tree cover, are 
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nocturnal, move over large distances, and can easily be 
disturbed by the observer [2]. To overcome these chal-
lenges, GPS collars and other telemetry methods have 
been used to study the spatial movements of red deer, 
resource selection and seasonal migrations, as well as 
other factors affecting their movements, such as human 
activity [3–5]. While these methods can provide valuable 
knowledge about the spatiotemporal behavior of animals, 
they suffer from various limitations, most notably that it 
can be difficult to infer which behavior the animals are 
engaging in [6].

Accelerometers have become a frequent component of 
GPS collars [6]. They measure the collar’s and thus the 
animal’s intensity of movement as the difference in veloc-
ity between two consecutive measurements. Accelerom-
eters usually record multiple measurements per second. 
The data is then either saved raw (i.e., high-resolution 
[7, 8]) or averaged over predefined time intervals, such 
as 1, 5 or 10  min (i.e., low-resolution [2, 9–11]). While 
resolution can also pertain to the device’s sampling fre-
quency or bit-resolution, we solely use this term regard-
ing whether the acceleration data has been averaged 
over predefined time intervals or left in its raw state. 
Averaging and reducing the amount of data can be use-
ful when animals wear the collars over long periods and 
the amount of data storage is limited [12]. Additionally, 
working with low-resolution data requires less comput-
ing power and tends to be more accessible from a techni-
cal point of view than working with high-resolution data.

Acceleration data can be used to infer an animal’s 
relative level of activity as a result of time, seasonality, 
weather, sex or age [13, 14]. Combined with a classifi-
cation model the acceleration data can provide knowl-
edge about the animal’s behavior and has been used for 
a variety of species in the wild, including pumas (Puma 
concolor) [15], Alpine ibex (Capra ibex) [16], polar bears 
(Ursus maritimus) [17], or various cervids [2, 7–9, 11, 
18]. Previous behavioral classification models for cervids 
can be categorized by whether they were trained with 
captive [11] or wild animals [7], whether they use low- [9] 
or high-resolution [8] acceleration data and whether they 
are binary [18] or multiclass [2] models. A binary model 
classifies only two different modes, such as two behaviors 
(e.g., feeding vs. walking) or whether the animal is active 
or inactive, whereas a multiclass model has the potential 
to classify more than two behaviors (e.g., running, feed-
ing, or standing).

To the best of our knowledge, no multiclass models 
have been trained using wild cervids and low-resolution 
acceleration data. While models trained on captive ani-
mals can be very useful in certain circumstances, pre-
vious studies have illustrated that such models may 
perform worse than models trained with wild animals 

when classifying the behavior of wild animals, due to 
differences in behavior and/or habitat [17]. As there is 
always a tradeoff between the resolution of accelerome-
ter data and memory capacity, long-term studies on wild 
animals frequently use collars that only save low-reso-
lution acceleration data. For these two reasons, our first 
goal was to generate a multiclass behavioral model that 
is based both on low-resolution acceleration data and 
behavior of wild cervids.

With the adoption of sensors such as accelerometers, 
researchers are increasingly confronted with large data-
sets [19]. Machine learning (ML) algorithms can help 
find patterns in these datasets to generate new eco-
logical insight (e.g., estimating animal populations with 
unmanned aerial vehicle footage [20]) or automate previ-
ously manual tasks (e.g., classifying trail camera images 
[21, 22]). As ML algorithms have become an increas-
ingly popular tool in the field of ecology, they have also 
become easily accessible through R packages [23–31].

However, with so many different algorithms, it is dif-
ficult to know which ones to use. Previous studies have 
used discriminant function analysis [9, 11], recursive 
partitioning (i.e., classification and regression tree) [2, 
10], or random forest [7, 8]. Nathan et al. [32] compared 
the efficacy of various ML algorithms for classifying the 
behavior of griffon vultures (Gyps fulvus) and Ladds et al. 
[33] did the same with fur seals (Arctocephalus spp.) and 
sea lions (Neophoca cinerea). However, to date no such 
comparison has been performed for cervids. Our second 
goal was therefore to fill this gap by using a variety of ML 
algorithms and analyzing which ones generate the most 
accurate classification models.

GPS collars usually include multiple accelerometers 
that can measure the movement on different axes (e.g., 
left–right, up–down, forward–backward). For our third 
goal, we generated models using different combinations 
of the axial acceleration values and their derived coun-
terparts (sum, difference, and ratio). This allowed us to 
analyze not only which algorithms, but also which com-
bination of input variables generate the most accurate 
models. We also applied various normalization methods 
to the acceleration data to identify which ones generated 
the most accurate models.

