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Abstract

Estimating wildlife populations is central to con-
servation planning, yet designing sensor deploy-
ments that produce reliable data for such estimates
remains challenging. Spatial capture-recapture
(SCR) models, widely used to estimate animal pop-
ulation sizes, are highly sensitive to sensor layout,
where poor placement can substantially increase
uncertainty in population estimates. We present a
novel approach that formulates sensor placement
for SCR as a scenario-based optimization problem
under real-world resource constraints. Using col-
lections of simulated animal capture histories span-
ning ecologically plausible parameter ranges, can-
didate sensor placements are evaluated via closed-
form, SCR-derived design criteria linked to the pre-
cision of population estimates and optimized us-
ing both genetic algorithms and a greedy search
strategy. We demonstrate our approach through an
example American marten camera trapping study
in British Columbia’s South Chilcotin Mountains,
achieving lower relative standard error and bias in
population estimates than single-scenario and grid-
based baselines. Our method was co-developed
with conservation practitioners and is currently be-
ing used in real-world monitoring programs. This
framework offers a general approach for designing
wildlife surveys that support reliable population es-
timation across a range of realistic ecological sce-
narios.

1 Introduction

Wildlife monitoring is the basis for estimating the population
size and spatial distribution of species, which inform assess-
ments of ecosystem health and guide conservation manage-
ment strategies [Oliver ef al., 2023]. These estimates are de-
rived from observations collected by spatially distributed sen-
sors such as camera traps, which capture evidence of wildlife
and their movements across a landscape [Gibb et al., 2019;
Chen et al., 2022; Steenweg et al., 2017]. While such non-
invasive technologies can increase detection rates and reduce
field effort and costs, the accuracy and precision of result-
ing population estimates depend on how sensors are arranged

spatially. In practice, sensor deployments are constrained by
limited budgets and site accessibility, creating a need for prin-
cipled approaches to sensor placement that maximize inferen-
tial power under these constraints [Kerry et al., 2022].

Spatial capture-recapture (SCR) models are commonly
used to estimate wildlife population sizes from sensor ob-
servations. In these models, detection probability explicitly
depends on the distance between sensors and individual ani-
mals’ activity centers, which are not directly observed. As a
result, the number and spatial distribution of detections in a
study depend strongly on how traps are placed relative to an-
imals on the landscape. In practice, ecologists choose sensor
spacing based on the assumed movement ranges of the target
species. This ensures that animals moving through the land-
scape are likely to encounter nearby sensors while avoiding
large unsampled gaps between traps.

The movement distances used for this spacing choice are
typically informed by pilot studies or published estimates
of species-specific movement parameters. However, sen-
sor placements in practice are rarely designed with perfect
knowledge of species-specific parameters, which can vary
substantially across populations or individuals. While sim-
ple spacing heuristics rely primarily on a single movement
scale parameter, more advanced approaches for optimizing
sensor placement in SCR studies, including those based on
genetic algorithms, require specifying additional habitat and
detection-related parameters in order to generate candidate
sensor layouts [Durbach et al., 2021; Dupont et al., 2021].
In both cases, layouts are optimized for a single “best guess”
parameter set. This single-scenario approach can lead to sen-
sor layouts that fail to yield informative observations needed
for precise population estimation if the true species ecology
deviates from those assumptions. Addressing this sensitivity
requires sensor placement strategies that explicitly account
for uncertainty in species-specific parameters.

We propose a novel simulation-based optimization ap-
proach for designing sensor placements, simultaneously eval-
uating candidate sensor layouts across multiple plausible eco-
logical scenarios. It combines ecological simulation with ei-
ther greedy search or genetic algorithms, both of which take
into account a range of plausible species-specific parameters.
Our approach generates simulated capture histories and can
incorporate real-world constraints such as budget or land-
scape limitations. Notably, the environmental data it requires
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(habitat covariates, species parameters, and candidate trap lo-
cations) are the same inputs already used for standard SCR
analyses, even in the absence of optimization. Therefore, our
framework leverages existing practitioner knowledge to de-
rive principled camera placements rather than relying on ad
hoc or purely grid-based designs. We evaluate candidate con-
figurations based on their ability to estimate the true popula-
tion size and the relative precision of those estimates.

