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Abstract 21 

Traditional VHF radio-tracking is gradually being replaced by GPS tracking 22 

devices in spatial ecology studies, although both technologies are currently in 23 

use. Differences between tracking regimes may report inconsistent home range 24 

estimates that make it difficult to establish direct comparisons between studies. 25 

Our primary aim was to test the reliability of comparisons in fixed kernel home 26 

ranges estimates of wild boar (Sus scrofa) using different approaches and also, 27 

provide an empirical basis for linking VHS and GPS tracking data. Moreover, to 28 

broadening the applicability of the results we have compared the kernel 29 

estimates with those of a third generation method, a dynamic brownian bridge 30 

model (dBBMM). Using GPS tracking data from wild boar, we simulated 31 

different tracking regimes (approaches) to compare the home range estimates. 32 

Data were obtained from 15 GPS-collared individuals from three areas in 33 

Mediterranean Spain. Results suggested that MCP produces the greatest 34 

differences in home ranges between approaches, while 95% kernel home range 35 

(Khr95) was the least biased parameter, both in size and utilization distribution 36 

overlap. From 50% kernel core range, similar estimates were also obtained 37 

across the less intensive approaches (typical of VHF tracking regimes). Using 38 

the most intensive sampling scheme, the Khr95 estimates did not differ 39 

significantly from those obtained with dBBMM. The home range estimates 40 

standardization is important due to the impact that spatial use knowledge has 41 

on management or conservation of species. In this sense, the proposed 42 

methodological approach allows comparison between studies that use different 43 

approaches to estimate home ranges. 44 
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 47 

 48 

1. Introduction 49 

The concept ‘home range’ in ecology has evolved from simple definitions such 50 

as ‘area crossed by individuals in their normal activities of feeding, reproduction 51 

and care of the offspring’ (Burt 1943) to more elaborate definitions such as ‘area 52 

with a defined probability of occurrence of an animal during a specified period of 53 

time’ (Kernohan et al. 2001). Whatever definition is used, the size and patterns 54 

of home ranges are a consequence of resource availability, biology of a specie 55 

as behaviour, physiology and population density and individual factors as body 56 

weight and sex (Rühmann et al., 2019). Human activities, hunting and tourism 57 

for example, would also affect the spatial patterns of a species (Keuling et al. 58 

2008b). In addition, animals can react individually to these factors (Brown et al. 59 

2012). Thus, study of spatial use through home ranges is a key factor in animal 60 

ecology to implement conservation and management strategies (Millspaugh and 61 

Marzluff 2001; Spencer 2012). 62 

One of the older, simple and used home range estimators is the minimum 63 

convex polygon (MCP), which delimits the smallest polygon around locations 64 

with all interior angles less than 180 degrees (Millspaugh and Marzluff 2001). 65 

The main drawbacks of MCP estimates are that usually incorporates large 66 

areas in which the animal has not been or visits infrequently, are strongly 67 
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dependent to number of relocations and the lack of identification of multiple 68 

centers of activity/utilization (Borger et al., 2006). 69 

To avoid such limitations, alternative methods are used, mainly methods  based 70 

on quantification of utilization distributions (UDs), which allow the evaluation of 71 

size and intensity use of different areas within home range (Worton 1989; 72 

Kranstauber et al., 2012). 73 

The first or second-generation home range methods as kernel density 74 

estimators (KDE), although not account the temporal or spatial correlation of the 75 

data, are frequently used in GPS telemetry (Walter et al., 2011).  As 76 

generalization of MCP, nearest-neighbour-based polygon techniques has 77 

developed (e.g. Local Convex Hulls or cluster-based polygons), which have 78 

highlighted for investigating relationships between range size and other 79 

ecological factors (Kenward et al 2001, 2018).  Third-generation methods were 80 

developed for incorporate in estimates, time, space, animal-specific parameters 81 

or habitat (Walter et al., 2015). As alternatives or extensions to KDE, appeared 82 

movement-based KDE methods, such as Brownian bridge (BBMM) and biased 83 

random walk models (Horne et al., 2007; Benhamou, S. 2011), autocorrelated 84 

KDE (AKDE) that account highly autocorrelated movement locations (Fleming 85 

et al., 2015) or time KDE for irregular sampling intervals (Katajisto and Moilanen 86 

2006). As evolution of BBMM, appeared dynamic Brownian bridge movement 87 

(dBBMM) that incorporate temporal and behavioral characteristics of movement 88 

(Kranstauber et al. 2012).  89 

Despite a large number of available methods to delimit home ranges  (Walter et 90 

al., 2015), most studies still use MCP as a generic approximation of spatial 91 
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delimitation and, specially, KDE as a measure of the intensity of space use, also 92 

with GPS telemetry technology (Gula and Theuerkauf 2013; Schuler et al, 2014;  93 