Methods
Study area
All field observations were conducted in and around 
the Swiss National Park (SNP), which covers an area 
of approximately 170 km2 in eastern Switzerland [34]. 
The SNP is classified as an IUCN 1a conservation area 
(highest class of protection, wilderness area). Visitors 
must remain on the provided paths, plants may not be 
removed except for scientific reasons, meadows cannot 
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be mowed, and all hunting is forbidden. The SNP has a 
diverse topography typical for the Central Alps, with 
elevations ranging from 1380–3173 m a.s.l. The tree line 
varies between 2200–2300 m a.s.l. Most of the SNP’s area 
is subalpine and composed of around 31% forest and 17% 
meadow, while the rest is free of vegetation. The mean 
annual temperature (1991–2020) at the weather sta-
tion Buffalora was 1.1 °C, the coldest month being Janu-
ary (−  9.1  °C) and the warmest July (11  °C) [35]. Mean 
annual precipitation is 936  mm, with July and August 
being the wettest months with 118 and 130 mm of rain, 
respectively. Buffalora is located just outside the SNP and 
at a similar altitude (1971  m a.s.l.) as the observational 
locations.

Study animals and telemetry collars
In the SNP and surrounding areas, wild red deer have 
been equipped with GPS collars since 1998 as part of var-
ious research and management efforts. Wildlife officials 
of the canton of Grisons and the SNP immobilized and 
anesthetized the animals with dart guns and 3 ml Hella-
brunn mixture containing 125  mg xylazine and 100  mg 
ketamine per ml. Capturing and collaring was conducted 
according to Swiss animal welfare law (permit GR2015-
09). The animals wear the collars for a maximum of 
2 years, after which they are released via a remote drop-
off mechanism. Every individual receives a unique combi-
nation of colored ear tags, allowing visual identification. 
During the fieldwork period, we observed four individu-
als in the wild. These included two stags (No. 779 and No. 
783) and two hinds (No. 761 and No. 762). At the time, 
they were estimated to be 7, 9, 13 and 9 years old, respec-
tively. Both hinds were rearing a calf and were addition-
ally accompanied by a yearling.

The observed red deer were equipped with two differ-
ent types of GPS collars from VECTRONIC Aerospace 
GmbH, Berlin, Germany: PRO LIGHT and VERTEX 
PLUS [36, 37]. Besides the location, these collars meas-
ure intensity of movement using multiple accelerom-
eters. The antenna and electronic housing, including 
the accelerometer, are located on top of the collar and 

thus on the back of the animal’s neck. The accelerome-
ters measure acceleration continuously at 4  Hz on each 
axis as the difference in velocity between two consecu-
tive measurements. Acceleration is averaged over 5-min 
intervals per axis and provided as a unit-free number 
ranging from 0–255, with 0 representing no movement 
and 255 maximum movement. Henceforth, these values 
will be referred to as acceleration values or acceleration 
data. The different types of collars are equipped with 
accelerometers on either two (x, y) or three axes (x, y, z), 
where the x-axis measures forward–backward motion, 
the y-axis sideways (i.e., left–right) motion, and the 
z-axis up–down movements. However, as two (762 and 
779) of the four observed individuals wore collars which 
only measure x- and y-acceleration, we only used these 
two axes to generate the models. Acceleration data can 
be downloaded from the collars via UHF and VHF in the 
field or directly from the device after drop-off.

Behavioral observations
Animal observations took place during July and August 
2022. As hunting is prohibited and human activity inside 
the SNP is restricted to hiking trails, red deer are often 
active and visible in open habitats during the day. We 
observed the animals from a distance between 250–
1200  m using a spotting scope, focusing on one collared 
individual at a time, as long as it was visible [38]. The 
behavior was logged simultaneously in the ethological app 
“Behayve”, which generated time-stamped behavioral logs 
for every observational session and individual [39]. While 
using Behayve proved to be very effective in collecting 
observational data, we additionally filmed most behavior 
through the spotting scope using a digiscoping adapter 
and a smartphone. The Android app “Timestamp Camera 
Pro” [40] was used for filming, as it displays the current 
time as a watermark. The filmed behavior served as a point 
of reference in case of any logging errors and was also used 
to distinguish specific behaviors more clearly.