We apply our framework in a real study area, here based
on a simulated population of American martens in the South
Chilcotin Mountains, Canada, to illustrate the utility of this
approach. Beyond this case study, we are actively working
with three wildlife conservation partners to pilot our approach
to monitoring grizzly bears in the South Chilcotin Moun-
tains, Canada, pumas in the Olympic Peninsula of Wash-
ington, USA, and Grévy’s zebras in the Laikipia region of
Kenya. By enabling more effective use of deployed cameras
and more reliable population estimates, our proposed frame-
work supports sustained wildlife monitoring and conservation
decision-making at scale, consistent with UN Sustainable De-
velopment Goal 15 (Life on Land).

2 Background

2.1 Camera Trapping in Biodiversity Surveys

Camera traps are one of the most commonly used sensors due
to their noninvasive nature and ability to provide temporal and
spatial data on the whereabouts of animals [Glover-Kapfer et
al., 2019]. Camera trap surveys generally assume that ani-
mals occupy the landscape according to an underlying spatial
distribution, with detections occurring when animal move-
ment through the landscape intersects with sensors and trig-
gers motion-activated captures. Consequently, survey design
plays a central role in determining detection probability.

Camera traps are commonly deployed using grid-based
configurations [Sun et al., 2014]. One common design is the
uniform layout, with cameras evenly spaced at regular inter-
vals (e.g., every 3 kilometers) (Figure 1.A). Clustered designs
are also common, and group cameras within smaller, concen-
trated areas. This reduces overall spatial coverage, but can
increase the probability of detection of elusive species in key
habitats (Figure 1.B) [Sun er al., 2014]. Sequential designs
are another approach; where cameras are deployed in grid-
based patterns, but moved after a period of time to new lo-
cations (Figure 1.C). Camera placement is also often oppor-
tunistic, with traps placed primarily along accessible features
such as hiking trails or roads [Tanwar ef al., 2021].

Survey design strongly influences the accuracy and preci-
sion of capture-recapture estimates [Efford and Boulanger,
2019; Sun et al., 2014; Wilton et al., 2014]. If detectors are
spaced too widely relative to animal movement or placed dis-
proportionately in certain habitats, the resulting detections
may not reflect the true spatial distribution of individuals,
leading to sparse data, reduced precision, and biased den-
sity estimates. These issues are especially pronounced when
detection probability or animal density varies spatially with
habitat preferences.
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Figure 1: Traditional sensor deployment configurations. A repre-
sents a uniform approach. B represents a clustered design. C repre-
sents a sequential design, with triangles representing cameras at one
time period, and squares at another.

2.2 Spatial Capture-Recapture Models

Spatial capture-recapture (SCR) models are the standard for
estimating wildlife population size N using detection data
from identifiable animals captured from sensors, known as
capture histories. Capture histories are records of individ-
ual detection events, specifying which animal was captured
at which camera and during which sampling time period.

These models are based on the concept that each animal
has a unique activity center, which can be loosely interpreted
as the center of its home range. The location of the activ-
ity center [ relative to the sensor array influences the proba-
bility of ‘an animal being detected [Royle and Young, 2008;
Borchers and Efford, 2008]. Detection probability declines
with increasing distance between an animal’s activity center
and a given sensor location j (d(l, 7)), and this spatial decay
is described by a detection function, which has an intercept
go and scale parameter o (Eq. 1) [Royle and Young, 2008;
Borchers and Efford, 2008]. The intercept go represents the
sensor’s expected detection probability if an animal’s activity
center was exactly where the sensor is placed, and o captures
the distance between an activity center and a sensor at which
detection probability declines to near zero [Royle and Young,
2008; Borchers and Efford, 2008]. We restrict attention to this
standard distance-based SCR formulation; targeted place-
ment at watering holes or other attractors would require dif-
ferent models that can account for resource-mediated varia-
tion in encounter rates or specialized covariates.

Pr{l,j] = go - e” 570 (1)

SCR models estimate N and other parameters by linking
individual detections to the spatial distribution of activity cen-
ters. The model defines a likelihood function L(«, Hy ), ex-
pressing the probability of the observed capture histories H
given parameters « and trap configuration x. Here, « in-
cludes gg and o, as well as the average density of activity
centers D and parameters governing relative density, such as
habitat covariates () like tree cover or human footprint. Pa-
rameters are estimated by maximizing this likelihood.

