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Abstract

Camera trapping has become crucial in wildlife research, enabling detailed observations of elusive
and nocturnal species with limited human interference. The use of occupancy modelling to analyse
camera trap data is also rapidly increasing, aiding in the assessment of habitat selection, species
distribution, and multi-species dynamics while considering imperfect detection. However, the
design of camera trap studies, typically involving large grids with limited cameras, often results in
sparse data and low detection probabilities which challenges model accuracy. These low detection
probabilities can hamper model performance and resulting inferences, however to what extent this
is true for multi-state occupancy models is still unknown. In this study, I simulated datasets with 60
and 200 sites, with various detection probabilities between 0.001 and 0.9 and their impact on multi-
state occupancy models to establish thresholds required for model reliability. The results revealed
that detection probabilities must exceed 0.1 for model convergence, and that values above 0.2
minimized bias and eliminated convergence issues. Additionally, more than 60 sites are required in
multi-state occupancy models for finding habitat relationships, which is more than found for single-
state occupancy models. The case study on moose and roe deer revealed that while aggregation of
survey length increases detection probabilities it also increases uncertainty in estimates. Models with
daily detection histories failed to converge, while weekly aggregation improved fit for some
parameters, however there still had large uncertainty. Simplifying state complexity enhanced model
performance despite low detection probabilities but could not fully mitigate the effects of the sparse
data. I conclude that when detection probabilities are too low, complex occupancy models are
difficult to fit. Strategies like deploying multiple cameras, targeted camera placement or using bait
can increase detection rates but may introduce biases. However, the gained model performance from
higher detection probabilities might outweigh these biases. Ensuring higher detection probabilities
and adequate data collection is essential for reliable model outcomes. This study highlights key
thresholds and considerations for improving multi-state occupancy models using camera trap data,
aiding in the design of more effective wildlife research studies.
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1.Introduction

Camera trapping has become a common technology in wildlife research, enabling detailed
observations of species in their natural habitats without the need for direct human interaction
(Delisle et al., 2021; Fisher, 2023). This technology has proven particularly valuable in the study
of elusive and nocturnal species, where traditional observation methods fall short or are too cost-
intensive (Bondi et al., 2010; Hofmeester et al., 2024; Palmeirim et al., 2019). Among the many
applications of camera trap data, occupancy modelling stands out as a flexible methodological
approach to assess habitat selection and species distribution (Rovero & Zimmerman, 2016). This
technique has seen a significant increase in popularity, largely in response to earlier oversights
where many did not account for imperfect detection (Burton et al., 2015). However, fitting
occupancy models to camera trap data introduces several challenges that must be addressed. These
challenges arise from the limitations in effort per location due to the finite number of cameras, the
duration of their deployment, and the restricted detection distance and view angle inherent to
camera traps (Burton et al., 2015; Mclntyre et al., 2020; O’Connor et al., 2017). Consequently, the
resulting low detection probabilities (the likelihood of detecting a species, given it is present) can
affect the accuracy of detecting and estimating the occupancy states of species (Kéry & Royle,
2020; Pautrel et al., 2024; Steenweg et al., 2019). These inherent issues illustrate the need for a
deeper understanding of how low detection probabilities impact the reliability of occupancy
models and the robustness of ecological inferences that can be drawn from such studies.

Occupancy models are designed to estimate the probability that a given ‘site’ is used or
occupied by a species while considering the imperfect detection of individuals (MacKenzie et al.,
2017; Mackenzie & Royle, 2005). This approach provides a robust framework for making
inferences about species distribution patterns based on detection-non-detection data collected over
time (Kéry & Royle, 2020). However, applying these models to data from camera trap studies,
which often employ an extensive grid layout, introduces significant challenges (Rovero &
Zimmerman, 2016; Royle & Dorazio, 2008). In these studies, camera traps are distributed across
larger grid cells, each containing one or more sampling locations (Burton et al., 2015). Plot sizes
are often arbitrarily chosen because they do not correspond well to the actual field of view of the
camera, which is often much smaller than the grid cell (as discussed in Efford & Dawson, 2012 &
Steenweg, 2018). The chosen plot sizes are then often much larger than the area a camera
effectively samples, leading to sparse datasets with infrequent repeat detections at occupied sites
across survey dates. Additionally, for species with larger home ranges, this results in high
occupancy estimates because occupancy is interpreted as the 'use' of a location, and these species



use multiple grid cells, albeit rarely (Steenweg et al., 2018). When occupancy of a study area is
high and detection probabilities are low, it becomes challenging for the model to ascertain the true
occupancy status of sites where the species was not detected, increasing the uncertainty of
ecological assessments (Efford & Dawson, 2012; Steenweg et al., 2019).

Low detection probabilities have been shown to be an issue for model-fitting within occupancy
models (Delisle et al., 2023; Mckann et al., 2013; Pautrel et al., 2024; Steenweg et al., 2019). Even
for the simplest models, low detection probabilities can severely compromise the accuracy and
reliability of model fitting. Simulation studies for simple occupancy models have shown that
detection probabilities below 0.2 can result in biases and convergence issues (Kéry & Royle,
2020). To increase detection probability one can aggregate continuous camera trap data into longer
survey periods (Burton et al., 2015), which reduces temporal resolution but increases detection
probability and theoretically should have limited impact on occupancy estimates (Rovero &
Zimmerman, 2016). However, reaching a detection probability of 0.2 can still be challenging when
studying a species which is elusive or in low densities and when there are limited number of
cameras per site. The current knowledge of model functioning and detection probability thresholds
is all based on single state static and dynamic occupancy models but for more complex model
specifications (e.g. multi-state, multi-species, and for models including covariates) this has yet to
be explored.