Similar to previous studies [2, 7, 9–11], we distin-
guished between the behaviors lying, feeding, walk-
ing, running, standing, and fighting (Table  1). We also 

Table 1  Observed behavior of wild red deer in the Swiss National Park

Behavior Description

Lying Lying on the ground either resting or ruminating

Feeding Grazing with or without moving from one spot to another; we observed 
no instances of browsing

Standing Standing in one spot, either vigilant and/or ruminating

Walking Moving slowly from one spot to another without grazing at the same time

Running Moving quickly from one place to another, either trotting or galloping

Fighting Stags only: clashing antlers with another stag
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recorded whether the animals were ruminating or not 
while lying, as well as their vertical head position while 
walking and feeding. However, our preliminary analy-
ses suggested that our models would not be able to dis-
tinguish between these modes, which is why we did not 
include them further in our study.

Data analysis
After completing the behavioral observations, the accel-
eration data was downloaded remotely from the GPS col-
lars via VHF/UHF and the behavioral data was exported 
from the Behayve app on the smartphone. The workflow 
of generating the classification models consisted of pre-
processing the acceleration and behavioral data, model-
training, and model-testing (see Additional file 1: Fig. S1 
for a schematic overview of the data analysis process).

Preprocessing involved checking the behavioral and 
acceleration data visually for errors, normalizing, trans-
forming, and labeling the acceleration data with the 
simultaneous behaviors, and splitting the data into a 
training (75%) and testing (25%) subset. To train the clas-
sification models, various algorithms were employed, 
with the acceleration data serving as input variables and 
the behavior as the output variable (Table  2). Model-
testing was conducted with the testing subset to assess 
and compare the different models and their accuracy [8, 

9, 41]. Data analysis was conducted with the R program-
ming language [42] and using RStudio [43].

Normalizing and transforming the acceleration data
As the tightness of a collar can significantly affect the 
acceleration data, and the individuals wore different col-
lar types, we tested whether inter-individual differences 
in the acceleration data existed [44]. We hypothesized 
that such differences might negatively affect the models’ 
ability to classify behaviors across all individuals [45]. 
Because we detected significant inter-individual dif-
ferences (Kruskal–Wallis χ2 = 7745.7, df = 3, p < 0.001 
for x-acceleration and χ2 = 4979.8, df = 3, p < 0.001 for 
y-acceleration), we separately applied scale-transforma-
tion to each individual and axis, thereby reducing these 
inter-individual differences [45].

Additionally, we applied minmax-normalization, which 
retains the original distribution of the values but projects 
them onto a 0–1 scale, improving the speed at which mod-
els can be trained. We also applied log-transformation to 
test whether this might have a positive effect on the mod-
els’ accuracy (see Additional file  2: Table  S1 for a detailed 
description of the normalization methods and Additional 
file 3: Fig. S2 for a visualization of their effects).

Similarly, we generated derived acceleration values, 
including the sum ( accx + accy ), difference ( accx − accy ) 
and ratio ( accxaccy

 ) of both axes. Having access to the vari-
ously transformed and derived acceleration values 
allowed us to compare their efficacy in generating accu-
rate classification models.

Combining acceleration and behavioral data
The challenge in linking behavioral and acceleration data is 
that the acceleration intervals always last 5 min (12:00–12:05, 
12:05–12:10, …), but behaviors of red deer are not consist-
ent with these intervals. As a solution, two types of labeled 
acceleration intervals were generated: pure and mixed inter-
vals (Fig.  1). During a pure interval, the animal engages 
continuously in a single behavior. During a mixed interval, 
the animal may engage in multiple behaviors, but, more 

Table 2  Formulae used to train the behavioral classification 
models

behavior ∼ xminmax + yminmax

behavior ∼ xscale + yscale

behavior ∼ xlog + ylog

behavior ∼ xminmax

behavior ∼ yminmax

behavior ∼ sum(x , y)minmax

behavior ∼ diff (x , y)minmax

behavior ∼ ratio(x , y)minmax

behavior ∼ xminmax + yminmax + ratio(x , y)minmax

Fig. 1  Time-dependent linkage of acceleration intervals (constant time interval of 5 min) and behavioral data (variable duration). Every pure 
acceleration interval starts and ends within the same continuous behavior. Mixed acceleration intervals include all intervals during which a single 
behavior was engaged in for at least half the duration (> 2.5 min) and hence also include all pure intervals
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importantly, engages in one behavior for at least have the 
acceleration interval (> 2.5 min). As such, by this definition, 
mixed intervals also include pure intervals.