Notably, SCR models may fail to converge to reliable es-
timates when sensor spacing exceeds 2.50, resulting in in-
sufficient recaptures to identify activity centers [Efford and
Boulanger, 2019; Durbach et al., 2021]. Wide spacing fails
to overlap home ranges adequately, inflating N and compro-
mising reliability, underscoring the need for optimized detec-
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tor placement tailored to species-specific movement ecology
[Efford and Boulanger, 2019; Durbach et al., 2021]. Another
key element of SCR model specification is the definition of
the state space, or the area in which potential activity centers
are distributed. More information on this can be reviewed in
Section § A.1.

SCR model performance is typically evaluated using pre-
cision metrics, such as relative standard error of the estimated
population size (RSE(N)), but accuracy metrics, such as

bias (N — N), can further quantify the difference between
the estimated and true population sizes of the target species.

2.3 Prior Algorithmic Methods

Genetic algorithms are the primary algorithmic approach
available for optimizing camera trap configurations in SCR
studies for wildlife monitoring [Dupont et al., 2021; Dur-
bach et al., 2021]. These methods are inspired by evolution
and work by maintaining a set of possible sensor configura-
tions that, through selection, crossover, and mutation, maxi-
mize a fitness function over several iterations [Wolters, 2015].
This method has been implemented in R packages such as
kofnGA and its extension SCRdesign: : GAopt im, which
is specific to sensor placement for wildlife population estima-
tion [Efford, 2025; Wolters, 2018].

While genetic algorithms represent a more sophisticated
approach to sensor placement than grid-based methods, they
have practical limitations. Evaluating camera configurations
across multiple budgets is computationally expensive: with
a budget of B cameras, a layout optimized for B cannot be
reused to assess any smaller budget b < B without rerunning
the algorithm for each b. This makes it difficult for practi-
tioners to quantify the marginal benefit of adding cameras, an
important consideration when each additional unit is costly,
and genetic algorithm methods further amplify this cost on
the computational side by requiring separate optimizations
for every budget level of interest. Secondly, these methods
optimize configurations under a single-parameter scenario a.
These parameters vary with species ecology, season, habitat,
and individual behavior, creating uncertainty that a single-
point evaluation cannot capture. Therefore, SCR models may
fail to reach a finite and reliable maximum likelihood esti-
mate if the true parameters do not closely match the param-
eters used in training. Given these limits, we introduce a
modified genetic algorithm method that averages the fitness
of each candidate design over a set of parameter draws, so
selection is driven by its mean precision across multiple plau-
sible scenarios rather than a single estimate (Section 3.2).

3 Methods

3.1 Stochastic Optimization Problem Formulation

We formulate trap placement as a stochastic optimization
problem, minimizing expected loss under uncertain ecologi-
cal parameters that follow distributions informed by prior lit-
erature.

Let o denote a vector of parameters, including detection
probability at zero distance gy, spatial scale o, habitat co-
variates (3, and overall density D. Given a finite set of can-
didate camera trap locations J = {1,...,J} and a cam-

era budget B, we seek a configuration x* € {0,1}” with

ijl x; = B that minimizes a stochastic objective defined
over plausible values of a. We define the per-parameter loss

f(x; @) as the relative standard error of the SCR population

size estimate, RSF (N ), consistent with SCR study-design
practice [Efford and Boulanger, 2019]. In other monitoring
or decision-making settings, the same stochastic optimization
framing could be paired with other loss functions tailored to
different objectives.

The SCR model computes f(x; «) for each parameter vec-
tor o by taking as input the chosen trap configuration x
and the capture histories generated under that configuration
H(x, a), and returns an estimate of population size N (x, c)
whose relative standard error defines the loss f(x; ). We
then define the stochastic objective as

Z(x) = Eq [f(x;0)] 2)
where « is a random element with a distribution that does
not depend on x, and f(x; &) is a (deterministic) real-valued
function. Therefore, the stochastic program is

J
subject to ij:B. 3)

j=1

x* €arg min Z(x
ng{O,l}J ( )

Sample average approximation (SAA) is a technique for
solving stochastic optimization problems by sampling from
the underlying distribution to generate a finite set of scenar-
ios, thereby reducing the stochastic optimization problem to
a deterministic analogue [Shapiro, 2003; Verweij et al., 2003;
Kleywegt er al., 2002]. We consider a set of G i.i.d. param-
eter samples {a(9) ng1 and approximate Z(x) by the aver-
age relative standard error of the estimated population size

é 25:1 RSE(N | x, a(g)) across each plausible o given
selected sensor locations x. In SAA, we repeatedly solve M
finite-sample approximations of the stochastic problem. In
runm = 1,..., M we first draw a training set of 7" parame-
ter scenarios a1, ... a(™7T) from the simulation pool G
(with replacement) and solve

