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Abstract. Understanding how broad-scale patterns in animal populations emerge from
individual-level processes is an enduring challenge in ecology that requires investigation at
multiple scales and perspectives. Complementary to this need for diverse approaches is the
recent focus on integrated modeling in statistical ecology. Population-level processes represent
the core of spatial capture–recapture (SCR), with many methodological extensions that have
been motivated by standing ecological theory and data-integration opportunities. The extent
to which these recent advances offer inferential improvements can be limited by the data
requirements for quantifying individual-level processes. This is especially true for SCR models
that use non-Euclidean distance to relax the restrictive assumption that individual space use is
stationary and symmetrical to make inferences about landscape connectivity. To meet the
challenges of scale and data quality, we propose integrating an explicit movement model with
non-Euclidean SCR for joint estimation of a shared cost parameter between individual and
population processes. Here, we define a movement kernel for step selection that uses “ecologi-
cal distance” instead of Euclidean distance to quantify availability for each movement step in
terms of landscape cost. We compare performance of our integrated model to that of existing
SCR models using realistic animal movement simulations and data collected on black bears.
We demonstrate that an integrated approach offers improvements both in terms of bias and
precision in estimating the shared cost parameter over models fit to spatial encounters alone.
Simulations suggest these gains were only realized when step lengths were small relative to
home range size, and estimates of density were insensitive to whether or not an integrated
approach was used. By combining the fine spatiotemporal scale of individual movement pro-
cesses with the estimation of population density in SCR, integrated approaches such as the one
we develop here have the potential to unify the fields of movement, population, and landscape
ecology and improve our understanding of landscape connectivity.
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INTRODUCTION

Current ecological theory frames population processes
as emerging from individual behaviors and interactions
with local environments that scale up to landscape-level
patterns (Levin 1992, Morales et al. 2010, Spiegel et al.
2017). Complementary to this perspective are integrative

statistical frameworks for the treatment of data from
multiple sources, now a prominent research focus in sta-
tistical ecology (Plard et al. 2019). Integrated modeling
offers an analytical approach that, by combining data
for inference across levels of biological organization,
facilitates the advance of ecological theory (McClintock
et al. 2021). Spatial capture–recapture (SCR; Efford
2004, Royle and Young 2008) presents an unparalleled
opportunity for exploration at the crossroads of these
endeavors, built upon an implied model of individual
space use related to a model of how individuals are
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distributed in space. However, the model is typically
informed by data on spatially explicit encounter histories
that are relatively sparse, if not insufficient, for charac-
terizing more detailed biological processes as opposed to
population-level inferences (e.g., spatial variation in den-
sity). Data integration can directly address this chal-
lenge, providing the ability to improve inferences about
mechanism and creating an explicit link between
individual-level and population-level processes and
landscape-level spatial patterns.
Many methodological extensions of SCR have been

motivated by standing ecological theory (see review by
Royle et al. 2018), although the extent to which these
advances offer inferential improvements is somewhat
limited by data requirements. Fortunately, the integra-
tion of spatially rich telemetry data into SCR can
enable more complexity in the encounter model and
improved inferences about density (Royle et al. 2013c,
Sollmann et al. 2016, Linden et al. 2018), as well as
extending the types of spatial encounter data that can
be used (Sollmann et al. 2013, Tenan et al. 2017, Mur-
phy et al. 2019). However, much of the focus has been
on processing telemetry data to match standard SCR
assumptions (e.g., temporal independence of detection
locations) and, despite the obvious conceptual link-
ages, the formal integration of an explicit movement
model within SCR is surprisingly rare. Indeed, recog-
nizing and implementing joint movement and SCR
models represents the next frontier in spatial popula-
tion ecology (Royle et al. 2013b, McClintock et al.
2021).
Non-Euclidean SCR models relax a restrictive,

although statistically convenient, assumption that ani-
mal home ranges are stationary and symmetrical (Royle
et al. 2013a, Sutherland et al. 2015). The implications of
this formulation have an even broader impact: the model
offers an explicit statistical framework for understanding
how landscape structure determines spatial population
structure, which is fundamental to a wide range of eco-
logical processes (Tischendorf and Fahrig 2000, Shaw
2020). This is accomplished through the direct estima-
tion of landscape resistance, the mathematical inverse of
which represents landscape connectivity, a central fea-
ture of all spatially structured populations (Zeller et al.
2012).
Beyond the pervasiveness of structured landscapes,