Low detection probabilities could be particularly problematic for multi-state occupancy models
(including multi-species and community models; Rota et al., 2016), which are designed to capture
various occupancy states of a species at a site (e.g., unoccupied, occupied without offspring,
occupied with offspring, Nichols et al., 2007). While these models are versatile and offer nuanced
interpretations of ecological systems, their effectiveness hinges on the accurate classification of
states. This accuracy, in turn, depends on the frequency and reliability of detection events. Multi-
state models also require the estimation of extra parameters, necessitating a substantially larger
dataset (Kéry & Royle, 2020). Therefore, it is important to consider these factors when planning a
study. Insufficient detection probabilities or an inadequate number of sites or surveys can severely
limit any model's inference capabilities. While I expect this to be a problem for multi-state
occupancy models it is unknown if multi-state occupancy models have different data requirements
than the frequently studied single species models.

In this thesis, I aim to identify the required detection probabilities and implications of using
occupancy models with camera trap data, specifically focusing on how low detection probabilities
affect the accuracy and reliability of these models in ecological assessments. I will simulate
multiple scenarios for detection probabilities using a fixed number of sites and surveys and
evaluate the model outcome to the true values used for simulation. Additionally, I will conduct a
case study with data on moose and roe deer to illustrate convergence issues and the effects of
different data aggregations, highlighting the challenges associated with camera trap data
aggregation and the detection probability requirements for stable model convergence. This
simulation study serves as a starting point for designing future studies that utilize camera traps for
(multi-state) occupancy modelling, I highlight the considerations and adjustments needed for



applying these models effectively in wildlife research. Furthermore, the case study is used as an
example of the possibilities and limitations associated with very limited data.



2. Methods

2.1 Multi-state occupancy modelling framework

2.1.1 Model structure

The model used for simulation was structured as a hierarchical, single-season multi-(four)-state
occupancy model akin to the model described by Mackenzie et al. (2006). The simulation study is
based on a study system of Moose, focusing on the occupancy of female moose and their
reproductive status during summer (May to September). Figure 1 gives a schematic visualization
of the dependencies between the different possible occupancy states.

Site

Occupied

A

Occupied with calves

Modeled States

1-¥ Y(1-Ry) YRy (1-Ry) YRR,

Y

State 2 State 4

State 1 State 3

(Occupied with at least
2 calves

Occupied without

Unoccupied Occupied with 1 calf

Figure 1: Diagram of the structure of the multi-state occupancy model used in this study, indicating dependencies
and probability parameters. ¥ is indicating the probability of site occupancy, whereas 1 — ¥ indicates the
probability of a site not being occupied. Occupancy is defined as location is ‘used’ during the study period. The
formulas indicate the conditional probability of the state, given that the site is occupied (see text for elaboration).



The model considers a total of four states, with one state representing unoccupied sites and the
other three representing occupied sites with varying reproductive outcomes. The probability of site
occupancy (V) is the foundational layer, upon which the reproductive states are conditional. The
R coefficients determine the relationship between the states.

Q;[m]: Probability of each state per site

Y = Pr(Occupied) = Q.[2] + Q¢[3] + Q [4]
Q[1] = Pr(Not occupied) = 1 - ¥
QO.[2] = Pr(Occupied without calves | Occupied) = ¥,(1 — R})
Q[3] = Pr(Occupied with 1 calf | Occupied) = ¥, R}(1 — R?)
Q.[4] = Pr(Occupied with > 1 calves | Occupied) = ¥, Rl R?

In this simulation study I modelled the occurrence of a species across a network of camera traps
sampled over a period of time to understand its distribution and detection patterns. Specifically, I
conducted a series of surveys across distinct sites to collect data. For each site s, ranging from 1 to
S sites, | have carried out J surveys, where j spans from 1 to J and stored their observations in an
S by J matrix Y. The latent true state Z;, was modeled at each site during each survey using a
categorical distribution, with the probabilities of each state defined by Q (eq. 2.1, and eq. 2.2).

Zs ~ Categorical(ﬂé ) (eq. 2.2)

The influence of environmental and site-specific covariate on state occupancy () was
modelled using hierarchical multinomial logit functions (eq. 2.3, 2.4, and 2.5). These relationships
are represented by the equations:

logit(¥;) = 6o+ 61 % Xyg+ -+ B, %X, 5 (eq. 2.3)
logit(R15) =6p+ By % Xyg+ -+ 6, x X, 5 (eq. 2.4)
logit(R25) =8+ B % Xy g+ -+ 67 x X, g (eq. 2.5)

Where X, ¢ represents the covariate matrix and 7 indicates the specific covariate for each site s.
8, s are the coefficients estimating the influence of these covariates. 8, is the intercept for each
model providing a baseline of state occupancy.