Acceleration data from wild animals will always include 
mixed intervals, especially when intervals are as long as 
5  min. For the rare and short behaviors, standing and 
walking, the number of mixed intervals was significantly 
higher than the number of pure intervals (Table 4). Using 
mixed intervals allowed us to include these behaviors and 
generate multiclass models. Additionally, by training and 
testing models with pure intervals, for behaviors that are 
likely to include a high proportion of mixed intervals, 
we risk generating artificial and inflated estimates of the 
models’ accuracies [9, 46]. For these reasons, we decided 
to use mixed intervals to train and test all our models. 
Due to the rarity of fighting, we were able to generate 
only two mixed intervals for this behavior and did not 
include this behavior in our subsequent analysis.

Train–test split
To train and test the classification models, we split the 
data into mutually exclusive datasets: 75% of the labeled 
intervals were used for training, and 25% for testing the 
models [41]. This was done separately for each behavior, 
ensuring that they roughly reflected the proportion of 
behaviors in the overall dataset.

Model‑training
The models were trained using the labeled training 
intervals and a supervised learning approach [41]. 
For every interval, the model was provided with the 
acceleration values and the corresponding behavior. 
By providing the model with a large dataset of labeled 
intervals, it “learns” to predict which behavior an ani-
mal engaged in based purely on acceleration values. 
Behavior always served as the output variable, whereas 
the input variables consisted of different combinations 

of the acceleration values and their derivatives 
(Table 2).

In our initial analysis, we found that models trained 
with minmax-normalized acceleration values classified 
behaviors more accurately than the models trained with 
log- or scale-transformed data. Therefore, all subse-
quent models were based on minmax-normalized data 
(Table 2).

For each of the mentioned formulae (Table  2), we 
trained models with various ML algorithms. Similarly 
to using different combinations of input variables, the 
purpose of using different algorithms was to find out 
which ones generated the most accurate classification 
models. The used algorithms, relevant literature and 
employed R packages are described in Table 3. Some of 
the algorithms allow the use of class weights to mitigate 
the sample size imbalance between the different classes 
(i.e., behaviors). In our preliminary analyses, we found 
that using custom weights did not improve the models’ 
accuracy, which is why we decided against employing 
them.

Model‑testing
After training the models, their accuracy was evaluated 
using the testing subset (25%) [9, 41]. Each model was 
used to predict the behavior of the testing intervals based 
on the acceleration values. The predicted behavior of 
each interval was then compared to the actual observed 
behavior of that interval (Additional file 1: Fig. S1) and a 
confusion matrix was generated.

To efficiently compare the different models, however, it 
is useful to have a single descriptive value. Previous stud-
ies have frequently used the correct classification rate 
(CCR), also known as overall accuracy [2, 9–11, 32]:

Correct classification rate

=

Number of correctly classified intervals

Total number of intervals

Table 3  Algorithms used to train the classification models, respective literature and employed R packages

Algorithm and useful literature Employed R packages

K-nearest neighbor (KNN) [47] “Caret” [27]

Multinomial logistic regression [41, 48] “nnet” [31]

Support vector machines (SVM): linear, polynomial, radial or sigmoidal [32, 41, 49] “e1071” [29]

Discriminant analysis: linear (LDA) and flexible (FDA) [32, 41, 50] LDA: “MASS” [31];
FDA: “mda” [25]

Artificial neural network (ANN) [32, 51] “neuralnet” [24]

Naïve Bayes [52, 53] “e1071” [29]

Gaussian process [54] “kernlab” [26, 55]

Classification and regression tree (CART; simple and pruned) [41] “tree” [30]

Ensemble decision tree models: Boosted regression trees (BRT; simple and tuned) and random forest (RF) [56] BRT: “xgboost” [23];
RF: “randomForest” [28]
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Unfortunately, CCR does not consider a dataset’s 
imbalance. In our case, the most frequently labeled 
intervals were either of type lying or feeding (Table  4). 
A model that is capable of accurately classifying these 
two behaviors might therefore receive a high CCR, even 
though it poorly classifies rare behaviors (Fig. 5).