Vieira et al., 2019). 94 

The spread use of GPS telemetry in the last decade, which allows a number of 95 

animal relocations far superior to those obtained with traditional VHF tracking 96 

devices, has highlighted the constraints of traditional methods for home range 97 

estimation (Hemson et al. 2005; Kie et al. 2010). 98 

The main differences between GPS and VHF monitoring are related to study 99 

design and sampling intensity. GPS devices are quite expensive in relation to 100 

VHF devices (approx. one GPS for every 10 VHF devices). This implies that the 101 

number of individuals that can be monitored for a research project is lower than 102 

that in traditional studies using VHF devices (Fieberg and Börger 2012). The 103 

higher fix rate also results in a limitation of the study period due to the lifespan 104 

of the batteries (Hebblewhite and Haydon 2010; Fieberg and Börger 2012). The 105 

number, sampling scheme or regime (i.e., the ability to perform daytime, night 106 

or continuous monitoring schemes) and precision of the locations is notably 107 

increased with GPS devices (Baubet et al. 2004; Barber-Meyer and Mech 2014; 108 

Schuler et al. 2014). Thus, today, GPS devices are gradually replacing VHF for 109 

wildlife monitoring (Cagnacci et al. 2010; Thomas et al. 2011; Barasona et al. 110 

2014a). Nonetheless, VHF tracking is still in use (Keuling et al. 2008a; Saïd et 111 

al. 2012; Merli et al. 2017), mainly due to budget and battery weight limit the 112 

number of locations that can be acquired and therefore, lifespan (Thomas et al., 113 

2011; Mitchell et al., 2019). Also, due VHF tags can be very light it nevertheless 114 

remains the only remote sensing tool available to track small species and cost-115 

effective alternative to GPS (Ponchon et al. 2013). 116 
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Sampling intensity in general and all of these factors in particular can notably 117 

affect home range estimates (Seaman et al. 1999; Girard et al. 2002; Börger et 118 

al. 2006; Kie et al. 2010; Walter et al. 2011; Downs et al. 2012; Gula and 119 

Theuerkauf 2013; Mitchell et al., 2019). However, the number of studies 120 

comparing the results from VHF and GPS tracking devices –and therefore 121 

variations in sampling intensity– is low (see Pellerin, Saïd & Gaillard, 2008; 122 

Kochanny, Delgiudice & Fieberg, 2009). This is true even though inter-group 123 

networks for sharing data on wildlife (e.g., http://euroboar.org/) promote the use 124 

of different data sources and carry out meta-analyses to advance knowledge in 125 

species ecology.  126 

In this context, the main aim of the study was to assess variations in size and 127 

UD similarity in home range estimates in relation to: i) Sampling scheme, 128 

namely daytime vs. continuous monitoring,  ii) fix frequency, from one relocation 129 

per day during three days in a week (VHF simulation) to daily monitoring of 24 130 

relocations per day (GPS simulation) , and iii) traditional (KDE) vs. third-131 

generation home range methods (dBBMM). The final goal of this study is to 132 

establish a scientific basis that allows direct comparison of home range 133 

estimates obtained from different tracking approaches and different methods. 134 

 135 

2. Materials and methods 136 

2.1. Study areas 137 

Fifteen wild boars were monitored in three study areas in Mediterranean Spain, 138 

five individuals per area (Fig. 1). Sant Llorenç del Munt i l'Obac Natural Park 139 

(SNP), located in the northeast of the Iberian Peninsula (41°39′ to 41°42′ N, 140 
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1°53′ to 2°09′ W), is characterized by Mediterranean holm oak forest. Patches 141 

of mixed pinewood and a mixture of rocky cliffs with scarce vegetation are 142 

present (Pintó and Panareda 1995). Montes de Toledo (MT), in the region of 143 

Castilla-La Mancha, south-central Spain (39°25′ to 39°16′ N, 4°05′ to 4°23′ W), 144 

is characterized by evergreen oak (Quercus ilex), scrublands with scattered 145 

pastures and small crops, forming dehesas (savannah-like habitats). Finally, 146 

Doñana National Park (DNP) is a protected area on the Atlantic coast of 147 

southern Spain (37°0′ N, 6°30′ W). DNP presents a north–south humid ecotone 148 

between the elevated Mediterranean shrublands and the low marshlands, which 149 

highly affect the distribution and abundance of wild ungulates (Barasona et al. 150 

2014b). 151 

Figure1. 152 

2.2. Capture and GPS-GSM monitoring 153 

The field work was carried out between 2009 and 2015. Animals were captured 154 

with portable cage traps, approx. 3x1.5m (for further details see  Barasona et 155 

al., 2013; Barasona et al., 2016; Casas-Díaz et al., 2013). Traps were baited 156 

with corn every 2-4 days both inside and outside the trap and monitored with 157 

camera traps (Model IR-3BU, Leaf River Outdoor, Taylorsville, Mississippi, 158 

USA) to determine the time of activation. Once activated, each trap was check 159 

daily, early in the morning. 160 

When a wild boar was captured, we proceeded to sedate it following Animal 161 

Experimentation legislation and procedures approved by the Animal Experiment 162 

Committee of Castilla-La Mancha University and Departament d’Agricultura, 163 

Ramaderia, Pesca, Alimentacio i Medi Natural - Generalitat de Catalunya, for 164 
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MT/DNP and SNP, respectively. The anaesthesia was injected intramuscularly 165 

in the femoral region with 5 ml anaesthetic darts (Telinject®, Römerberg, 166 

Germany) using a 14 mm diameter blowpipe (Telinject®, Römerberg, Germany) 167 

after visually estimating the weight of each animal in the trap (see protocol in 168 

Barasona et al., 2013; Casas-Díaz et al., 2011). After sedation, wild boar was 169 

removed from the traps and blindfolded.  170 

We fitted GPS-GSM collars to adult wild boar monitored in MT and DNP (five 171 

adult wild boars from MT and five from DNP; Microsensory, Spain) and SNP 172 

(five adult wild boars; LOTEK GPS 3300S, Lotek Wireless, Ontario, Canada). 173 

Post-release monitoring was programmed to acquire 24 GPS locations per day 174 

in MT and DPN, while in SPN the collars were programmed to obtain twelve 175 

locations per day. 176 

2.3. Daily patterns of activity 177 

Taking into account the seasonal and daily activity patterns of wild boar 178 

provided by Keuling et al. (2008a), Tolon et al. (2009) and Carrasco-Garcia et 179 

al. (2016), the daily periods considered were (solar hour): daytime hours 180 

between 08:00 and 18:00 and night hours between 22:00 to 04:00. These time 181 

frames defined the ‘dawn’, ‘day’, ‘dusk’ and ‘night’ periods, which were first used 182 

to determine the daily patterns of wild boar activity. Mean hourly rate of 183 

movement i.e. the Euclidean distance between each consecutive fix divided by 184 

the time elapsed between them (i.e. speed; m/h) was estimated as a measure 185 

of the daily activity pattern of the animals, using data from GPS tracking 186 

(Cutrera et al. 2006). To estimate both the distance and the time elapsed 187 
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between consecutive fixes we used the adehabitatLT R package (Calenge et 188 

al., 2009).  189 

 190 

2.4. Tracking approaches: sampling schemes  and fix frequency 191 

Individual relocations used in the analyses were obtained from GPS-GSM 192 

collars. A sub-sampling of the total relocations was randomly done to obtain five 193 

sets of data (hereafter approaches) for each animal, four of them simulating 194 

data usually obtained with VHF monitoring regimes for ungulates (Boitani et al. 195 

1994; Keuling et al. 2008a; Pellerin et al. 2008), carnivores and meso-rodents 196 

(Stanley et al. 2007; Penteriani et al. 2013) ,birds (Dinkins et al. 2017) and 197 

amphibians and reptiles (Harless et al. 2010). In this section, to cover the wild 198 

boar greater activity periods at night hours, we include the exclusively nocturnal 199 

fixes (22:00 to 04:00 h) and also the dusk (04:00- 08:00) and dawn (18;00- 200 

22:00) locations. : D1) day, low intensity: one relocation in the daytime three 201 

days per week; D2) day, medium intensity: seven relocations, once a day, 202 

during daytime; C1) continuous, low intensity: one relocation in the daytime and 203 

three at night, one day per week; C2) continuous, medium intensity: three fixes 204 

per night, three nights per week and one fix in the daytime three days per week; 205 

and C3) considering all available relocations. Finally, and in order to avoid the 206 

effects of the autocorrelation in home range estimations that could be derived 207 

from replication of points during the daytime (when the wild boar is mainly 208 

resting), we generated a new data set (C4) with all fixes of at night, dawn and 209 