Detection probability (®) was kept constant across sites and surveys for simplicity. The
detection matrix (eq. 2.6) presents the probability of detection based on the latent state z/i/, where



each row represents an observed state, and each column corresponds to a modelled latent state
(both ordered from state 1 to 4). The values within the matrix reveal the probability of detecting
an observed state given the modelled latent state. This matrix is built with the assumption that false
positives are not possible, hence everything on the right side of the matrix is filled with zeros. This
assumption is thought to be adhered to as every image is manually classified and antlers of bulls
have already started forming in the beginning of May making the chance of false positives to be
in the data extremely low.

1 0 0 0
1 — ptt pt0 0 0

C) 1 — (p?! + p2?) p2l  p22 g (eq.2.6)
33

1 — (p3,1 + p3,2 + p3,3) p3,1 p3,2 p
Here, pZ’ represents the probability of detection given the latent state, with z indicating the
initial latent reproductive state and j specifying the observed state.

ys ~ Categorical (8, z)) (eq.27)

The latent state zj5 and the accompanying detection probabilities (©) are then combined to

model the observed state through equation 2.7.

The full commented model code can be found on GitHub!. Here you also find multiple
parametrizations such as a three-state model (A model simplification where state 4 and 3 are
combined), and models with covariates for occupancy or/and detection probabilities.

2.2 Simulation and power analysis

2.2.1 Simulation design

This simulation study was designed to predict occupancy probabilities of moose across a
landscape under a forest density gradient. I simulated data for 60 sites over 35 survey dates,
following recommendations by Kays et al. (2020) to achieve both reliable covariate relationships
and accurate occupancy estimates. The chosen site number (40-60) is considered a realistic
minimum for a study period of 4-5 weeks (28-35 days).

I modelled ten different detection probabilities ranging from 0.001 to 0.9 to detect the correct
occupancy state (pl't, p%2, p?), while misclassification probabilities were held constant at 0.05
(p?1, p>1, p>?%; Table 1). For each detection probability, I generated 100 datasets with no

covariates, and 260 datasets with one covariate, each sampled with the 200 unique true states
sampled from the occupancy matrix £ ;q¢e (eg. 2.7) and the detection matrix O,;; (eq. 2.6 & eq 2.7).

! https://github.com/ThomasOsinga/MultiStateOccupancyPowerAnalysis

10


https://github.com/ThomasOsinga/MultiStateOccupancyPowerAnalysis

The occupancy probabilities (€2) for the model without covariates were determined by fixed
parameters for ¥ (0.7), R1(0.5) and R2(0.2). For the simulation with covariates, the occupancy
probabilities for each state were modeled using a linear model on the logit scale, applied to a
uniformly distributed site covariate, forest density, which I scaled from -2 to +2 (eq. 2.3, 24 & 2.5).
Fixed regression coefficients were used for the linear model (Table 1). Each simulation retained
the same sequence of 'true states’ across different detection probability settings to ensure
consistency.

Table 1: Initial values used for each detection probability and intercept and slope parameters for models including
one covariate for the different simulations.

Parameters Values
Detection Probability (p11, p22, p33)" 0.001, 0.005, 0.01, 0.05, 0.1, 0.2, 0.3, 0.5, 0.7, 0.9
Misclassification Probability (p21, p31, p32)" 0.05

Bo,[1.1] log(3)

80,12,1] log(0.5)

80,(3.1] log(0.1)

B11,1] 4

61,[2,1] 5

61,[3,1] 1

2.2.2 Statistical Modelling Using JAGS

The simulated data were analysed using JAGS (Just Another Gibbs Sampler) in R utilizing the
jagsUI package (v.1.6.2, Kellner 2024). JAGS is a software designed for Bayesian hierarchical
modelling via Markov Chain Monte Carlo (MCMC) methods using the BUGS language (Bayesian
inference Using Gibbs Sampling). I developed a Bayesian multi-state occupancy model in BUGS
to estimate the relationship between forest density and the multiple states of moose occupancy,
considering both direct detections and misclassification errors. I ran the model for each dataset,
where the posterior distributions of the parameters were estimated over 50,000 iterations, with the
first 32,500 iterations discarded as burn-in with a thinning rate of 5 to avoid autocorrelation. I ran
the model in parallel across 3 chains. Convergence diagnostics were assessed using the Gelman-
Rubin statistic (R) and effective sample size. Model specifications, including priors for the fixed
effects (i.e., intercept and slope for forest density) and the detection probabilities, are fully detailed
in the model script available in Appendix V).

The posterior distributions were analysed by calculating the bias, coverage (meaning the
proportion of true values falling within the 95% credible intervals of the posterior), root mean
square error (RSME) and, coefficient of variation (CoV) for each detection probability scenario

11



across the simulations. The percentage of model convergence was noted as a percentage of models
having (R) values below 1.1 and above 0.9 for all parameters.

2.3 Case study: moose and roe deer in northern Sweden

2.3.1 Study aim

To test the limits of the multi-state occupancy model I used a dataset from a camera trap study
in northern Sweden. Population densities of mammals are relatively low in this part of the world,
so I tested the model on the two species with the most sightings during the study period. Roe deer
and moose were the only two species in my data meeting the requirements for our model, mostly
being solitary during summer and having the ability to have multiple offspring. These two
requirements ensure that the same state is unlikely to occur on the same location, adhering to the
conditional hierarchical structure of the model.