J
y™ €arg min Z("(x) subjectto » x; =B,

xe{0,1}7 =
“4)
where the sample-average objective is
1z
7(Mm) (x) — — Y (m,t)
ZM(x) = TZRSE(MX,a ). (5)

t=1

We then evaluate each y(") directly using SCR on a sep-
arate validation set of unseen parameter scenarios in G by
recording the average RSE(N ) across those draws. We se-
lect the y(") that achieves the lowest average RS E(N ), and
test it on another unseen set of parameters in G using SCR,
constituting our test results.

The SAA method provides theoretical guarantees on the
optimality gap between the true stochastic optimum and so-
lutions obtained from finite samples, with the gap shrinking
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as the number of training and test scenarios increases [Ver-
weij et al., 2003]. While in real-world wildlife population
estimation, each SAA subproblem is solved approximately
rather than to true optimality, using the SAA procedure of
optimizing over multiple independent samples and evaluating
on large held-out test sets still offers a valuable approach.

3.2 Optimizing Sensor Placement
This subsection describes how we search for camera trap con-

figurations that achieve low average RSFE(N). Our method-
ologically diverse approaches operate using the SAA objec-
tive, evaluating each candidate configuration on a finite set
of training parameter scenarios and using average precision
error as the quantity to minimize.

Greedy Algorithm Given the computational complexity
associated with evaluating the large number of possible sen-
sor configurations, we propose using forward greedy algo-
rithms to efficiently search the solution space. The greedy
algorithm (Algorithm 1) selects the sensor location, one at a
time, that produces the greatest expected reduction in average
RSE (N ) across a set of o parameter draws when added to
the current partial configuration, starting from the empty set.

The algorithm is initialized with an empty configuration
x = [0,0,...,0], indicating no traps have been selected
(line 1). The outer loop (line 2) iterates B times, adding
one trap per iteration until the budget is exhausted. At the
start of each iteration, we initialize a tracker for the mini-
mum observed average RSFE(N) across T scenarios and the
best candidate location (lines 3—4). The inner loop (line 5)
then considers every candidate location j not yet included in
the current configuration. For each j, we temporarily add:it
to obtain a candidate configuration Zimp (line 6) and evalu-

ate the sample-average objective Z(m) (Xiemp) OVer the current
SAA replicate’s T" parameter scenarios (line 7). If this can-
didate configuration achieves a lower average RSE(N) than
any previously evaluated in this iteration, it is recorded as the
current best (lines 8—10). After all unselected locations have
been evaluated, the location yielding the greatest reduction in

RSE(N) is permanently added to the configuration (line 13).
A key advantage of this forward selection strategy is that a
single run produces layouts for all budgets from 1 to B: the
first chosen location is optimal for-a budget of one camera,
the first two locations define the layout for a budget of two
cameras, and so on, until B cameras have been placed. This
eliminates the need to rerun the optimization procedure sepa-
rately for each budget level, reducing computational cost.

Modified Genetic Algorithm We adapt the existing ge-
netic algorithm method to our multi-scenario setting. The ex-
isting genetic baseline is designed to optimize performance
under a single parameter setting and, therefore, cannot di-
rectly account for variation across multiple o scenarios. To
address this, we define fitness in terms of the same sample-
average objective used in our SAA framework. Configura-
tions with lower average error across 1" scenarios yield higher
fitness. SAA-Genetic runs the modified genetic algorithm
M times using the same groups of 1" parameter scenarios in
training and evaluates using the same validation and test sets
as the greedy method to enable one-to-one comparison.

Algorithm 1 Forward Greedy Algorithm for Trap Selection

Input: Candidate trap locations, budget, scenarios o("™*)
Output: Selected trap configuration x

1: x < [0,0,...,0] (no traps selected)

2: for s = 1 to budget do

3:  MINRSE ¢ o0

4 add < None

5: for each trap j with z; = 0 do

6: Temporarily set x; <— 1 to obtain X¢eymp
7 Evaluate objective Z(m) (Xtemp)

8 if Z(m) (Xtemp) < mingsg then

9: add < j
10: MINRSE Z(m) (Xtemp)
11: end if
12:  end for
13:  Set x4qq < 1 (permanently add trap with largest

decrease in RSE)

14: end for

15: return x

Integer Programming We also attempted a formulation
using integer programming. The objective commonly used
by ecologists of RSE(N) is highly nonlinear (Section 3.3).
To leverage this method, we constructed a truncated integer
programming formulation based on simplifying the nonlinear

terms in the RSE (N ) expression. Although this approxima-
tion led to faster solve times than our greedy and modified
genetic methods, the resulting configurations did not improve
on the greedy solutions. They generally performed worse
than our modified genetic method, but better than uniform
baselines. Because the truncation did not yield better empiri-
cal performance, we did not pursue this approach further.