Recent studies [7, 8] have included precision (i.e., posi-
tive predictive value) and sensitivity (i.e., recall or true 
positive rate), which are calculated for each behavior sep-
arately and provide a fuller picture for imbalanced data-
sets [57]:

As some of our models predicted 0 intervals for some 
behaviors (0 false positives and 0 true positives), precision 
would divide by 0 and could therefore not be used. Speci-
ficity proved to be a useful alternative to precision [57]:

Whereas sensitivity measures a model’s ability to detect 
a positive case, specificity measures a model’s ability 
to detect a negative case. For the behavior of running, 
sensitivity evaluates a model’s ability to detect running 
intervals, whereas specificity would evaluate the model’s 
ability to classify that interval as not running (i.e., any 
other behavior such as feeding). A model can receive a 
high sensitivity or a high specificity for running by either 
classifying all intervals as running or 0 intervals as run-
ning, respectively. Balanced accuracy counteracts this 
possibility by calculating the mean of sensitivity and 
specificity for each behavior [57, 58]:

After evaluating balanced accuracy for each model 
and behavior, the unweighted mean of all these balanced 
accuracies per model was calculated. We termed this 
average the macro-balanced accuracy (MBA). Because 
the balanced accuracy for each behavior is weighted 
equally in this metric, a model can only receive a high 
MBA if it can predict each behavior sufficiently well, 
regardless of how rare or frequent it is (Fig. 5). The MBA 
allowed us to compare the different models with each 
other and draw conclusions about which combinations 

Precision =
True positives

False positives + True positives

Sensitivity =
True positives

True positives + False negatives

Specificity =
True negatives

True negatives + False positives

Balanced accuracy =
sensitivity+ specificity

2

of input variables and ML algorithms generate the most 
accurate models.

Results
Behavioral observations
We were able to observe the four collared red deer on 35 
out of the 57 field days, resulting in a behavioral data set 
of 160 h. However, the frequency at which we observed 
individuals and behaviors was strongly imbalanced 
(Fig. 2). While we frequently observed the animals lying 
or feeding, we rarely observed them running, walking, or 
standing. Further, we were rarely able to observe individ-
ual 783.

Additionally, some behaviors occurred for a much 
shorter duration than others. While the animals lay 
down, on average, for 34.77 min at a time, they walked, 
on average, for only 1.16  min at a time (Table  4). As a 
result, there were little to no pure intervals for the short 
duration behaviors walk, stand, and run (Table 4). Includ-
ing mixed intervals provided a significant increase in the 
number of intervals for these behaviors and allowed us 
to generate a multiclass model, which would have been 
impossible with pure intervals only.

Model performance
In total, we generated 144 classification models (16 algo-
rithms * 9 formulae). The performance of each model is 
listed in Additional file  4: Table  S2. The most accurate 
model had an MBA of 81%, and balanced accuracies of 
90% (lie), 57% (stand), 88% (feed), 71% (walk), and 100% 
(run). The model was trained using linear discriminant 
analysis. The models trained with flexible discriminant 
analysis performed almost always equally well as the 

Table 4  Number of observations, durations, and number of 
mixed/pure intervals per behaviors

The number (N) of observational instances per behavior with their mean, 
median, minimum, and maximum duration in minutes (min), and the respective 
number (N) of pure and mixed intervals. Pure intervals are defined as intervals 
during which the animal engaged in only one behavior. Mixed intervals are 
defined as intervals during which a single behavior was engaged in for at least 
half the duration (> 2.5 min), and hence also include pure intervals.

Behavior Lying Standing Feeding Walking Running

Observations (N) 142 148 312 156 18

Mean (min) 34.77 1.49 14.11 1.16 2.39

Median (min) 23.51 0.66 7.19 0.54 1.42

Minimum (min) 0.03 0.03 0.03 0.03 0.18

Maximum (min) 211.18 20.12 119.70 11.67 10.43

Pure intervals (N) 752 5 601 2 4

Mixed intervals (N) 884 25 771 26 5
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linear model. The model was trained using the following 
formula:

The model generated the confusion matrix detailed in 
Table 5.

There were significant differences in the perfor-
mance of the models according to the input vari-
ables used to train them (Kruskal–Wallis χ2 = 79.855, 
df = 8, p < 0.001; Fig.  3). The six models with the high-
est MBA were all trained using either the input 
variables xminmax + yminmax + ratio(x,  y)minmax or 
xminmax + yminmax. These two groups of models also 
had a higher median MBA than all other formula 

behavior ∼ xminmax + yminmax + ratio(x, y)minmax

groups. The models trained with the input variables 
diff(x,  y)minmax and ratio(x,  y)minmax, on their own, had 
the lowest median accuracies. However, when com-
bined with xminmax + yminmax, using ratio(x,  y)minmax gen-
erally improved the MBA. The models trained only with 
xminmax, yminmax, or sum(x,  y)minmax were intermediate 
with regard to their median classification accuracy. In 
terms of normalization methods, the minmax-normal-
ized models seem to outperform, on average, the scale-
normalized and log-transformed models.