2.3.2 Camera trap data wrangling

To analyse differences in habitat selection between females without offspring and those with
one or multiple offspring, I used camera trap data collected from a study conducted in the
Jarndshalvon peninsula in northeast Sweden, as part of the Beyond Moose project (Cromsigt et al.,
2023). The details of the study design can be found in Hofmeester et al. (2020). The camera traps
were in operation from the spring of 2017 until the spring of 2018 however, for this study I
specifically included data from May 2017 to September 2017. This timeframe was selected
because I focused on the habitat selection of females with their offspring. Before May, few
offspring are born (Hofmeester et al., 2020; Solberg et al., 2007), and after August, the lactation
period is concluded for most individuals (Mauget et al., 1997, 1999; Severud et al., 2019). The
data is annotated to species level, including the distinction between sex (female, male, unknown)
and life stage (adult, sub-adult, juvenile, unknown). I reclassified the data into three classes,
occupied female (adult and sub-adult female moose), occupied with a single calf, and occupied
with multiple calves.

For this study, I transformed the data to a detection-non detection data format. This
transformation incorporates a temporal dimension, aggregating data in each location as detected
or non-detected within a timeframe, defining the survey length. The survey length was set to daily,
as this still holds most of the information, and weekly to see if increased detection probabilities
give better model estimates.

2.3.3 Modelling occupancy and covariate integration

I ran four and three-state occupancy models (as detailed in 2.1 and Appendix V) with one
covariate and without covariates to evaluate the limits of my data on model convergence. I ran the

12



models over 100,000 iterations, with the first 60,000 iterations discarded as burn-in with a thinning
rate of 5 to avoid autocorrelation. I ran the model in parallel across three chains. Model
performance was analysed using the Gelman-Rubin statistic (R), effective sample size, confidence
intervals and, viewing posterior distribution and traceplots.

The model was structured to estimate four states for each site: unoccupied, occupied without
offspring, occupied with one calf, and occupied with multiple calves. The detection process was
modelled separately, accounting for potential misclassification of the true occupancy state during
each survey. For the three-state model I simplified the model where all sightings with 1 and more
than 1 calf were counted as state 3. Full commented model code for the four-state model can be
found in Appendix V, the three state model is found on GitHub?.

2 https:/github.com/ThomasOsinga/MultiStateOccupancyPowerAnalysis
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3. Results

3.1 Simulation results

3.1.1 Four-state occupancy model with no covariates

Fitting the occupancy model without covariates to simulated data reveals that the model begins
to converge to the true value when the detection probability exceeds 0.1 (Figure 2). This
phenomenon is evident in all fitted parameters, as variability in the means decreases with
increasing detection probability, with a distinct threshold at 0.1. Additionally, fewer than 5% of
the models fail to converge when the detection probability exceeds 0.1 (Appendix I, Figure 1a).
However, the standard deviation across all fitted parameters only drastically decreases when
detection probabilities reach 0.2 or higher (Appendix I, Figure 1b).

0.75+
0.50 4
0.251
0.00+

0.754
0.50 4
0.251
0.00 4

Mean posterior estimates

SESF PP o2 @" Q‘o NQQ,Q@Q@Q'\@ QD 6’) Q\ Q@Q’\QFLB%Q"OQ’\BQ

Detection Probability

Figure 2: The average posterior estimates for the mean and 95% credible intervals across 100 simulations from the
four-state model without covariates are shown for each fitted parameter (y-axis) across 10 different simulation
scenarios with varying detection probabilities (x-axis). The black dashed lines represent the average upper and lower
credible intervals, while the solid black lines represent the average mean posterior estimate. The horizontal red lines
indicate the true parameter values used in the simulations. See the model description (chapter 2.1) for an explanation
of the different parameters.
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The diagnostic analysis of simulations with the basic model without covariates reveals that bias,
coefficient of variability (CoV), and root mean square error (RMSE) follow a consistent pattern
across all fitted parameters. Specifically, the values for bias, RMSE and, CoV are elevated when
the detection probability is below 0.05 and begin to decrease and stabilize at a detection probability
of 0.2 (Appendix I, Figures 2, 3 & 4). Coverage, the number of simulations where the true value
falls between the credible intervals, remains above 0.75 for all models with detection probabilities
above 0.005 and exceeds 0.90 for detection probabilities above 0.05 (Appendix I, Figure 5)

3.1.2 Four-state model with one covariate

Fitting the occupancy model without covariates to simulated data mirrors the model without
covariates when it goes for detection and occupancy estimates (Figure 3). All models converge
from a detection probability of 0.2, the means stabilize, and a decrease in standard deviation is
found (Appendix II, Figure 1a & 1b). However, the regression parameters are more difficult to fit,
for many simulations the relationships between the covariate and the states are not found, even for
high detection probabilities. Especially the coefficient for R (64;1]) was often not estimated
close to the true value (see Appendix II, Figure 2 for a more detailed graph). The coefficient for
R; (B4,13,17) is relatively close to zero and crosses zero in multiple simulations, indicating that the
effect is also often not found (Appendix II, Figure 2a).

The diagnostic analysis of the four-state model with one covariate aligns closely with the model
without covariates (see Appendix II, Figures 4, 5 & 6). Depending on the parameter model
performance increases greatly between 0.05 and 0.2. Meaning bias, CoV, and RMSE drop
significantly. However, two coefficients show a high bias, CoV and RMSE across all simulation
scenarios. The slope coefficients associated with occupancy (¥) and occupied with at least one
calf (R1) exhibit high bias, RMSE, and CoV. Coverage remains high (>75%) for all parameters
but is less informative at lower detection probabilities due to highly uncertain estimates (see
Appendix II, Figure 3).
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Figure 3: The average posterior estimates for the mean and 95% credible intervals across 260 simulations from the
four-state model with one covariate are shown for each fitted parameter (y-axis) across 10 different simulation
scenarios with varying detection probabilities (x-axis). The black dashed lines represent the average upper and lower
credible intervals, while the solid black line represents the average mean posterior estimate. The horizontal red line
indicates the true parameter values used in the simulations. See the model description (chapter 2.1) for an explanation
of the different parameters.