dusk, and only 1 every day for the daytime. 210 

 211 
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2.5. Home ranges 212 

MCP and kernel UD were used to estimate individual home ranges (Keuling et 213 

al. 2008a; Laver and Kelly 2008; Scillitani et al. 2010).  214 

We defined KDE UD contours (isopleths) at kernel 50% for the core range 215 

(Kcr50) and at kernel 95% as a home range estimate (Khr95), since they are 216 

the most frequent methods in old studies and also in current ones (Gula and 217 

Theuerkauf 2013; Schuler et al, 2014; Mitchell et al., 2019) and therefore, useful 218 

in the comparison between studies We also estimated UDs using a third-219 

generation estimator, the dynamic Brownian Bridge Movement Model 220 

(Kranstauber et al. 2012, dBBMM) with C3 data, in order to assess the UDs 221 

estimates similarity across different generation methods, especially relevant in 222 

high fix rate (GPS) studies. dBBMM was selected since it quantifies the use 223 

distribution of an animal based on its movement path rather than individual 224 

points, accounts for temporal autocorrelation, high data volumes and 225 

heterogeneous movement behaviour across all data, and mainly, since it has 226 

been described as the most reliable estimator than KDE (Kranstauber et al. 227 

2012; Walter et al., 2015; Cohen et al., 2018). 228 

We estimated the Khr95 and Kcr50 using the adehabitatHR R package 229 

(Calenge 2006). To calculate the bandwidth or smoothing parameter ‘h’, we 230 

used a fixed value for each approach and study area, same value is used for 231 

Khr95 and Kcr50, since this provides a way to standardise home range 232 

estimates and allows for accurate comparisons between home ranges of 233 

different sizes and numbers of locations (Pellerin et al. 2008; Saïd et al. 2012). 234 

These fixed ‘h’ values were estimated as the median of individual h-values 235 
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obtained with the Likelihood Cross Validation (LCV) method, since this 236 

generally produces a better fit in the estimates and less variability (Horne and 237 

Garton 2006). The ‘h’ parameter was calculated with the spatstat R package 238 

(Baddeley and Turner 2005).  239 

Home ranges estimated from different approaches were compared in size and 240 

UDs overlap. We, also test the UDs size estimates and overlap between 241 

methods (KDE and dBBMM) based on C3 data. For testing the overlap, 242 

methods based on the estimation of UD overlap in three dimensions (3D) were 243 

used because they are recommended over the comparison methods in 2D 244 

(Fieberg and Kochanny 2005). Specifically, the Bhattacharyya Affinity Index 245 

(BA; Bhattacharyya, 1943) was used since it is the most appropriate method to 246 

quantify the degree of similarity between two estimates of UD (Fieberg and 247 

Kochanny, 2005) . BA takes values between zero and one (where one suggests 248 

identical estimates) and considers the internal distribution or density of locations 249 

within the boundaries of the home range (Fieberg and Kochanny 2005). The BA 250 

index was estimated with the adehabitatHR R package (Calenge 2006) and 251 

comparisons of each approach in relation to C3 (reference approach; the most 252 

intensive tracking scheme) were performed, assuming that UD based on C3 253 

approach was closest to the true value (Pellerin et  a l. 2008; Schuler et al, 254 

2014). We therefore estimated KDE UDs overlap for the following dyads: D1-255 

C3, D2-C3, C1-C3,C2-C3 and C4-C3.  256 

. For dBBMM UD estimation we used Move package (Kranstauber et al. 2018), 257 

incorporating the temporal characteristics of the movement paths. We selected 258 

same parameters for all animals; margin of 3 (12 h) to account for potential 259 

diurnal versus nocturnal movement pattern differences, location error of 11 260 
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meters and pixel size equal to kernel UD. To test the similarity between KDE 261 

and dBBMM UDs estimated by C3 samples we also use the BA index. 262 

 263 

2.6. Data analysis  264 

Differences among dawn, day, dusk and night in activity pattern were tested 265 

using a Linear Mixed Effect (LME) Model, including activity index as a response 266 

variable, sex, period and study area as fixed factors, and individual as a random 267 

factor. Activity index was transformed using a log(x+1) through the log1p R 268 

function. With this transformation, variation ranges are reduced and the zeros 269 

that represent inactivity of animals remains a null value (David 2017). Multiple 270 

comparisons were performed to test for differences among the different periods, 271 

using a Tukey post-hoc test with the glht (multcomp) function from R (Hothorn 272 

et al. 2008). 273 

LME models were also used to assess possible differences in home range size 274 

among approaches. Thus, the response variables were MCP, Khr95 and Kcr50 275 

(i.e. three models), with approach, sex, number of fixes and study area as fixed 276 

factors, and individual as a random factor. For test difference between methods 277 

estimates (KDE and dBBMM), another LME with the same variables was used. 278 

Response variables were log-transformed to meet assumptions of normality and 279 

homoscedasticity of residuals. For each response variable, we modelled all 280 

combinations of independent parameters. Due to a relatively small sample size, 281 

no interactions between them were included in our model set. Akaike 282 

information criterion (AIC), with a second-order correction for small sample size 283 