understanding the interplay of landscape connectivity
and the emergent spatial population structure at broad
spatial scales is especially critical as habitat conversion
and fragmentation are increasing globally, with critical
implications for the management and conservation of
landscapes (Gupta et al. 2019) and for the viability of
the majority of extant megafauna (Haddad 2015). How-
ever, despite the central role of connectivity in modern
conservation science (McRae et al. 2008, Rayfield and
Fortin 2011), there remain few methods for empirically
estimating its components, let alone simultaneously
describing spatial population structure (Tischendorf

et al. 2005, Zeller et al. 2012, Hanks and Hooten 2013,
Howell et al. 2018). By jointly estimating landscape
resistance and population density, the non-Euclidean
SCR model directly addresses these challenges using
standard ecological encounter history data (Morin et al.
2017, Gupta et al. 2019).
It is perhaps optimistic to expect reliable estimation

of cost function parameters using only sparse encoun-
ter history data that arise from capture–recapture stud-
ies, particularly for elusive, low-density, and wide-
ranging species for which estimates of connectivity
hold most value (Crooks et al. 2011, 2017, Creel et al.
2020). Small sample sizes of coarse location data limit
the space-use complexity in any SCR model, particu-
larly those using non-Euclidean distance, where least-
cost paths will have greater uncertainty as the distances
in time and space increase between observations. This
problem could be mitigated through the integration of
fine-scale movement data (e.g., telemetry) and, to
accommodate the inevitable temporal autocorrelation,
an explicit movement model (Hooten et al. 2017). The
integration of explicit movement in the non-Euclidean
SCR model should help to inform the direction and
strength of cost parameters that are challenging to esti-
mate using SCR data alone (Sutherland et al. 2015).
Here we developed a telemetry-integrated, non-

Euclidean SCR model that incorporates an explicit
movement model, in which the spatial encounter and
telemetry likelihoods share parameters of a cost func-
tion. We use a straightforward implementation of a
weighted distribution for movement (Johnson et al.
2008) in which non-Euclidean distance defines avail-
ability. We evaluated our model using a novel simula-
tion approach that derives spatial encounter and
telemetry data from individual-based movement simu-
lations, and analyzed the resulting encounter histories
using our integrated SCR–movement cost models, with
standard SCR models used for benchmarking. We eval-
uated the performance of the model under a range of
conditions designed to test sensitivity to data quality
and the number of telemetered individuals. As a case
study, we applied the model to data on an American
black bear (Ursus americanus) population (Sun 2014)
and discuss these results in the context of the simula-
tions.

METHODS

Spatial capture–recapture with non-Euclidean distance

We begin with a brief description of a standard,
constant-density SCR model with a binomial encounter
model. Specifically, we have spatially indexed encounters
yij representing the number of detections of individual i
at detector j across K surveys. With no survey-specific
variation, we model the encounters as binomial random
variables having an encounter probability pij conditional
on the latent activity center si:
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yij jsi ∼ Binomial K , pij
� �

:

We assume a homogeneous point process for si across
the support of the state space M which will require inte-
gration during likelihood estimation. Encounter proba-
bility is a decreasing function of the Euclidean distance
dEucðx j , siÞ between the activity center si and detector
x j :

pij ¼ p0 � exp � dEucðx j , siÞ2
2σ2det

 !
,

where p0 is the baseline encounter probability and σdet is
the scale parameter of a Gaussian kernel (i.e., the half-
normal detection function), both of which are parame-
ters to be estimated. We refer to this model as MEuc.
The encounter function of MEuc is assumed to be

proportional to the individual’s home range, which
implies that home ranges are stationary and symmet-
ric. While statistically convenient, this core assumption
is unlikely to hold in reality. Royle et al. (2013a)
demonstrated how the Euclidean distance assumption
can be relaxed with direct estimation of the parameter
of a cost function by modeling encounter probabilities
using estimated distances of least-cost paths,
d lcp x j , si
� �

, rather than simple measures in Euclidean
space. This distance substitution gives rise to a model
that we refer to as M lcp, where:

pij ¼ p0 � exp � d lcpðx j , siÞ2
2σ2det

 !
:

The cost distance is calculated as follows. First con-
sider a discrete landscape V of some predefined resolu-
tion, where each pixel ν has associated coordinates x and
a covariate value, z νð Þ. Any path P between two loca-
tions (e.g., x and x0) consists of M transitions between
pairwise adjacent pixels ν0,ν1, . . .,νMf g and we define a
cost function for moving from pixel to pixel as:

cost νm, νmþ1ð Þ ¼ exp α1z νmð Þð Þ þ exp α1z νmþ1ð Þð Þ
2

Here, α1 is a cost parameter to be estimated. For a given
value of α1 and all L reasonable paths, the least-cost
path d lcp, calculated using Dijkstra’s Algorithm (Dijk-
stra, 1959), is:

d lcp x,x0ð Þ ¼ min
P1, :::,PL

∑
ML

m ¼ 0
cost νm,νmþ1ð Þ

� dEuc νm,νmþ1ð Þ:

Conceptually, the cost surface is a functional
transformation of a spatially varying covariate surface
using α1. When α1 = 0,d lcp x j , si

� � ¼ deuc x j , si
� �

, and as α1

increases, cost distance diverges from Euclidean dis-
tance. When informed by spatially structured individual
encounter data, this divergence of distance metrics pro-
vides a mechanism for estimating α1, i.e., finding the
value of the cost parameter that best describes the spa-
tial pattern of the encounter history data.
Regardless of the encounter function used, the latent

activity centers must be integrated out of the joint
likelihood (over the support of M) to form the mar-
ginal likelihood of the encounter data, ½yjα1, p0,σdet�.
Following Borchers and Efford (2008) we assumed
that population size is a Poisson random variable such
that the joint likelihood can enable direct estimation
of density as the mean intensity, λ, of a Poisson point
process:

LSCRðα1, p0, σdet, λjyÞ ¼
Qn
i¼1

½yijα1, p0, σdet�
� �
Λnexp �Λ 1� π0ð Þð Þ

where Λ ¼ λ Mj jj j ¼ E Nð Þ and π0 is the probability of
an all-zero capture history.

Animal movement with non-Euclidean distance

Here we describe a simple approximation of a spa-
tiotemporal point process model for movement (Hooten
et al. 2017) where the probability of an observed location
is determined by a redistribution kernel (Moorcroft and
Barnett 2008) conditional on the previous location (i.e.,
a first-order Markov process) and an attraction to the
home range center. This type of weighted distribution
approach allows for estimation of resource selection
from telemetry (Christ et al. 2008, Johnson et al. 2008)
although our model has reduced complexity and focuses
on the availability in terms of cost distance. Critically, it
is the cost parameter α1 that is to be estimated from a
collection of telemetry locations.
Consider an observed movement trajectory for

individual i over T fixed-interval time steps, μit ¼ μi1,
μi2, :::, μiT , where we assume there is no observation
error in the observed location (i.e., u≡ μ). To model
movement between steps we define an availability func-
tion or redistribution kernel, kðμitjμi;t�1, θÞ, where the
relative probability of a location μit is a decreasing func-
tion of both the cost distance from the previous location
μi;t�1 and the cost distance from the average of all loca-
tions μi for individual i:

kðμitjμi;t�1, θÞ

¼ t ¼ exp � d lcpðμit, μi;t�1Þ2
2σ2step

� d lcpðμit, μiÞ2
2σ2home

 !
:

The location μi is treated as known and is used to cap-
ture the effect of central tendency in movement (in this
case, within the home range). Spatial scale parameters
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represent the variance in movement between observed
locations in the movement trajectory (σstep) and across
the home range (σhome). We note also that σhome differs
from σdet from the SCR model in that there is not an
additional detection process occurring for telemetry data
as there is for SCR data. Based on this redistribution
kernel, the normalized conditional probability of the
observed locations becomes:

μitjμi;t�1, θ
� 	 ¼ kðμitjμi;t�1, θÞR

kðμjμi;t�1, θÞdμ

For our discrete landscape from earlier, the locations
μ are associated with pixels ν and the integral in the
denominator above becomes a summation across all
ν∈V:

½νitjνi;t�1, θ� ¼ kðνitjνi;t�1, θÞ
∑V

g¼1kðνgjνi;t�1, θÞ

To accommodate an excess number of steps where
pixel location does not change, potentially representing
a behavioral state resulting in no movement, we model
the probability Pr(νit ≠ νi;t�1Þ ¼ ψ that an individual
moves from the last known location/pixel. The likeli-
hood for the movement model therefore has the follow-
ing form:

Lmove α1, σstep, σhome, ψ; ν
� �

¼ QNtel

i¼1

QT
t¼2

ψ kðνitjνi;t�1,θÞ
∑V∗

g¼1kðνg jνi;t�1,θÞ


 �I νit≠νi;t�1ð Þ
� 1� ψð ÞI νit¼νi;t�1ð Þ

Here, the denominator calculates availability for pixels
νg ∈V∗, representing all pixels in the discrete landscape
not including νi;t�1. Note, we do not model the first loca-
tion (t ¼ 1) under the assumption that this loss of infor-
mation is small with a long time series of telemetry
locations (Johnson et al. 2008), although the first loca-
tion could be modeled as: μi1 : Normal μi, σhomeð Þ, in
discrete space.

Integrating the movement model into SCR

The joint SCR–movement likelihood combines the
cost-based SCR likelihood and cost-based movement
likelihood through shared estimation of the cost param-
eter α1. We refer to this model as iM lcp, where “i” stands
for integrated:

LiM lcp α1, p0, σdet, λ, σstep, σhome, ψ; y, ν
� � ¼ LSCR � Lmove:

Note that the joint estimation of cost assumes that the
effect of landscape resistance is equivalent across scales
of movement, whether steps between telemetry locations
or the long-term utilization of a home range resulting in
trap encounters. An assumption of consistency should

be reasonable as cost paths are scaled by distance and
calculated as accumulations of pixels with the same reso-
lution.
The joint likelihood treats data from spatial encounter

histories and telemetry as independent, i.e., there is no
overlap in identities of passively detected and teleme-
tered individuals. Although this is not always the case in
practice, it does create flexibility in the model to allow
for sampling from different time periods, and impor-
tantly, should have little consequence on the primary
biological inference objectives, namely: cost and density
(Royle et al. 2013c). The joint likelihood function is pro-
vided in Data S1. Model parameters are estimated using
maximum likelihood methods (Borchers and Efford
2008) in R (R Core Team 2020). Least-cost paths are
computed using Dijkstra’s Algorithm (Dijkstra et al.
1959) implemented in the R package gdistance (Etten
2017).

Evaluation by simulation

Our primary evaluations of the model were conducted
through simulation, testing sensitivity to data quality
and comparing performance against the standard Eucli-
dean and non-Euclidean SCR-only models.
We began by defining the SCR state space (M),

which is the area within which all individual activity
centers are simulated and the area for which density is
estimated. We defined a grid of 25 × 25 points repre-
senting the centers of 1 × 1 unit pixels. Activity centers
can be located at any pixel within M, but to allow
unconstrained movement trajectories, especially for
those activity centers located close to the edges, we
defined a second landscape, V, comprising all theoreti-
cally possible movement trajectories given our simula-
tion settings, such that Vj jj j> Mj jj j. We defined V as a
grid of 137 × 137 points representing the centers of
each 0.25 unit × 0.25 unit pixels in the movement land-
scape, noting that the resolution of V is finer than M
to allow finer scale movement trajectories that better
approximate continuous space. We generated a cost
covariate landscape by assigning pixel values in V gen-
erated under a Gaussian random field model with
weak autocorrelation (maximum autocorrelation range =
6 pixels), which was then scaled from 0 to 1 (Fig. 1a).
Gaussian random fields were generated in R using the
package NLMR (Sciaini et al. 2018).
We simulated movement trajectories and subsequently

derived encounter data as emergent properties of the
movement data based on proximity to an array of traps.
To do so, we randomly generated N ¼ 100 activity cen-
ters, with replacement, from M. Then, using the model
described above and the availability landscape V, we sim-
ulated movement tracks for every individual using the
activity center as the initial location. Movement paths
were generated for T ¼ 2160 times steps (or “fixes”)
approximating hourly fixes over a hypothetical three-
month period (Fig. 1b). Parameters of the data-
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generating movement model were chosen to reflect bio-
logically realistic parameter combinations and are pro-
vided in Table 1.
Spatial encounter histories were then derived from the

simulated movement paths based on a 10 × 10 trapping
grid located in the center of the study area (Fig. 1c). If a
movement step contained a trap, it was ‘detected’ with
probability 0.1, where the binomial thinning ensures that
the distribution of recaptures and spatial recaptures were
realistic when compared with empirical SCR data (see
Appendix S1: Fig. S1 for scenario-specific summaries of
the spatial encounter histories). Per standard design rec-
ommendations (Dupont et al. 2021b), detectors were
spaced 1.75 units apart (approx. 2σhome) leaving a three
unit (3σhome) buffer to the edge of M.
This approach of deriving spatial encounter histories

from individual movement data differs from the tradi-
tional approach of simulating data directly from the
SCR model. We believe our approach provides a valu-
able simulation framework for exploring SCR model
performance and sensitivity under a range of potential
assumption violations and, as demonstrated here, move-
ment characteristics.

We were interested in exploring model performance as
a function of two features of telemetry data: the number
of telemetered individuals used in the analysis, and ratio
of the spatial variance parameters. First, to evaluate
whether the performance of the integrated model was
sensitive to the number of telemetered individuals
included, we considered the inclusion of one, three, and
five individuals. Second, we evaluated model perfor-
mance with respect to the variance ratios, which we
motivate conceptually as representing potential differ-
ences in either species propensity for movement or the
telemetry fix rate. Specifically, we tested two ratios: the
spatial scale of the steps σstep being one-quarter that of
the home range space-use parameter σhome (the “small-
σstep scenario,” σstep ¼ 0:25σhome), and a “large-σstep sce-
nario” where the ratio was 1 (σstep ¼ σhome).
We simulated 100 data sets under each σstep-ratio sce-

nario. For each, the activity centers, corresponding
movement paths (i.e., telemetry data), and the cost sur-
face were generated randomly. Individuals were subject
to detection via the trapping array resulting in n individ-
uals with non-zero encounter histories (i.e., SCR data).
We analyzed the SCR and telemetry data using the
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FIG. 1. General outline of realistic movement simulations, with parts (a–c) representing consecutive steps in the workflow. (a)
First, using a Gaussian field model we generate a cost surface, where yellow is low cost and dark purple is high cost. Proximity
detectors (traps) are black crosses, and the black bounding box indicates the inset region shown in (b) and (c). (b) Activity centers
are generated randomly (not shown) and are used to simulate movement tracks, shown in grey. These tracks differ in the value of
σstep, either small (top) or large (bottom), and relative to σhome as shown on the right side. (c) Movement tracks are thinned and
recorded as trap captures, collected as SCR data, as shown by the black circles with white text for the number of captures at that
trap.
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integrated non-Euclidean model where the one, three, or
five movement tracks were randomly selected from all
100 individuals. As a comparison, we also analyzed each
data set without telemetry data, i.e., an SCR-only data
set, using the non-Euclidean SCR model (Mlcp), which is
a special case with 0 telemetered individuals. In sum-
mary, we fitted two SCR variants—not integrated and
integrated—to each data set, and for the integrated
model consider one, three, and five telemetered individu-
als, i.e., four comparisons for each σstep-ratio scenario.
We note that, rather than model the detections as a func-
tion of the spatiotemporal proximity to the movement
path as per the data-generating procedure, SCR detec-
tions are modeled as a function of distance to the latent
activity center. The former requires an additional condi-
tional structure and individuals that appear in both the
telemetry and SCR data. While dependency is straight-
forward (e.g., Linden et al. 2018) a latent movement
model for the encounter data would be a computation-
ally intensive extension for our model, which we do not
consider.
For the eight simulation sets, we evaluated model per-

formance by computing percent relative bias for each
parameter. For model M lcp in the large-σstep scenario,
we removed four simulation results due to poor model
fit. All simulations and analyses were conducted in R
version 4.0.3 (R Core Team 2020), and are available in
our Open Science Framework repository (Dupont et al.
2021a).

Case study: New York black bears

As a demonstration of the model in practice and its
relative performance, we analyzed data from a study of
black bears in western New York (Sun 2014). The data
consist of 103 hair snares from a non-invasive genetic
mark–recapture study, which resulted in spatial encoun-
ter histories for 33 individuals. In addition to the trap-
ping, three bears were fitted with GPS collars in the
same study area during the same time period (Fig. 3a).
These data are described in detail in Sun (2014).
We used percent forest (“% forest”) as the cost covari-

ate, but note that our model can easily accommodate the

simultaneous estimation of multiple cost parameters
associated with multiple landscapes. We derived % forest
from the National Land Cover Database (NLCD) (Yang
2018) by aggregating the 30-m raster to a 500 m resolu-
tion and calculating the proportion of forest pixels
therein (Fig. 3a). NLCD data were accessed using the R
package FedData (Bocinsky 2016). We defined the state
space as a 4,968 km2 rectangular area with a 3σdet buffer
around the trapping array, based on the σdet estimated in
previous analyses of these data (Royle et al. 2013c,
Morin et al. 2017), and a resolution approximating σstep,
calculated from the raw fix locations using Euclidean
distance.
We analyzed the bear data using the four models

described above (see also: Appendix S1: Table S1). Our
primary comparison was between the existing model
M lcp and our integrated model, iM lcp. For more thor-
ough reference and comparison, we included all applica-
ble null models. To explore the effect of individual
variation, we also fitted the integrated model including
only a single individual at a time. These analyses were
conducted in R and all code is provided in our Open
Science Framework repository (Dupont et al. 2021a).
After obtaining model results, we followed the proce-

dure of Morin et al. (2017) to produce surfaces of real-
ized density (i.e., the estimated density of activity centers
conditional on the observed data) and density-weighted
connectivity (i.e., expected pixel use based on estimated
cost and weighted by realized density).

RESULTS

Evaluation by simulation

We first report results from the small-σstep scenario.
The standard non-Euclidean SCR model (M lcp) pro-
duced a biased estimate of cost (%RB =−17) with rela-
tively low precision (Fig. 2; Appendix S1: Table S2). In
contrast, and consistent with the marked robustness of
SCR, estimates of density were unbiased (Fig. 2). In
terms of estimating the cost parameter, integrating
telemetry data improved performance considerably: data
from a single individual alone reduced the bias to just

TABLE 1. Parameters of the integrated model along with predefined values used for the simulation study, where parameter name,
symbol, and biological interpretation are shown in each row.

Parameter Symbol Small-σstep Large-σstep Biology

Cost α1 1 1 Resistance of the landscape to movement
Baseline detection p0 – – Detection probability at the activity center in the home range
Detection spatial scale σdet 2.5 2.5 Scaling factor determining size of the detection kernel
Home range spatial scale σhome 2.5 2.5 Scaling factor determining size of the home range
Density λ 0.16 0.16 Number of individuals in the state space
Step distance spatial scale σstep 0.625 2.5 Scaling factor determining the size of the movement kernel
Probability moved ψ 0.9 0.9 The probability that an individual moves,

i.e., that it leaves the pixel

Note: Numbers in bold highlight the main difference between the two simulation scenarios, small-σstep and large-σstep.
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−3% and markedly improved the precision (Fig. 2;
Appendix S1: Table S2). Telemetry data from more indi-
viduals resulted in further improvements (Fig. 2; Appen-
dix S1: Table S2).
Thus, the integrated model consistently produced

unbiased and precise estimates of both the data-
generating movement parameters and density (Fig. 2;
Appendix S1: Table S2). Moreover, the performance
(both bias and precision) improved with the addition of
more telemetered individuals (Fig. 2; Appendix S1:
Table S2).
In the large-σstep scenario, and consistent with the

small-σstep scenario, estimates of density were unbiased
irrespective of whether integration was used, although
precision was marginally poorer (Fig. 2). What was
strikingly different in the large-σstep scenario, where dis-
tances between locations were larger, and therefore num-
ber of possible least-cost paths was greater, was the
inability to reliably estimate the cost parameter. In all
cases, regardless of number of telemetered individuals

included, the integrated model produced biased esti-
mates of α1, ranging from −26% to −20% (Fig. 2;
Appendix S1: Table S2).

Case study: New York black bears

The results from the black bears case study were con-
sistent with the simulation results suggesting no appre-
ciable influence of cost or telemetry integration on
density estimates (Table 2). Most importantly in the con-
text of this study, the integrated model (iM lcp) captured
an effect of cost that was both stronger and more precise
(estimate: −1.17 [SE: 0.11] vs 0.23 [SE: 0.75]; Table 2)
than the SCR-only model (M lcp). In fact, the standard
model suggested no compelling evidence of a resistance
effect due to forest, whereas the integrated model reveals
a strong and highly plausible negative effect of decreased
resistance as forest cover increases.
Finally, fitting the integrated model to each of the

three individuals separately indicated some heterogeneity
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TABLE 2. Results from American black bears analysis.

Model α1 log λð Þ σdet p0 ψ σstep σhome −loglik AIC

MEuc – −3.843 1.238 −2.768 – – – 124.32 254.64
– (0.254) (0.139) (0.361) – – –

M lcp 0.226 −3.845 1.284 −2.736 – – – 124.27 256.54
(0.753) (0.254) (0.209) (0.377) – – –

iMEuc – −3.843 1.238 −2.768 −0.666 −0.195 1.914 3,874.45 7,762.90
– (0.254) (0.139) (0.361) (0.048) (0.020) (0.164)

iM lcp −1.172 −3.841 0.812 −2.882 −0.666 −0.624 1.439 3,835.42 7,684.84
(0.111) (0.255) (0.138) (0.368) (0.048) (0.044) (0.165)

Note: From left to right: fitted model (see Methods: Case study for reference), all estimated parameters showing point estimates
with standard errors directly below in parentheses, and the negative likelihood value.
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in the estimated cost parameter, but consistency in the
direction and relative magnitude of the effects (Appen-
dix S1: Fig. S2).

DISCUSSION

Integrated data modeling represents a promising sta-
tistical framework for testing and advancing theory
about ecological processes across multiple scales. Here,
we illustrated an integration of trap encounters and
telemetry locations that embedded an explicit movement
model within spatial capture–recapture, leveraging their
conceptual linkages. Together, movement data provide
high-resolution information on step selection, and
encounter history data allow for landscape-scale infer-
ence about spatial patterns of density, facilitating an
improved understanding of how landscape-scale pat-
terns of density and connectivity emerge from
individual-level processes. Specifically, we provide an
intuitive and flexible statistical framework for integrat-
ing telemetry and encounter history data; we highlight
the value of an integrated modeling approach for

improved inferences about the processes of density,
space use, and landscape connectivity simultaneously.
Our method for integrating fine-scale telemetry data

offers key performance improvements over the original
non-Euclidean SCR model, and suggests that these
improvements are related to the quantity and quality of
the telemetry data. Here we considered including data on
only a few individuals (one, three, five), and observed pre-
cision gains for the cost parameter that increased with the
number of telemetered individuals added. In contrast,
estimates of density did not benefit from the integration,
possibly due to the lack of spatial variation in density
(e.g., Linden et al. 2018). Notably, performance improve-
ments were only realized in scenarios where the spatial
scale of consecutive fixes is much less than the spatial
scale of individual space use; here, the integrated model is
both unbiased and more precise than the non-integrated
version. When the distance between fixes is relatively
large, there is a loss of precision in both density and cost,
and estimates of cost are negatively biased. The latter is
likely to be due to uncertainty about the exact path taken
between two locations at larger distances, which degrades
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the effect size of any cost relationships. In practice, the
movement integrated model is recommended when
telemetry data are available, motivated by both the con-
ceptual and empirical advantages presented here, but we
note that efforts should be made to select fix rates that
result in short step lengths relative to the size of the home
range (i.e., σstep< σhome). In general, and when individual
heterogeneity in movement is low, fix rate appears to be
more important than the number of collared individuals
in terms of estimator improvements.
It is perhaps optimistic to expect accurate inference

about fine-scale movement processes from coarse-scale
SCR data (Sutherland et al. 2015). Indeed, this was evi-
dent from both the simulations and the bear case study,
where cost parameters are not well estimated without
the integration of high-resolution telemetry data via an
explicit movement model. The addition of even a single
telemetered individual resulted in the recovery of the
cost parameters with accuracy and precision, a pattern
noted in the context of SCR models that integrate
resource selection functions (Royle et al. 2013c).
Although it is not advisable to rely on a single animal
for inferences due to individual heterogeneity in move-
ment (Revilla and Wiegand 2008), the bear case study
did indicate consistency across individuals in the direc-
tion and magnitude of the cost estimate (Appendix S1:
Fig. S2). Either way, the benefits of the non-Euclidean
model may only be realized with large amounts of spatial
recaptures (which is unlikely in practice), or through
integrated approaches such as we develop here. Estima-
tion of landscape connectivity is an important endeavor
in wildlife conservation, yet is not well developed, espe-
cially using empirical observations (Zeller et al. 2012).
Our integrated model provides an important formal sta-
tistical link between individual data and estimates of
landscape connectivity (Fig. 3).
We demonstrated clear improvements in SCR model