The model with 200 sites instead of 60 showed clear improvements in estimating beta
coefficients. Bias was reduced from 3-5 to less than 1 at detection probabilities above 0.2 (see
Appendix III, Figure 1). Additionally, the thresholds for detection probability parameters
decreased from between 0.1 and 0.2 to between 0.05 and 0.1, enhancing the model's performance
on covariate relationships. This indicates that increasing the number of sites drastically improves
the accuracy and reliability of parameter estimates.
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3.2 Case Study

3.2.1 Four-state static model with no covariates

Daily detection history

Fitting a four-state occupancy model to daily survey data did not give accurate estimates.
Multiple parameters when using daily survey length had R values above 1.1 and confidence
intervals covering most of the parameter space. For moose the model did converge; however,
model estimates were still very uncertain which is seen by the large credible intervals (Figure 4).

Weekly detection history

When fitting the models using weekly survey length for both roe deer and moose almost all
parameters converged, with the exception for p''! (the probability of detecting an adult with no
calves given there was an adult with no calves). However, credible intervals were large and
increased for all parameters compared to the models with daily survey lengths, except for p*?! for
roe deer and R, for moose, for which the credible intervals decreased drastically.

Moose Roe deer
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Figure 4: The posterior mean estimate and 95% credible intervals (v-axis) of both the moose and roe deer four-state
occupancy model. The detection and occupancy parameters are shown on the x-axis. See the model description
(chapter 2.1) for an explanation of the different parameters.
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3.2.2 Three-state static model with no covariates

Daily and weekly detection histories

Fitting two three-state occupancy models with daily and weekly detection history both
converged for all parameters and had acceptable confidence intervals for roe deer (Figure 5). For
moose, the occupancy estimates (¥, r) and p'! converged but estimates were extremely uncertain
as seen in credible intervals ranging between 0 and 1 (Figure 5). The model with weekly detection
probability as input had slightly larger confidence intervals. This was the case for both moose and
roe deer models.

Moose Roe deer
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Figure 5: The posterior mean estimate and 95% credible intervals (y-axis) of both Moose and Roe deer three-state
occupancy model. The detection and occupancy parameters are shown on the x-axis. See the model description
(chapter 2.1) for an explanation of the different parameters.

3.3 Three and four-state static models with one covariate

None of the models incorporating a covariate converged, therefore I took no inferential
conclusions from them (Appendix IV, Figures 1 & 2).
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4. Discussion

In this study, I simulated various scenarios to explore a range of detection probabilities, from
low to high, and their impact on fitting (multi-state) occupancy models. These simulations aimed
to establish minimum detection probability thresholds necessary for model confidence. My
findings suggest that detection probabilities must exceed 0.1 for high model confidence, with
values above 0.2 being preferable to minimize bias, reduce variability, and alleviate convergence
issues.

Although data aggregation to increase survey length and, in turn, detection probability can
address model convergence issues associated with low detection probabilities, this approach is not
a remedy for data insufficiency. Aggregating data by reducing the number of surveys increases the
uncertainty in estimates of detection probabilities and, consequently, the occupancy parameters,
ultimately affecting the robustness of model outputs. When covariates were added model
performance went down drastically, indicating that more than the 60 sites used for simulation are
required to make inferences when using multi-state models when there is no strong prior
knowledge of the relationship. These findings highlight the importance of ensuring sufficiently
high detection probabilities in multi-state occupancy models. Therefore, to achieve robust and
reliable model outputs, I recommend prioritizing high detection probabilities and an adequate
number of sites, especially when incorporating covariates without strong prior knowledge. Despite
these challenges, my study successfully identifies key thresholds and considerations for improving
model performance for multi-state occupancy models.

Camera traps provide continuous detection data within a limited field of view, which
researchers often use to infer wildlife presence in a broader area. The size of the area and the
method of data aggregation significantly influence both the interpretation and the fitting of models.
Daily aggregation for survey length, the most common approach for camera trap data in occupancy
models (Burton et al., 2015; Rovero & Zimmerman, 2016), typically results in low detection
probabilities, particularly in regions with sparse species populations. Model performance was
closely linked with detection probabilities, showing similar patterns as found in single-state models
(Mckann et al., 2013; Pautrel et al., 2024). Pautrel et al. (2024) noted that detection probabilities
need to reach at least 0.1 for adequate model fit. It's also important to recognize that the required
detection probability is influenced by the occupancy probability (Mackenzie & Royle, 2005),
which was held constant at around 0.7 in this study. Contrary to what you might expect, when
occupancy increases a higher detection probability is required to get confident estimates
(Mackenzie & Royle, 2005; Steenweg et al., 2019). This implies that in areas with lower
occupancy, detection probabilities below 0.2, could still yield functional results. However, an
occupancy of 0.7 is quite common for species caught by camera traps (e.g. Hofmeester et al., 2021;
Rich et al., 2016; Steenweg et al., 2019; Wevers et al., 2021), thus suggesting that these results are
widely applicable for most multi-state occupancy models.
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In occupancy studies that are not bound by time detection probabilities might not significantly
limit the analysis. Research on single-species occupancy and capture-recapture models indicate
that when the cumulative probability of detecting a species at least once during the survey period
(p*) exceeds 0.8, occupancy estimates remain reliable (Smith et al., 2009; Steenweg et al., 2019).
However, achieving this detection probability can be challenging for elusive species with high
occupancy or low abundance and especially when your study period is limited. Moreover, while
single-state occupancy models only need to account for detection probability, multi-state models
must also account for the potential misclassification of states. The complexity of multi-state
models means they demand a significant amount of data to be reliably fitted. This need for
abundant data can pose a challenge, especially when dealing with rare or elusive species.
Therefore, despite the potential advantages of multi-state models, their application necessitates
careful consideration of data availability and the specific challenges associated with detecting and
classifying different states in wildlife populations.