(AICC), was used to rank the models dependent on their fit (Burnham and 284 
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Anderson 2002). Models with the lowest AICC value were considered to be the 285 

best-fit models, and models with ΔAICc< 2 were considered of similar quality to 286 

the most parsimonious model. Pairwise comparisons between approaches were 287 

also carried out using a Tukey post-hoc test to elucidate which approaches 288 

produce significant differences in KDE size estimates between them.  289 

Similarly, and in order to explore the effect of tracking approach, and estimation 290 

methods on the BA overlay index (KDE UD similarity), a set of LME models was 291 

parameterized (Pinheiro et al. 2017) and ranked according to Akaike criterion: 292 

BA index as a response variable and the same fixed and random factors as in 293 

the previously described models was used, with the exception of the number of 294 

fixes which should not be included in the BA index model. Because the BA 295 

index was scored as a proportion, we used a logit transformation for these data 296 

(Warton and Hui 2011) with the logit function (log[p/(1 - p)]) of the car R 297 

package (Fox and Weisberg 2011). As in Fieberg & Kochanny (2005), we infer 298 

a high degree of overlap in home range estimates among approaches with BA 299 

index values>0.60. 300 

Because home range sizes were generally not normally distributed, most results 301 

are reported as medians and interquartile ranges (IQRs). All statistical tests 302 

were performed with the R program (R Core Team 2017), considering 303 

significant differences when p<0.05. 304 

 305 

3. Results 306 

Details of the 15 monitored individuals (six females and nine males) are shown 307 

in Table 1. 308 
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Table1. 309 

The median and interquartile range of the number of locations per animal and 310 

bandwidth h estimated with LCV used after sub-sampling at each tracking 311 

scheme is shown in Table 2.  312 

Table2. 313 

3.1. Activity 314 

There was a significant effect of period and study area on the individual wild 315 

boar activity index (LME model: daily period: F3,34703=1221.5, p<0.0001; area: 316 

F2,11=12.7, p=0.0014; sex: F1,11=4.2, p< 0.063). Despite the differences between 317 

areas, the main activity occurred at night and dusk, while remaining at lower 318 

levels during the daytime hours (Fig. 2). 319 

Figure2. 320 

3.2. Comparison of home ranges  321 

The best-fitting models explaining the variation in home ranges included all 322 

independent factors except number of fixes (Table 3). The largest MCP home 323 

ranges were obtained using the C3 approach (median= 2138.9 Ha, IQR= 952 - 324 

3775.7), followed by those obtained with C1 and C2. In addition, the effect of 325 

approach on MCP estimates was significant (see Fig. 3 and Table 4). Among all 326 

comparisons between approaches only D1, D2 and C1 produced similar MCP 327 

size estimates. The MCP estimate based on C4 does not differ from those 328 

based on C3 or C2 (Fig. 3). 329 

Table3. 330 
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Figure3. 331 

Significant effects of approach were also found by comparing the sampling 332 

approaches with Khr95 home range estimates. (Fig. 3, Table 4). In Tukey post- 333 

hoc comparisons, only the C1-D2 and C2-D2 dyads showed significant 334 

differences and interestingly no differences in relation to C3 were found. Finally, 335 

we found a significant effect of approach when Kcr50 estimates were compared 336 

(Fig. 3, Table 4). The pairs of core areas C1-D2, C1-C3, C2-C3, D1-C3 and D2-337 

C3 showed significant differences in their estimates. In Kcr50, differences 338 

between approaches were observed in comparison with C3, however, there are 339 

no differences between diurnal D1 and continuous medium sampling intensity 340 

C2 (Fig. 3). 341 

Table4. 342 

We did not observe significant differences between the estimated Khr95 with 343 

samples C3 and C4, neither between them and the dBBMM with 85 isopleths 344 

(LME model: approach (Khr95C3, Khr95C4 and DBMM85): F2,28= 0.37, p=0.68; 345 

area: F2,11=12.7, p= 0.0047; sex: F1,11= 19.15, p= 0.0011). 346 

3.3. Overlap index 347 

The best-fitting models included the approach and sex predictors to explain 348 

differences between the BA index in Khr95. The study area is also included in 349 

the second best model. For the BA index of Kcr50, the best model included all 350 

the independent variables considered (Table 5). 351 

Table5. 352 
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In the comparisons of the different BA similarity indexes of the Khr95 for the 353 

different approaches with C3, differences were found between approaches (Fig. 354 

4, Table 6). BA values for the monitored individuals ranged from a median of 355 

0.81 (IQR: 0.78- 0.83) in the D1-C3 approach comparison to 0.93 (IQR: 0.91- 356 

0.95) in the C2-C3 comparison. In the same comparisons for the Kcr50, 357 

significant differences between approaches were found (Fig. 4, Table 6). BA 358 

values for the monitored individuals ranged from a median value of 0.65 (IQR: 359 

0.52- 0.74) in the D1-C3 comparison to 0.81 (IQR: 0.76- 0.84) in the C2-C3 360 

dyad. 361 

Figure4. 362 

Table6. 363 

The median overlap BA index between Kernel UDs estimated with C3 and C4 364 

samples was high 0.96 (IQR: 0.63- 0.97). Similarly, median BA index between 365 

Kernel UD and dBBMM UD home range wild boars was also high 0.9 (IQR: 366 

0.88- 0.95). 367 

4. Discussion 368 

Methodological procedures evaluated in this paper have identified the 369 

conditions under which  direct comparisons of home range estimates obtained 370 

from different tracking schemes may be addressed. Despite of the importance 371 

for a correct selection of h, the use of Khr95 allows similar estimates of home 372 

range (size and UD similarity) and therefore, facilitates the comparison between 373 

studies carried out with different tracking schemes. We should be more cautious 374 

with Kcr50 comparisons since there are differences due to tracking schemes, 375 
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mainly between estimates based on higher sampling intensities and those of 376 

smaller ones. 377 

One of main problems argued in the application of kernel estimates with GPS 378 

data (large volume of fixes) is the autocorrelation, or independence in locations 379 

(Kernohan et al. 2001, but see Fieberg and Börger 2012). The similarity, both in 380 

size and in the utilization distributions, between two methods, KDE and dBBMM 381 

home range estimates with all fixes allow different generation methods 382 

comparison. . 383 

The activity pattern of the wild boar is mainly nocturnal, also presenting activity 384 

at dusk and dawn, and is low during the day (Massei et al. 1997; Russo et al. 385 

1997; Keuling et al. 2008b). These differences in activity would lead us to 386 

expect differences in UD estimates using different approaches (Tolon et al. 387 

2009), especially between diurnal and continuous sampling schemes (Ds and 388 

Cs approaches), and therefore support the selection of wild boar as a relevant 389 

case study.We found differences among approaches in home range size 390 

estimates, but these were not consistent in relation to the parameter studied. 391 

Specifically, if we take into account the MCP calculation, maximum differences 392 

between tested approaches were observed. This result agrees Börger et al. 393 

(2006) study, which showed that the MCP method should be used with caution 394 

in the comparison of estimates of home ranges. Also at KDE, a small number of 395 

locations for each animal or different sampling intensity may imply home range 396 

size underestimation, the non-consideration of zones that may be of great 397 

importance in terms of biological aspects, the selection or use space and/or 398 

species management. However, no approach shows differences regarding 399 

continuous hig-intensity sampling approach (C3) when considering Khr95. As 400 
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for the Kcr50, the Ds approaches do not differ from continuous medium-401 

intensity C2 (VHF sampling approach).  402 

In relation to home range UD, differences between approaches in relation to 403 

overlap with C3 were found. In general, the UD similarity increased as the 404 

sampling intensity increased. However, the levels of overlap are high (above 405 

0.75) in all cases considering Khr95, confirming that this is an appropriate 406 

parameter to compare approaches in terms of UD. When we take into account 407 

the same comparisons using the Kcr50, the overlaps are somewhat smaller, 408 

only surpassing the value of 0.75 in the C2-C3 comparison. These values of 409 

degree of overlap are high and similar to those obtained by Kochanny et al. 410 

(2009) although  It should be noted that the values of the BA index are sensitive 411 

to the number of locations, as in the estimation of the kernel (Fieberg and 412 

Kochanny 2005). The high degree of similarity of the home ranges with Khr95 413 

between the diurnal and continuous approaches indicates that the diurnal 414 

monitoring allows the total Khr95 area to be estimated with precision. Frequent 415 

variation in resting places, at small and large scales, the location of resting 416 

places near the centre of their areas of activity and some daytime activity of wild 417 

boar, are likely the reasons why diurnal resting sites produce good 418 

approximations of the total home ranges. 419 

It is worth noting that while for most authors the sampling effort is crucial to 420 

consider when comparing estimates of home range from different studies 421 

(Girard et al. 2002; Börger et al. 2006), other authors focus on the choice of h 422 

factor if the main focus is the study of habitat use (Huck et al. 2008; Schuler et 423 

al., 2014). In addition,  there is no consensus regarding the best method to 424 

obtain home range estimates (Fieberg and Börger 2012). Setting smoothing 425 
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factor h by LCV for each approach and study area has produced similar Khr95 426 

estimates among approaches. 427 

The choice of methods and their parameterization influence massively home 428 

range results and therefore, spatial ecology analysis. The results reveal the 429 

feasibility of KDE estimates comparisons between technologies (VHS and GPS) 430 

and between different generation methods (KDE and dBBMM), what makes this 431 

potentially relevant in comparison between studies. 432 

5. Conclusions 433 

The results obtained here suggest that not all estimates (MCP, Khr95 and 434 

Kcr50) are equally affected by tracking schemes. Khr95, paying special 435 

attention to h selection, is the most consistent between approaches, with VHF 436 

simulated approaches producing equivalent estimations of home range size and 437 

UD to GPS high fix frequency.. Accordingly, we suggest the standardization of 438 

the KDE estimates by setting a smoothing factor value by population and 439 

approach, since the UD estimates (especially the Khr95) did not differ 440 

significantly between tracking approaches. Moreover the similarity between the 441 

KDE and dBBMM estimates reinforces usefulness of that proposal.  442 
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Figure 1. Location of the study areas in Spain: Sant Llorenç Natural Park (SNP), 694 

Montes de Toledo (MT) and Doñana National Park (DNP). 695 

Figure 2. Activity index marginal means, measured as mean speed (in 696 

meters/hour) at each daily period. Classes sharing a lowercase letter do not 697 

differ significantly (P > 0.05) in the post-hoc statistical tests. Error bars indicate 698 

95% confidence intervals. 699 

Figure 3. Marginal means of log-transformed home range estimates (a: MCP; b:700 

 Khr95 and c: Kcr50) for each approach. Classes sharing a lowercase letter do 701 

not differ significantly (P > 0.05) in the post-hoc Tukey with p-adjusted values. E702 

rror bars indicate 95% confidence intervals. 703 

Figure 4. Marginal means and 95% CI of the BA (Bhattacharyya Affinity) index 704 

between each approach compared with C3. Horizontal dashed line delimits the 705 

0.6 value, above which it can be considered a high overlap between home 706 

ranges. Classes sharing a lowercase letter do not differ significantly (P > 0.05) 707 

in the glht pairwise comparisons with fdr p-adjusted values. a) BA at Khr95 and 708 

b) BA at Kcr50. 709 

  710 
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Table 1. Tracked animals. 711 

Age, sex and tracking period of the monitored wild boar in the three study 712 

areas: Sant Llorenç Natural Park (SNP), Montes de Toledo (MT) and Doñana 713 

National Park (DNP). 714 

ID Sex Area date_in date_end days 

F1   Females SPN 21/08/2011 22/10/2011 62 

F2  04/12/2013 22/02/2014 80 

F3  05/12/2014 02/06/2015 179 

F4 DPN 02/12/2012 30/07/2013 240 

F5 MT 06/07/2009 01/01/2010 179 

F6 08/11/2009 15/04/2010 158 

M1  Males SPN 03/05/2012 02/06/2012 30 

M2   04/05/2015 04/08/2015 92 

M3 DPN 15/12/2011 12/02/2013 425 

M4 27/07/2011 03/03/2012 220 

M5 07/08/2011 31/12/2012 512 

M6 11/10/2012 10/08/2013 303 

M7 MT 02/11/2009 14/07/2010 253 

M8 28/05/2010 08/05/2011 345 

M9 07/08/2010 08/04/2011 244 

 715 

 716 



33 
 

Table 2. Sampling characteristics of different approaches. 717 

Values of median and interquartile range of number of fixes and h value (LCV 718 

estimated) for each approach at each study area: Sant Llorenç Natural Park 719 

(SNP), Montes de Toledo (MT) and Doñana National Park (DNP). D1) day, low 720 

intensity: one relocation in the daytime three days per week; D2) day, medium 721 

intensity: seven relocations, once a day, during daytime; C1) continuous, low 722 

intensity: one relocation in the daytime and three at night, one day per week; 723 

C2) continuous, medium intensity: three fixes per night, three nights per week 724 

and one fix in the daytime three days per week; and C3) considering all 725 

available relocations. 726 

Approach N. fixes 

DNP 

h-value 

DNP 

N. fixes 

SNP 

h-value 

SNP 

N. fixes 

MT 

h-value 

MT 

 

D1    104  

(94-156) 

137.1  

(119.3-242.3) 

34  

( 31-40) 

202.8  

(168.1-919.7)   

94  

(78-96) 

216.7  

(169.9-355.4)   

D2 231  

(193-343) 

114  

(88.6-149) 

59  

(50-81) 

147.7  

(89.4-463.6) 

182  

(171-201) 

216.7 

(134.6-238.8) 

C1  163  

(127-176) 

152.7  

(128.1-215.1)         

56  

(52-76) 

168.3  

(136.4-770.3) 

125  

(103-133) 

202.7 

(122.2-382.1) 

C2   371 

( 254-461) 

97.4  

(95.9-110.1)      

125  

(99-163) 

120.5  

(110.4-337.5)      

308  

(300-351)   

137  

(133.2-171.8) 

C3 2727  

(2161-3035) 

66.4  

(63.6-70.1) 

781 

(729-1160) 

71.2 

(48.5-106.4) 

2998  

(2249-4145) 

115.1  

(63.1-120.4) 

 727 
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Table 3. Home range estimation best models selected. 728 

Set of LMEs with ΔAICc<2 for variables explaining home range estimates (MCP729 

, Khr95 and Khr50) in Mediterranean Spain. Number of model parameters (K), c730 

orrected Akaike information criterion (AICc) values, the best fitting model (ΔAICc731 

) and Akaike’s weights (ωi) are shown. The models were ranked dependent on t732 

he AICc value and in descending order (the most parsimonious models are on t733 

he top of each list). 734 

Home range Model K AICc ΔAICc ωi 

MCP 

appr+zone+sex 10 88.53 0.00 0.57 

appr+sex+zone+fix 11 90.12 1.59 0.26 

Khr95 appr+sex+zone+fix 11 49.1 0.00 0.71 

Khr50 appr +sex+zone+fix 11 87.3   0.00 0.92 

 735 

Table 4. Variables statistics of home ranges models estimation. 736 

Results of the best-fitting LME models explaining home range estimates (MCP, 737 

Khr95 and Kcr50) in Mediterranean Spain. 738 

            Num. df Den. df F-value p-value 

MCP     

(Intercept) 1 56 1702.5 <0.0001 

Approach 4 56 27.4 <0.0001 

Sex 1 11 15.3 0.0024 

Zone 2 11 5.0 0.0277 

Khr95     

(Intercept) 1 55 2759.6   <0.0001 
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Approach 4 55 4.1 0.0049 

Sex 1 11 3.9   0.0726 

Zone 2 11 8.6 0.0055 

Fixes 1 55 4.6 0.0354 

Khr50     

(Intercept) 1 55 1098.14 <.0001 

Approach 4 55 9.55 <.0001 

Sex 1 11 0.4   0.5425 

Zone 2 11 10.9   0.0025 

Fixes 1 55 8.6 0.0049 

 739 

Table 5.  Home range overlays best models. 740 

Set of LMEs with ΔAICc<2 for variables explaining the BA (Bhattacharyya 741 

Affinity) index (of Khr95 and Khr50) with relation to the C3 approach in 742 

Mediterranean Spain. Number of model parameters (K), corrected Akaike 743 

information criterion (AICc) values, the best fitting model (ΔAICc) and Akaike’s 744 

weights (ωi) are shown. The models were ranked dependent on the AICc value 745 

and in descending order (the most parsimonious models are on the top of each 746 

list). 747 

BA index Model K logLik AICc ΔAICc ωi 

Khr95 

appr +sex 7 -25.56 67.3 0.00 0.57 

appr+sex+zone 9 -23.42 68.5 1.18 0.32 

Kcr50 appr+sex+zone 9 -18.98 59.6 0.00 0.75 

 748 

Table 6. Variables statistics of home ranges overlay models. 749 
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Results of the best fitting LME models explaining the BA (Bhattacharyya 750 

Affinity) index (Khr95 and Khr50) in Mediterranean Spain. 751 

BA index          Num. df Den. df F-value p-value 

Khr95     

(Intercept) 1 42 333.52 <.0001 

Approach 3 42 48.58 <.0001 

Sex 1 13 6.86 0.02 

Kcr50     

(Intercept) 1 42 155.75 <.0001 

Approach 3 42 26.02 <.0001 

Sex 1 11 5.35 0.0411 

Zone 2 11 12.12 0.0017 

   752 
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 753 

Figure 1 754 

 755 

 756 

 757 

Figure 2 758 
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a)                                     b)                                     c) 760 

Figure 3 761 

 762 

a)                                             b) 763 

Figure 4 764 
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