3.3 Fast Computation of Population Estimation
Precision

Evaluating the performance of each candidate layout requires
fitting the SCR model (solving a maximum likelihood esti-
mation problem) over the simulated capture histories under
that sensor layout, which is computationally prohibitive in
real-world settings. For context, evaluating one 10-camera
and one 80-camera layout on 150 simulations with SCR takes
roughly 40 and 210 minutes of wall-clock time, respectively,
on a remote computing cluster. To overcome this barrier, Ef-
ford and Boulanger introduced an approximation that can es-
timate the performance of camera trap configurations without
repeatedly fitting SCR models.

RSE(Nx,0) = ———— ©)
V(B (x, @), B, (x, )

They proposed a non-linear, closed-form approximation for
the relative standard error of the estimated population size
(Eq. 6), where E,, represents the expected number of unique
individuals observed and F, represents the expected number
of recaptures (Eq. 7, 8) and D(!) is the density in location !
under the habitat parameters 3 in the parameter vector « [Ef-
ford and Boulanger, 2019]. We expand the expressions for
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E,, and FE, to take into account the sensor placement deci-
sions encoded by a binary vector x, where x; represents the
decision of whether a camera is placed at each location j (1)
or not (0) under a given parameter scenario c.

E,(x,a) = Expected # of Unique Individuals ¢ Detected

= Z D(l) - Pr[detect ¢ with activity center ]
]

= Z D(l) - {1 — Pr[never detect ¢ with /] }
1

J
= ZD(Z) 1= H(l —x; Pr[l,j; a))¥
l j=1
@)
E.(x,a) = Expected Number of Recaptures
= Expected Number of Captures — E, ®)

=33 "D(1)- ;- Prll,j,a] - By,
A

Given the runtime improvements provided by this closed
form approximation over using maximum likelihood estima-
tion of SCR, we use RSE(N) when optimizing sample aver-
ages across the training parameter scenarios.

4 Case Study Data Generation

We define five habitat preference and detection parameters,
which together form the o parameter vector, and whose val-
ues are treated as random inputs to generate the scenario set
in our American marten case study — gg, o, 31 (tree cover),
(B2 (human footprint), and average density D. To define a
realistic range of values, we drew upon ecological and be-
havioral information from published literature. Detection pa-
rameters were varied over a plausible range of baseline de-
tection probabilities (go € [0.01,0.5]) and movement scales
(o € [200,1000] m), with the o range chosen to'match home
range sizes observed in telemetry studies across North Amer-
ica [Feldhamer et al., 2003; Connor et al;, 2023]. We sim-
ulated spatial variation in marten density in response to per-
cent tree cover [Sexton et al., 2013] and human footprint in-
dex [Wildlife Conservation Society, 2005]. We assumed a
strongly positive relationship with tree cover (8; € [0.1,2])
and a negative to weakly positive relationship with human
footprint (B2 € [=1,0.5]) [Feldhamer et al., 2003]. Aver-
age population density was varied over D € [0.0015, 0.004]
animals/ha, consistent with estimates of marten abundance
across North American forested landscapes, yielding true
N € [178,561] for our study area [Feldhamer et al., 2003].
We assumed a study with K = 5 sampling time periods of
indeterminate length, consistent with the SCR package de-
fault. Our greedy and genetic methods optimize over this en-
tire range, so performance depends on the assumption that
the true parameters lie somewhere within these bounds rather
than on precise point estimates. Before using simulated data
for design optimization, we verified that the simulation pro-
duces capture rates and detection patterns that are consistent
with expectations from prior work or experts.