Furthermore, besides detection probability, the number of surveys and sites plays a crucial role
in study design, particularly when incorporating covariates. Previous research suggested that 60
sites and 35 survey days might be sufficient to establish covariate relationships (Kays et al., 2020).
However, my findings for multi-state models challenge this assertion, none of the models based
on 60 sites in this study accurately estimated the slope coefficients. My simulation using 200 sites
shows great improvement in slope coefficient estimates, but estimates at high detection
probabilities are still not always certain (Appendix III, Figure 1a). This is consistent with findings
by Kéry & Royle (2020), who were unable to fit a multi-species model even with a subsample of
140 sites from an original dataset of 1400, despite finding clear relationships with the full dataset.
Additionally, successful modelling efforts involving multi-state, species, or community occupancy
models incorporating covariates typically involve between 100-2000 sites (e.g. Fidino et al., 2019;
Hepler & Erhardt, 2021; Pautrel et al., 2024; Rota et al., 2016; Wohner et al., 2023). The
complexity of multi-state and multi-species models, which require estimating additional
parameters, likely accounts for this increased data demand. Conducting a traditional power
analysis for site and survey numbers is essential to determine specific requirements for these types
of models. Such an analysis should take into account the relationship between detection probability
and occupancy probability, as both factors significantly influence the necessary scale of sites and
surveys (Steenweg et al., 2019).

Case Study — What is possible with a low detection probability, but high occupancy dataset

The case study looking at different reproductive states of moose and roe deer in northern
Sweden reveals insights into the challenges of using camera trap data for occupancy modelling,
particularly when data is sparse and detection probabilities are low. The four-state models with
daily detection histories failed to converge for both moose and roe deer, indicating that daily
aggregation results in insufficient detection probabilities to inform the models adequately. This
was evident by elevated R values, confidence intervals covering the entire parameter space, and
low effective sample sizes. Weekly aggregation improved model fit, though certain parameters,
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particularly those involving calf presence in the moose model, remained difficult to estimate with
confidence. This underscores the importance of sufficient detection probabilities, suggesting
weekly aggregation as a more reliable basis for occupancy modelling, though it may still fall short
for some parameters when data is sparse. These insights align with findings by Pautrel et al. (2024)
and Steenweg et al. (2019), who found that while data aggregation can improve model fit and
reduce uncertainty at low detection probabilities, it makes less to no difference in occupancy
estimates when detection probabilities do not meet certain thresholds.

In contrast, the three-state models with both daily and weekly detection histories achieved
convergence for all parameters, with acceptable confidence intervals for most, except for slightly
larger intervals with weekly data. This indicates that reducing the complexity of the state space
can enhance model performance even with lower detection probabilities. However, it also echoes
Steenweg et al. (2019) which found that when detection probabilities are low, occupancy estimates
are less accurate. Additionally, the failure of all models incorporating covariates to converge
highlights a critical limitation: low detection probabilities severely constrain the ability to make
inferences when adding covariates. This suggests that, despite aggregation strategies, the inflated
number of model parameters when adding covariates may require fundamentally higher detection
probabilities or larger sample sizes to achieve robust and reliable occupancy estimates in complex
models. My preliminary simulations using 200 sites (Appendix III) confirm that simply increasing
site numbers does not compensate for very low detection probabilities, emphasizing the need for
careful study design and adequate data collection to ensure model reliability.

Strategies to increase detection probabilities in wildlife studies using camera traps can often
introduce biases that compromise model assumptions (Hofmeester et al., 2019; MacKenzie et al.,
2017). Common strategies include deploying multiple cameras per site (Evans et al., 2019;
Hofmeester et al., 2021), using bait (e.g., salt licks, peanut butter, or sardines) (Sebastidn-Gonzalez
et al., 2020), or positioning cameras in favourable spots like animal tracks (Burton et al., 2015).
While deploying multiple cameras per site might not necessarily violate model assumptions, it is
frequently impractical due to the limited availability of cameras in many study designs. Using bait
or strategically placing cameras, although effective in increasing detection rates, often
compromises the model's assumption of random sampling (Braczkowski et al., 2016; Wearn et al.,
2013). However, these strategies may be required to collect adequate data for functional models,
especially when studying evasive species or in areas with low density. The extent to which these
biases affect the validity of the model is not entirely clear. However, when a grid-based study
design is used and the bait only attracts animals from within the designated grid cell, the resulting
data can still support robust models for questions on a larger scale, such as landscape and
geographical habitat selection (Gilbert et al., 2021; Hofmeester et al., 2021). It is important to
balance the need for higher detection probabilities while adhering to the model assumptions. When
possible, employing multiple cameras per site is preferred to avoid bias, but other strategies may
be justified if they significantly improve data quality and model functionality. Thus, these methods
could provide valuable opportunities to enhance our understanding of wildlife ecology and inform
conservation efforts.
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This study underscores the importance of achieving high detection probabilities for reliable
occupancy modelling, particularly in multi-state models and when incorporating covariates.
Ensuring detection probabilities exceed 0.1, with values above 0.2 being preferable, is essential to
minimize bias, reduce variability, and ensure model convergence. While data aggregation can
alleviate some issues, it is not a replacement for adequate data collection. Our findings suggest
that more than 60 sites are required for accurate inferences, especially when using covariates
without strong prior knowledge. The case studies with moose and roe deer illustrate the challenges
posed by low detection probabilities and demonstrate the benefits of weekly data aggregation.
Researchers must balance the need for higher detection probabilities with adherence to model
assumptions, employing strategies like multiple cameras per site where feasible. These insights
provide guidelines for designing future wildlife studies using camera traps.
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Appendix

Appendix |: Four State model with no covariates
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Figure 1: a) Mean of the posterior estimate for each fitted parameter (y-axis) plotted for 10 simulation scenarios with
different detection probabilities (x-axis). b) Standard deviation of the simulation estimates for each fitted parameter
value (y-axis), plotted for 10 different simulation scenarios with differing detection probabilities (x-axis). The blue
lines indicate a GAM smooth function. The orange dots indicate that the model did not converge for this parameter
having a rhat value >1.1. The red line indicates the true value. See model description (chapter 2.1) for explanation of
the detection and occupancy parameters.
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Figure 2: Coverage (v-axis) for each model parameter and simulated scenario (x-axis). The coverage is calculated
using the posterior credible intervals derived from the model simulations. See model description (chapter 2.1) for
explanation of the detection and occupancy parameters.
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Figure 3: Coverage (v-axis) for each model parameter and simulated scenario (x-axis). The coefficient of variation
is calculated using the posterior means and standard deviation derived from the model simulations. See model
description (chapter 2.1) for explanation of the detection and occupancy parameters.
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Figure 4: Bias (y-axis) for each model parameter and simulated scenario (x-axis). The bias is calculated using the
posterior means and standard deviation derived from the model simulations. See model description (chapter 2.1) for
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mean quare error is calculated using the posterior means derived from the model simulations. See model description

(chapter 2.1) for explanation of the detection and occupancy parameters.
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Appendix Il: Four State model with one covariate
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Figure 1: a) Mean of the posterior estimate for each fitted detection parameter (v-axis) plotted for 10 simulation
scenarios with different detection probabilities (x-axis). b) Standard deviation of the simulation estimates for each
fitted detection parameter value (y-axis), plotted for 10 different simulation scenarios with differing detection
probabilities (x-axis). The blue lines indicate a GAM smooth function. The orange dots indicate that the model did not
converge for this parameter having a rhat value >1.1. The red line indicates the true value. See model description
(chapter 2.1) for explanation of the detection and occupancy parameters.
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Figure 2: a) Mean of the posterior estimate for each fitted beta parameter (y-axis) plotted for 10 simulation scenarios
with different detection probabilities (x-axis). b) Standard deviation of the simulation estimates for fitted beta
parameter value (y-axis), plotted for 10 different simulation scenarios with differing detection probabilities (x-axis).
The blue lines indicate a GAM smooth function. The orange dots indicate that the model did not converge for this
parameter having a rhat value >1.1. The red line indicates the true value. See model description (chapter 2.1) for
explanation of the detection and occupancy parameters.
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Figure 3: Coverage (v-axis) for each model parameter and simulated scenario (x-axis). The coverage is calculated
using the posterior credible intervals derived from the model simulations. See model description (chapter 2.1) for
explanation of the detection and occupancy parameters.
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Figure 4: Coefficient of variation (y-axis) and simulated scenario (x-axis) for each model parameter. The coefficient
of variation is calculated using the posterior means and standard deviation derived from the model simulations. See
model description (chapter 2.1) for explanation of the detection and occupancy parameters.
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Figure 5: Bias (y-axis) and simulated scenario (x-axis) for each model parameter. The bias is calculated using the
posterior means derived from the model simulations. See model description (chapter 2.1) for explanation of the
detection and occupancy parameters.
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are calculated using the posterior means derived from the model simulations. See model description (chapter 2.1)
for explanation of the detection and occupancy parameters.



Appendix Ill: Four-state occupancy model
simulated for 200 sites.
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Figure 1: a) Mean of the posterior estimate for each fitted detection parameter (y-axis) plotted for 10 simulation
scenarios with different detection probabilities (x-axis). b) Standard deviation of the simulation estimates for each
fitted detection parameter value (y-axis), plotted for 10 different simulation scenarios with differing detection
probabilities (x-axis). The blue lines indicate a GAM smooth function. The orange dots indicate that the model did not
converge for this parameter having a rhat value >1.1. The red line indicates the true value. See model description
(chapter 2.1) for explanation of the detection and occupancy parameters.
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Figure 2: a) Mean of the posterior estimate for each fitted detection parameter (y-axis) plotted for 10 simulation
scenarios with different detection probabilities (x-axis). b) Standard deviation of the simulation estimates for each
fitted detection parameter value (y-axis), plotted for 10 different simulation scenarios with differing detection
probabilities (x-axis). The blue lines indicate a GAM smooth function. The orange dots indicate that the model did not
converge for this parameter having a rhat value >1.1. The red line indicates the true value. See model description
(chapter 2.1) for explanation of the detection and occupancy parameters.
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Figure 3: Coverage (v-axis) for each model parameter and simulated scenario (x-axis). The coverage is calculated
using the posterior credible intervals derived from the model simulations. See model description (chapter 2.1) for
explanation of the detection and occupancy parameters.
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Figure 5: Bias (y-axis) for each model parameter and simulated scenario (x-axis). The bias is calculated using the
posterior mean derived from the model simulations. See model description (chapter 2.1) for explanation of the
detection and occupancy parameters.
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Figure 6: Root means square error (y-axis) for each model parameter and simulated scenario (x-axis). The bias is
calculated using the posterior mean derived from the model simulations. See model description (chapter 2.1) for
explanation of the detection and occupancy parameters.
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Appendix IV: Case Study files with
covariates

Four-states with covariates
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Figure 1: The posterior mean estimate and 95% credible intervals (v-axis) of both Moose and Roe
deer three-state occupancy model. The detection and occupancy parameters are shown on the x-
axis. See model description (chapter 2.1) for explanation of the detection and occupancy
parameters.
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Three-state with covariates
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Figure 2: The posterior mean estimate and 95% credible intervals (yv-axis) of both Moose and Roe
deer three-state occupancy model. The detection and occupancy parameters are shown on the x-
axis. See model description (chapter 2.1) for explanation of the detection and occupancy
parameters.
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Appendix V: Multi-state model with one
covariate

model {
# Model for the logit of the occupancy probabilities

for (i in 1:nsites) {

logit(psi[i]) <- betaO[1,1]
+ betal[1,1] * Fdens[i]
# Occupied

logit(R1[i]) <- beta0[2,1]
+ betal[2,1] * Fdens[i]
# Occupied with 1 calf

logit(R2[i]) <- beta0[3,1]
+ betal[3,1] * Fdens[i]
# Occupied with multiple calves

}

# Priors for occupancy model coefficients - intercept and slope for forest (Need
another beta for each parameter, so if we want squared function )

#so if we want squared function it will be beta0O[1,k], betal[i,k] where k is the
covariate

#and 1 the state (so [ will always be 1:3 whereas k will be 1:length(covariates)
for (kin 1:1) {

for (iin 1:3){

betal[1,k] ~ dnorm(0, 0.01)
betal[i,k] ~ dnorm(0, 0.01)
}
b

# (2) Observation process

# Linear models in observation process

pl ~dunif(0, 1)  # Detection prob for sites with no calves

Ip21 ~ dnorm(0, 0.001) # Logit-transformed prob for detection as no calf, given 1
calf
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1p22 ~ dnorm(0, 0.001) # Logit-transformed prob for correct detection, given 1
calf

Ip31 ~ dnorm(0, 0.001) # Logit-transformed prob for detection as no calf, given
>2 calves

Ip32 ~ dnorm(0, 0.001) # Logit-transformed prob for detection as 1 calf, given >2
calves

1p33 ~ dnorm(0, 0.001) # Logit-transformed prob for correct detection, given >2
calves

# Transforming logit probabilities to standard probabilities
p21 <-exp(Ip21) / (1 + exp(Ip21) + exp(Ip22))
p22 <- exp(Ip22) / (1 + exp(Ip21) + exp(Ip22))
p31 <-exp(lp31) / (1 + exp(Ip31) + exp(Ip32) + exp(Ip33))
p32 <-exp(Ip32) / (1 + exp(Ip31) + exp(Ip32) + exp(Ip33))
p33 <-exp(Ip33) / (1 + exp(Ip31) + exp(Ip32) + exp(Ip33))

# Occupancy matrix Omega
for (i in 1:nsites) {

Omega[i, 1] <- 1 - psi[i] # Prob. of unoccupied

Omegal[i,2] <- psi[i] * (1 - (R1]i])) # Prob. of occupancy w/o calves

Omega[i,3] <- psi[i] * R1[i] * (1 - R2[i]) # Prob. of occupancy with 1 calf

Omegali,4] <- psi[i] * R1[i] * R2[i] # Prob. of occupancy with >1 calves
}

# Define observation matrix (Theta)
# Order of indices: true state, observed state
Theta[1,1] <- 1

Theta[1,2] <- 0

Theta[1,3] <- 0

Theta[1,4] <- 0

Theta[2,1] <- 1 - pl

Theta[2,2] <- pl

Theta[2,3] <- 0

Theta[2,4] <- 0

Theta[3,1] <- 1 - (p21 + p22)
Theta[3,2] <- p21

Theta[3,3] <- p22

Theta[3,4] <- 0

Theta[4,1] <- 1 - (p31 + p32 + p33)
Theta[4,2] <- p31
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Theta[4,3] <- p32
Theta[4,4] <- p33

# Initial latent state modeling
for (i in 1:nsites) {

z[1] ~ dcat(Omega][i,])
}

# