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Appendix S1: Land cover mapping

Figure S1.1 Land cover map

We used a supervised, hierarchical approach which combines the use of image segmentation, 

knowledge-based rules to extract a suitable training set, and a classification of the segmented 

image, to derive five land cover categories: deciduous forest (DF), coniferous forest (CF), mixed 

forest (MF), grasslands and shrubs (GS), and others (OT).

From the USGS Landsat archive (http://earthexplorer.usgs.gov), we obtained five Landsat 

Thematic Mapper 5 (TM 5) satellite images that were relatively cloud-free and close to the 

growing season from four footprints [WRS2: path/row]: 186/025 (I1 image acquired 5th 

September 2011), 186/026 (I2: 5th September 2011 and I3: 7th October 2011), 187/025 (I4: 27th

August 2011), and 187/026 (I5: 27th August 2011). The images were in precision terrain 
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corrected (L1T) format, and transformed to surface reflectance (bands 1-5 and 7) using Landsat 

Ecosystem Disturbance Adaptive Processing System (LEDAPS) atmospheric correction 

algorithm (Masek et al. 2008). We removed clouds and clouds shadows in each image using 

FMask (Zhu and Woodcock 2012). We then composited the least cloudy images for each 

footprint (I1, I2, I4, and I5), and gap-filled them using remaining image (I3; approach similar to

Baumann et al., 2014).

The composite was segmented using a multiresolution segmentation algorithm (scale factor 

equals to 40, without shape generalization; color factor equals to 0.9; eCognition software) to 

retain spatial details of 1 ha (approximately 3 x 3 pixels). As a training set, we used 496 plots 

derived from the CORINE Land Cover (CLC) database for year 2006 (http://www.eea.europa.eu/

data-and-maps/data/clc-2006-vector-data-version-3; approach similar to Kozak et al. (2008) 

using Erdas Imagine 2013 software. Segmented images were further classified using a Support 

Vector Machines classifier (Huang et al. 2002) available EnMAP-Box software 

(http://www.enmap.org/). We used a hierarchical approach, in which in the first step only two 

classes, forest and non-forest, were distinguished. In the next step we separately processed forest 

areas by classifying them into three forest types (‘coniferous’, ‘deciduous’, and ‘mixed’), and 

non-forest areas by classifying them into ‘grasslands and shrubs’, or ‘others’ (mostly built-up 

areas, arable lands, and water).

Table S1.1 Accuracy assessment of classification results

For the validation of the land cover map, we gathered a stratified random sample of 300 points. 

All samples were visually interpreted using high resolution imagery in Google EarthTM and 
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labeled according to their land cover class. We derived overall accuracy (OAC), producer’s and 

user’s accuracy (PA and UA, respectively) as well as kappa statistics (Kappa).

DF CF MF GS OT
UA [%] 95 90 89 88 89
PA [%] 90 99 94 61 96
OAC [%] 91.33
Kappa 0.88
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Appendix S2: Estimating movement probabilities

Figure S2.1 Delineation of active steps based on step length

We selected a threshold of 1 km (red dashed line) to separate active from passive movement 

steps by plotting step length d against its turning angle α, as locations with d < 1km exhibited 

nearly uniform scatter for all α (Bruggeman et al. 2007), whereas a negative correlation between 

d and α, suggesting real movement, was present for d ≥ 1km.
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Figure S2.2 Case-control design in step selection functions

We used matched case-control logistic regression to compare environmental features associated 

with observed steps between sequential brown bear GPS locations to those associated with five 

control steps, with each case identified using a stratifying variable. Each control step shared the 

same starting point as observed step, but differed in length and/or turning angle. Control steps 

constructed in such a way characterize what is potentially ‘available’ to the animal during its 

movement through the environment within the studied time interval (5h in our case; Thurfjell et 

al. 2014).
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Appendix S3: Resistance surfaces

Figure S3.1 Comparison of patterns of resistance across the study area among models based on 

movement steps

We constructed separate movement models for (1) all steps, and (2) active steps. For both model 

types we considered predictors measured either (A) along steps (averaged), or (B) at endpoints of

steps.
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Figure S3.2 Comparison of patterns of resistance across the study area among single-scale and 

multiscale habitat models

To evaluate how scale optimization affected the comparison between resistance surfaces based 

on habitat and movement models, we created the single-scale habitat models, i.e. with the same 

variables but all of them measured at a single scale of (A) 250 m, (B) 500 m, (C) 1 km, (D) 2 km,

(E) 4 km, and (F) 8 km, and compared them with (G) the multiscale habitat model for which 

predictor variables were measured at broad scales of 4 km and 8 km.
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Figure S3.3 Comparison of patterns of low resistance values (black polygons) among models 

based on movement steps

Movement models for (1A) all steps and predictors measured along steps, (1B) active steps and 

predictors measured along steps, (2A) all steps and predictors measured at the endpoints of steps,

and (2B) active steps and predictors measured at the endpoints of steps. Low resistance values 

are defined as resistances lower than mean resistance minus one standard deviation.
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Figure S3.4 Comparison of patterns of low resistance values (black polygons) among single-

scale and multiscale habitat models
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Habitat models with predictors measured at a scale of (A) 250 m, (B) 500 m, (C) 1 km, (D) 2 km,

(E) 4 km, (F) 8 km; and (G) multiscale habitat model. Low resistance values are defined as 

resistances lower than mean resistance minus one standard deviation.
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Fig. S3.5 Summary of connections’ characteristics: (A) length, (B) ‘effective distance’, defined

as the sum of cost values along the path multiplied by the grid cell dimensions (vertical /

horizontal or diagonal), and (B) ‘absolute resistance’, defined as the ratio of effective

distance to length. Outliers marked with dots.
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Table S3.1 Correlations (Pearson’s correlation coefficients) between resistance surfaces based on habitat and movement models

Habitat models Movement models
250 m 500 m 1 km 2 km 4 km 8 km multiscale All 

steps

Active 

steps

All 

endpoints

Active 

endpoints

H
ab

it
at

 m
od

el
s

250 m 0.80 0.78 0.74 0.68 0.63 0.66 0.50 0.63 0.56 0.65
500 m 0.90 0.76 0.66 0.58 0.60 0.55 0.71 0.65 0.73
1 km 0.86 0.73 0.63 0.67 0.54 0.67 0.60 0.70
2 km 0.83 0.71 0.76 0.45 0.59 0.49 0.62
4 km 0.84 0.88 0.37 0.51 0.42 0.54
8 km 0.95 0.31 0.42 0.35 0.44
multiscale 0.32 0.45 0.36 0.47

M
ov

em
en

t
m

od
el

s

All steps 0.67 0.94 0.69
Active steps 0.74 0.83
All endpoints 0.85
Active 

endpoints
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