Candidate Trap
Location
°

Average Marten
Density

0.017

0.0005

0 5 10 mi A

Figure 2: Simulated Average Marten Density (lower = purple, higher
= yellow) & Candidate Locations for Camera Trap Placement (yel-
low circles) within Study Area in South Chilcotin Mountains

We generated 300 parameter realizations covering the set
of possible combinations of parameter values G using Latin
Hypercube Sampling (LHS) [Helton and Davis, 2003]. LHS
divides each parameter’s range into equal-probability inter-
vals and ensures that each interval is sampled exactly once
per parameter across all samples, representing an efficient
way to achieve stratified, space-filling coverage with a min-
imal number of samples. We reserved 100 parameter draws
as our training bank, of which M = 20 repetitions optimize
on 7" = 10 randomly selected parameters with replacement
in our SAA framework. We reserved a further 50 draws for
validation of our optimized layouts using SCR, and the re-
maining 150 as an independent test set for SCR. More details
on our selection of the size of our training, validation, and test
parameter sets can be found in Section § A.2.

Candidate camera trap sites were defined as a uniform grid
at 1 km spacing across the study area. This spacing is =~ 67%
finer than the 3 km grids typically deployed in this landscape,
providing ecologists with a denser set of candidate place-
ments to choose from. When necessary, experts could refine
this candidate set further to remove locations that are inacces-
sible by humans due to terrain or other logistical constraints.

We evaluate performance using our SAA framework across
eight trap budget levels (10, 20, ..., 80). These budgets were
selected as they include the number of traps needed to satisfy
the ideal 2.50 spacing in the study area for our species across
the range of potential sigma values sampled, from o = 200
(= 75 traps) to o = 1000 (= 15 traps). The simulated av-
erage density across all 300 LHS samples and the candidate
trap locations in our dense grid can be viewed in Figure 2.

5 Results & Discussion

Figure 3 showcases the true relative standard error of the pre-
dicted population size, RSE(N), and mean absolute bias,

|N— N |, when evaluated on our test parameter set using SCR,
and compares our SAA-Greedy and SAA-Genetic methods to
the Uniform baseline. These results exclude parameter real-
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RSE(N) and Mean Absolute Bias (|I\7 —N|) vs Number of Traps
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Figure 3: Relative Standard Error and Mean Absolute Bias per
Camera Budget by Method (Uniform - purple, SAA-Genetic - blue,
SAA-Greedy - green) Configuration Design Methods. Shading rep-
resents 95% confidence interval of values across test parameter set.

izations that were total failures of the SCR model, where SCR
fails to reach a finite and reliable maximum likelihood esti-
mate. When comparing methods, total failures occurred most
commonly in the Uniform baseline. When comparing bud-
gets, failures exhibited a linear decreasing trend as the bud-
get increased before plateauing around 40 traps for all meth-
ods (Section § A.3). Total failures were also less common in
our SAA-Genetic approach than in the single a scenario ge-
netic baseline, indicating further improvements in our genetic
method (Section § A.4).

Our SAA-Greedy approach achieved the lowest RSE(N)
across all camera budgets, demonstrating better precision in
estimating the population size over the independent test set
of scenarios than our SAA-Genetic method and the Uniform
baseline. When comparing our SAA-Greedy method to the
Uniform baseline, the SAA-Greedy method produced a sta-
tistically significant lower bias on all budgets but 10 cameras,
which produced a higher bias that was not statistically sig-
nificant (Table 1). The error at 10 cameras should be inter-
preted as an edge case rather than a realistic design choice, as
a 10-trap configuration cannot maintain even the coarsest rec-
ommended spacing relative to the largest simulated o values,
and ecologists would not deploy so few cameras in this land-
scape for the American marten. This demonstrates our SAA-
Greedy method’s robust performance advantage over the Uni-
form baseline across a full range of plausible sensor budgets.
The SAA-Genetic approach also improved performance rel-
ative to Uniform, but its gains leveled off as trap budget in-
creased, whereas the SAA-Greedy method continued to im-
prove. Again, the SAA-Greedy method produced lower bias
across all budgets except 10 cameras, which showed a higher

Number of Traps  Method RSE(N y' Mean Abs. Bias'
10 Uniform 0.121 240.59
Genetic 0.112 214.89
Greedy 0.104 304.95
20 Uniform 0.086 311.84
Genetic 0.087 207.65
Greedy  Y€0.062 Y171.51
30 Uniform 0.070 234.58
Genetic 0.064 199.07
Greedy Y0.055 U158.59
40 Uniform 0.070 227.69
Genetic 0.057 163.55
Greedy UG0.048 UG115.33
50 Uniform 0.068 214.21
Genetic 0.051 159.22
Greedy  Y€0.036 UG97.82
60 Uniform 0.063 195.68
Genetic 0.047 120.32
Greedy Y0.041 Y109.20
70 Uniform 0.052 151.98
Genetic 0.049 128.62
Greedy UG0.032 UG73.35
80 Uniform 0.057 168.21
Genetic 0.044 122.76
Greedy UG0.034 UGg1.88