The type of algorithm also had a significant impact 
on the models’ MBA (Kruskal–Wallis χ2 = 21.043, 
df = 8, p = 0.007; Fig.  4). The models with the highest 
median MBA were trained using the Gaussian process 

Fig. 2  Duration of observed behaviors per individual (females 761 and 762, males 779 and 783)

Table 5  Confusion matrix for the most accurate classification model

Confusion matrix of the model with the highest macro-balanced accuracy (MBA). The model was trained using discriminant analysis and the input variables 
xminmax + yminmax + ratio(x, y)minmax

Observations

Lying Standing Feeding Walking Running

Prediction Lying 204 1 22 1 0

Standing 0 1 0 0 0

Feeding 16 4 166 2 0

Walking 1 0 5 3 0

Running 0 1 0 1 2
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algorithm. However, the 11 models with the highest 
MBA were all trained using discriminant analysis or 
ensemble decision tree algorithms (Additional file  4: 
Table S2). Interestingly, discriminant analysis generated 
the models with the highest and some of the lowest 
MBA. The models with the lowest median MBA were 
trained using KNN, ANN, SVM, and CART. In general, 
there was no algorithm that always outperformed all 
others. However, discriminant analysis and ensemble 
decision tree models generated the most accurate mod-
els when combined with the right set of input variables 
and performed relatively similar at their upper end.

Figure 5 visualizes the benefits of using the MBA as a 
metric. Each point represents a model. While the verti-
cal axis denotes that model’s MBA and CCR, respectively, 
the horizontal axis denotes its balanced accuracy for the 
behavior running. Running serves as an example for any 
of the rare behaviors, including standing and walking. 
Plot a demonstrates that a model’s ability to accurately 
classify running has as significant effect on its MBA 
(R = 0.7). If the model is unable to accurately predict 

running, it will not receive a high MBA. Plot b demon-
strates that a model’s ability to accurately classify running 
has little effect on the CCR (R = 0.24). The model can still 
have a high CCR even though it predicts the rare behav-
ior poorly. The MBA therefore provides a more balanced 
perspective on a model’s ability to classify all behaviors, 
regardless of how frequent or rare they are.

Discussion
Generalizability of the models
There have been a number of studies that have generated 
multiclass classification models for cervids in captivity 
[2, 8–11] or binary models for wild cervids [18, 59–63]. 
However, so far there have been fewer studies to have 
generated multiclass models for wild cervids [7] and, to 
our knowledge, no such studies for wild cervids living in 
an alpine environment or using low-resolution (5-min) 
acceleration values.

The most obvious reason for a lack of models trained 
with wild cervids is the significant increase in the effort 

Fig. 3  Boxplot visualizing each model’s macro-balanced accuracy (MBA) (Additional file 4: Table S2). Each model (point) was trained with a different 
combination of input variables and algorithm. In this figure, the models are vertically grouped by the combination of input variables that was used 
to train them
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it takes to collect sufficient behavioral data. For the 160 h 
of behaviors we observed, we spent roughly 570 h in the 
field. Collecting this amount of behavioral data would, 
most likely, be much more time-efficient with captive 
animals. However, this raises the question whether a 
model trained on captive red deer would be generaliz-
able to wild animals [8, 17, 33, 64]. Red deer in captiv-
ity might show different behaviors than wild red deer or 
move differently, depending on the landscape they live in. 
Although observing captive animals might be much more 
time-efficient than observing wild animals, we argue that 
it is worthwhile collecting observational data from wild 
animals, even if only used for testing the models.

Spreading the fieldwork phase over a longer period 
might allow for models that are generalizable to differ-
ent seasons and might also provide observational data 
of additional individuals and behaviors. Most of the red 
deer in the SNP move from their alpine summer habitats 
to their winter habitats at lower elevations around Octo-
ber and November [4, 65]. Due to differences in their 
habitat and possibly in their behavior, the animals might 

move differently in the winter than in the summer. Addi-
tionally, as red deer undergo seasonal changes in their 
body weight, it would be valuable to test whether the 
“summer models” are still generalizable to red deer in the 
winter [44, 66].