performance with telemetry integration, as has been
shown previously (Royle et al. 2013c, Sollmann et al.
2013, Linden et al. 2018). These other approaches for-
malized telemetry integration by joint estimation of
shared parameters, particularly the detection scale
parameter (see our exploration on sharing the space-use
parameter within this model presented in Appendix S2).
Royle et al. (2013c) additionally relied on diluting or
thinning their high-resolution telemetry data to match
the coarser scale of spatial encounter histories rather
than integrating an explicit movement model. Although
thinning telemetry data removes autocorrelation to sat-
isfy independence assumptions, it removes by definition
the conditional dependence in the observed locations
that directly reflects fine-scale decisions about move-
ment. Retaining the sequential structure of movement
paths by explicitly modeling those decision processes
yields improved insights about animal movement
(McClintock et al. 2021). By also leveraging the less
obvious connection between SCR and movement mod-
els, namely the existence of a shared cost function, we

allowed those benefits to be realized at the population
and landscape level.
In contrast with conventional SCR simulation

approaches, in which encounter history data are simu-
lated from the expected encounter model, we allowed
encounter data to emerge as a property of simulated ani-
mal movement paths. We did not fit this data-generating
model (due to the additional computational complexity),
but used it for simulation as it offers some specific bene-
fits. Movement paths are allowed to evolve from a wide
range of well established and flexible models that can be
parameterized according to known species characteris-
tics (Hooten et al. 2017). As a result, the emergent
encounter data arise as a property of the movement
model rather than the specified SCR model, arguably a
more preferable challenge for model evaluation with
greater ecological realism. This provides a flexible simu-
lation structure for better understanding how model per-
formance varies under a wider range of scenarios that
includes considerations specific to the system, the spe-
cies, or sampling. For example, we investigated model
performance for two scenarios related to the ratio of the
variance parameters σstep and σhome, which we motivated
as being representative of potential differences in either
species propensity for movement or the telemetry fix
rate, but ultimately that give rise to different data struc-
tures (Fig. 1b). In terms of density estimation, these dif-
ferences had little effect, apart from a marginal increase
in precision. However, the models were sensitive to the
characteristics of the data when estimating parameters
related to movement. In the large ratio scenario, esti-
mates of the cost parameter (α1, Fig. 2) and the move-
ment scale parameter (σstep; Appendix S1: Table S2)
were systematically biased low, whereas the estimated
SCR spatial scale parameter (σdet) was always higher
(Appendix S1: Table S2).
Our simulation structure also allowed us to consider

the consequences of incorrect parameter sharing, moti-
vated by the high prevalence in the SCR literature of
interpreting σdet as an estimate of space use, rather than
explicitly defining it as a detection range which is propor-
tional to space use. Under this interpretation, there is
likely to be a temptation to assume some equivalency
(i.e, σdet ¼ σhome), which we show produces negatively
biased estimates of cost and density (Appendix S2).
Depending on the assumed model of individual move-
ment, the variance of a bivariate normal kernel esti-
mated from the location data may not be equivalent to
that as estimated by the encounter histories using SCR.
Ultimately, our simulations highlight that strict biologi-
cal interpretations of movement parameters from stan-
dard SCR models should generally be avoided.
Our movement model addresses a fraction of what is

possible among the diverse and complex animal move-
ment processes for which models have been developed
(Hooten et al. 2017). Our implementation of the
weighted distribution approach makes a restrictive
assumption that telemetry fixes have regular time
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intervals and, while it did not affect simulations, it did
probably affect the black bear case study. We expect that
the consequence was similar to that for spatial encounter
data alone, namely that landscape cost was slightly
underestimated when hourly steps were diluted by steps
with longer time periods between. This problem could
be explored through simulation or addressed more com-
prehensively by the movement model likelihood (John-
son et al. 2008). Relatedly, the first-order Markov
relationship between steps ignores the history of move-
ments prior to the step in time t� 1, and this covariance
across time could be estimated (Johnson et al. 2008).
Finally, we did not model the latent movement of indi-
viduals from the encounter data (i.e., the data-
generating model), which could inform far more spatial
and temporal complexity in the encounter model at the
expense of computational burdens. Our approach was
intended to illustrate the clear benefits of including a
straightforward movement model when integrating
telemetry into SCR using a likelihood approach that can
be easily implemented by extending existing software
(e.g., Sutherland and Royle 2019). Current applications
of integrated models are simply the tip of the iceberg
and will expand as technology and algorithm develop-
ment continue (McClintock et al. 2021).
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