Table 1: Relative standard error RSE(N ) and mean absolute bias
|]\7 —N| by trap budget and method. fSuperscripts on greedy method
rows imply statistically significantly lower RSE or bias at o = 0.05
relative to other methods: Y vs Uniform and ¢ vs Genetic.

bias that was not statistically significant (Table 1). Of the
other budgets, the SAA-Greedy method achieved a statisti-
cally significant improvement in bias compared to the SAA-
Genetic method at 40, 50, 70, and 80 cameras. Addition-
ally, our SAA-Greedy method is much more computationally
feasible, with SAA-Greedy running 2.25 times faster than
the SAA-Genetic method to optimize across all eight bud-
gets. This highlights our greedy method as a practical, high-
performing approach that captures most of the performance
benefits at a fraction of the computational cost, without caus-
ing any statistically significant impact on the accuracy of pre-
dictions for the other parameters (Section § A.5).

Overall, the 70 camera layout achieved the lowest RSE
and mean absolute bias across all the budgets (Figure 3,
Table 1). This is not surprising, as 70 cameras is suffi-
cient to maintain the ideal 2.50 spacing along the study area
for the majority of our parameter draws. Looking at the
70-camera configurations resulting from the Uniform, SAA-
Genetic, and SAA-Greedy methods reveals clear differences
(Figure 4). We hypothesize the clustering present in both
the SAA-Genetic and SAA-Greedy approaches arises from
a couple of sources. Firstly, the clusters of cameras border
some of the most contiguous forests within the study area.
This could symbolize our model is adjusted appropriately
based on the marten’s habitat preferences. Secondly, given
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Figure 4: Baseline Uniform (Purple Circles), SAA-Genetic (Blue
Triangles), and SAA-Greedy (Green Stars) Camera Trap Configura-
tions with Budget of 70 Cameras.

our candidate sensor grid locations’ spacing of 1 km and the
smallest marten o being near 200 m, the algorithm likely pri-
oritizes maximizing the expected number of recaptures (F,.)

in the RSE(N) computation done in the optimization.

Figure 5 shows the impact each 70-camera layout had on
the error in predicted cell densities across the landscape. In
all designs, clusters of positive bias (red cells) remain, partic-
ularly along the western border of the study area, which likely
reflects large number of activity centers simulated in the
buffer area just outside the deployable region (Section §A.1).
Per-cell density errors ranged from about -0.001 to.0.080 an-
imals/ha. Relative to the Uniform layout, both optimized de-
signs substantially shrink the magnitude of error in high-bias
regions: the maximum positive bias is reduced by roughly
~ 30% in the SAA-Greedy design and ~ 25% in the SAA-
Genetic. The SAA-Greedy layout does so most effectively,
with fewer and less intense hotspots than the SAA-Genetic
layout. This pattern indicates that the'SAA-Greedy design’s
reduction in bias arise from @ broad suppression of spatial
bias across the landscape, rather than from trading improve-
ments in one region for worse performance in others.

6 Conclusion

We have presented a novel framework for optimizing cam-
era trap placement across ecologically realistic simulations of
animal behavior using greedy search and genetic algorithms.
Across a wide range of budgets and parameter realizations,
our SAA-Greedy method consistently achieved lower relative
standard error and mean absolute bias than both the Uniform
baseline and SAA-Genetic method. These gains appear not
only in global summary metrics, but also in the spatial dis-
tribution of error, where algorithmic-derived layouts reduce
high-bias hotspots and lessen estimation error across the land-
scape. Importantly, these gains persist when evaluated under
parameter values different from those used during optimiza-

Genetic Greedy

p-._. o T ‘ E-’ .

Uniform

Mean Bias -

-0.001 0.08

Figure 5: Mean bias in predicted cell-level density under our SAA-
Genetic, (top left) and SAA-Greedy (top right), and uniform (bot-
tom) 70-camera configurations. Warmer colors indicate positive bias
(overestimation), cooler colors indicate negative bias (underestima-
tion), and white cells are zero bias.

tion. Together, these results indicate that our methods yield
more reliable density estimates, enabling ecologists to better
assess population status, evaluate conservation actions, and
allocate limited monitoring resources more effectively.