Data imbalance
Similarly to previous studies, we were able to observe the 
behaviors lying and feeding much more frequently and 
over longer durations than other behaviors such as run-
ning, fighting, standing, and walking (Fig. 2; [2, 7–9, 11]). 
Additionally, some behaviors tend to occur for less than 
the duration of the 5-min acceleration intervals (Table 4). 
For these behaviors, we only had access to a very small 
number of pure intervals and would have been unable 
to generate a multiclass model (Table  4). While having 
access to shorter acceleration intervals (e.g., 1 min dura-
tion) or even the acceleration data in its raw state (i.e., 
high resolution) would be ideal, this is not always pos-
sible. This might be due to working with older data, or, 
as in our case, due to memory storage constrains and the 

Fig. 4  Boxplot visualizing each model’s macro-balanced accuracy (MBA) (Additional file 4: Table S2). Each model (point) was trained with a different 
combination of input variables and algorithm. In this figure, the models are vertically grouped by the category of algorithm that was used to train 
them
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long employment period of the GPS collars (> 2  years). 
We were able to mitigate this issue by using mixed inter-
vals, which allowed us to label significantly more inter-
vals for the rare and short behaviors than if we had relied 
only on pure intervals. Nevertheless, we suggest that 
authors of future behavioral classification studies care-
fully consider which type of acceleration data fits their 
research goals, yet still complies with the technical con-
strains imposed by the storage capacity and employment 
duration of the GPS collars.

Of the studies which generated multiclass classifica-
tion models for cervids with low-resolution acceleration 
data, only Gaylord & Sanchez [9] used mixed intervals. 
Loettker et al. [2], Heurich et al. [10] and Naylor & Kie 
[11] worked exclusively with pure intervals. The viabil-
ity of using mixed intervals can be evaluated from dif-
ferent angles. On the one hand, every classified mixed 
interval is, per definition, also misclassified. To allevi-
ate this issue, we only labeled mixed intervals where 
the animal engaged in one behavior for at least half of 
that interval’s duration. On the other hand, Gaylord & 
Sanchez [9] argue that “datasets from free-ranging ani-
mals inherently include mixed intervals… reliance on 
pure-interval models to classify behaviors of free-rang-
ing animals should be avoided” (p. 64). They argue that 
relying on pure intervals models can lead to an inflated 
sense of behavior classification accuracy.

Another issue stemming from the behavioral imbal-
ance pertains to the evaluation of the models’ accu-
racy. Previous studies have primarily used the CCR 

which evaluates a model’s overall accuracy at classify-
ing behaviors [2, 9–11]. However, when faced with a 
strong data imbalance, as in our case, the CCR can pro-
vide an inflated sense of a model’s accuracy because it 
is strongly biased towards the behaviors that are most 
commonly represented in the dataset (Fig.  5). More 
recent studies have used alternatives to the CCR when 
evaluating the performance of behavioral classification 
models. Kröschel et  al. [7] used CCR, sensitivity and 
the positive predictive value for their roe deer models. 
Kirchner et  al. [8] used recall and precision for their 
moose models.

In our case, we decided to use the MBA. The MBA 
is the mean of each behavior’s balanced accuracy and 
thereby weighs a model’s ability to classify each behav-
ior equally, regardless of how rarely or frequently it has 
been observed. As such, the MBA avoids the CCR’s bias 
towards the more commonly represented behaviors. 
However, the MBA is not without its own limitations. 
When working with very small classes, such as run-
ning or walking, a small number of misclassifications in 
these behaviors can have an inflated effect on the final 
MBA. Whichever metric one might use, we suggest 
that authors of future behavioral classification models 
try out various metrics to test which ones fit their data-
set situation and research questions [57].

Fig. 5  Scatterplots visualizing the correlation between each models’ balanced accuracy for running and its a macro-balanced accuracy (MBA), 
as well as its b correct classification rate (CCR). Each point denotes one model. Running correlates much stronger with MBA than it does with CCR, 
illustrated by the regression line (blue; 95% confidence interval), Pearson correlation coefficient (R) and respective p value
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Model performance
By using 16 different ML algorithms, as well as 9 differ-
ent combinations of input variables, we were able to train 
and test 144 different models. This allowed us to draw 
conclusions about what generates accurate models with 
respect to the used input variables, normalization meth-
ods and algorithms.

While there was no combination of input vari-
ables that always outperformed all other input 
variable combinations, using xminmax + yminmax or 
xminmax + yminmax + ratio(x,  y)minmax generally generated 
the most accurate models (Fig.  3). Interestingly, models 
trained with only ratio(x,  y)minmax as an input variable 
had the lowest median MBA. However, when combined 
with xminmax + yminmax, using ratio(x,  y)minmax generally 
improved the MBA. Visually, the behaviors running and 
walking appear to have a higher x-to-y acceleration ratio, 
which might explain why using ratio as an additional 
input variable improves these models (Additional file  3: 
Fig. S2).

As there were significant differences in the accelera-
tion values from the four individuals, we expected that 
decreasing these inter-individual differences might 
improve the models’ ability to classify the behavior of 
all individuals. We were surprised that the models using 
minmax-normalized acceleration data (thereby retain-
ing inter-individual differences) had, on average, a higher 
MBA than models trained with scale-normalized acceler-
ation data (Fig. 3). Retaining inter-individual differences 
and the original distribution of acceleration values seems 
to be vital to generating accurate classification models.

Similar to the combination of input variables, there 
was no type of algorithm that outperformed all other 
algorithms for every model (Fig.  4). However, the best-
performing models were all trained with discriminant 
analysis or ensemble decision tree algorithms. In their 
classification models for griffon vultures, Nathan et  al. 
[32] found that RF outperformed SVM which outper-
formed discriminant analysis. While we were also able 
to generate accurate models with RF, we found that dis-
criminant analysis had the highest and SVM the lowest 
median MBA. Similar to Nathan et al. [32], Ladds et al. 
[33] also found that SVM generally performed well for 
classifying the behaviors of fur seals and sea lions. Simi-
lar to our study, Ladds et al. [33] were also able to gener-
ate accurate models with RF and BRT. The differences in 
these studies’ findings should underline the importance 
of trying out and comparing various algorithms for each 
new dataset and classification process.

Regarding the differences within algorithm groups, we 
did not find that pruning CART or tuning BRT resulted in 
a significant improvement in their accuracy. In fact, tun-
ing and pruning seemed to have had a slightly negative 

effect on the models’ MBA (Fig.  4). Similarly, whether 
we used flexible or linear discriminant analysis seemed 
to have had little to no effect on the models’ MBA. How-
ever, it is possible that for other datasets, these variations 
improve the models’ accuracy and should therefore not 
be dismissed [41].

The variation of the MBA was much greater within the 
algorithm groups (Fig. 4) than within the input variable 
groups (Fig. 3). This wider variation might be caused by 
the specific algorithms within each algorithm group per-
forming very differently, or by the strong effect of the 
used input variables. Whichever the case, the different 
combinations of input variables should be tested just as 
rigorously as the algorithms, when deciding on which 
ones to use.

While we purposefully did not use the CCR to deter-
mine the best model, it still provides an interesting point 
of comparison in relation to previous similar studies. In 
contrast to the model with the highest MBA, the model 
with the highest CCR, was trained using xscale + yscale in 
combination with multinomial logistic regression (Addi-
tional file 4: Table S2). The model had a low MBA of 68%, 
but a high CCR of 90%, comparable to the results of pre-
vious studies that used low-resolution acceleration data 
to generate multiclass behavioral models for cervids [2, 
9–11].

Conclusion
In conclusion, this study found that while it is possible 
to train classification models based on the behavior of 
wild red deer, one is faced with a relatively small dataset, 
especially for rare or short-lived behaviors, such as stand-
ing, walking, running, and fighting. We suggest the use 
of mixed intervals to deal with this difficulty and argue 
that mixed intervals provide a more realistic depiction of 
a model’s accuracy. Finally, we recommended the use of 
alternative metrics in addition to the CCR when evalu-
ating the accuracy of behavioral classification models. 
While we decided to use MBA, there are other metrics 
that could be used in this scenario [57].

The behavioral classification models for wild red 
deer living in an alpine environment, generated as part 
of this study, have various potential applications. For 
example, such a model could be used to generate activ-
ity budgets for unobserved but collared wild red deer 
and analyze how human activity, seasonality, weather, 
or climatic changes affect their behavior. Specifically, 
we could evaluate how a red deer’s daily activity budget 
changes during the hunting season or during unusu-
ally warm or cold periods. In a future project, it would 
be interesting to generate a web-based user interface 
to allow people to easily generate behavior sequences 
based on acceleration data, without expertise in R. For 
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now, anyone familiar with programming in R and work-
ing with acceleration data, can use the attached R-script 
and model to turn their acceleration data into a timed 
behavioral sequence, provided the acceleration data 
ranges between 0–255, is averaged over 5-min intervals 
and includes x- and y-acceleration values (Additional 
file 5: Script S1). Finally, we hope that our comparative 
analysis of using different ML algorithms and input var-
iables to generate classification models, our approach 
to labeling mixed intervals, and the suggested usage of 
the MBA as an alternative to the CCR can prove useful 
for future studies working with wild cervids and accel-
eration data.
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