We are now piloting these methods in real-world moni-
toring studies. We have collaborated with the University of
British Columbia to deploy cameras for grizzly bear monitor-
ing in the South Chilcotin Mountains, BC, and are currently
in the process of analyzing the resulting imagery. In Wash-
ington State, we are working with Panthera to optimize puma
monitoring in the Olympic Peninsula. In Kenya, we are col-
laborating with the Mpala Research Centre and MIT to apply
our approach to Grévy’s zebras in the Laikipia region. These
pilots will enable us to refine the framework based on practi-
tioner feedback.

Several extensions are possible for this work. Although
our study focuses on allocating traps for new studies, the
approach could also support existing deployments, includ-
ing optimizing additional placements for partially deployed
grids or identifying which traps can be removed with mini-
mal performance loss. Our framework is also complementary
to adaptive survey designs, in which results from one time
period inform future camera placement. Lastly, it could be
extended to optimize deployments for multiple species.

This work aims to provide a generalizable framework for
enabling more efficient wildlife monitoring. To support re-
producibility and reuse, our simulation, optimization, and
evaluation code are available on GitHub.


https://github.com/Dilkina-Lab/Sensor-Opt
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A Appendix

A.1 Defining SCR Model State Spaces

A critical element of SCR modeling is defining the state
space, or the area over which potential activity centers are
distributed (A). The state space includes a buffer around the
detector array wide enough to account for animals whose ac-
tivity centers lie outside the trapping area but who may still
be captured by sensors within it. Too narrow a buffer biases
density estimates high by excluding these individuals from
A; excessively large buffers add computational cost without
improving estimates [Royle er al., 2013]. We follow the com-
mon convention of applying a buffer of 2¢.

A.2  Sampling for Case Study Data Generation

Previous applications of Latin Hypercube Sampling (LHS) in
ecological modeling suggest a few hundred samples are typ-
ically sufficient for robust coverage of joint parameter space
[Marino er al., 2008]. To verify this, we generated capture
histories for each of our 300 LHS draws using a o-spaced trap
array, fit a SCR model to each, then subsampled 25, 50, 100,
150, and 250 simulations (repeated 100 times) and computed
the relative root mean squared error (rRMSE) of each param-
eter. Error levels stabilized at 100—150 samples, so we used
150 parameter draws for training and validation and reserved
the remaining 150 as an independent test set.

A.3 Total Number of SCR Model Failures

Total Failures per Trap Budget by Method
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Figure 6: Total number of total failures of the SCR test evalua-
tion per trap budget for three placement strategies. Lines show, for
each camera budget, the total count of test-set simulations which
failed to converge to reliable estimates for the uniform baseline (pur-
ple), SAA-Genetic (blue), and SAA-Greedy (green) methods. Fail-
ure counts decrease with increasing trap numbers for all methods,
with the SAA-Greedy and SAA-Genetic methods generally produc-
ing fewer test failures than the uniform layout at moderate and high
budgets.

A4 SAA-Genetic Algorithm Improvements

Genetic Algorithm: Avg. # Total Failures per Trap Budget
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Figure 7: Average number of total failures per budget for the mod-
ified, SAA-Genetic (dark blue)-and existing (light blue) genetic al-
gorithms across trap budgets. For the existing method, each point
is based on 20 independently trained genetic algorithms, where each
optimization used a randomly selected single parameter scenario and
was evaluated on a common test set of 150 parameter draws. For the
SAA method, each point is based on 20 optimization replications,
where each genetic replication was trained on 10 randomly selected
parameter scenarios, and the plotted failures correspond to the se-
lected layout for each budget evaluated on the same 150-draw test
set. The large number of failures at the smallest trap budgets are
likely a consequence of insufficient camera coverage over the study
area.

A.5 Full Parameter Performance
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Figure 8: Mean absolute error in detection-function parameters.
Panels show error in 31, B2, o, and go as a function of the number of
traps, comparing the uniform baseline (purple), SAA-Genetic (blue),
and SAA-Greedy method (green). Red symbols on the SAA-Greedy
curve indicate budgets where the SAA-Greedy method produced a
statistically significant better (Welch ¢-test, « = 0.05) than the uni-
form (triangle, U), the SAA-Genetic (square, G), or both methods
(star, UG).
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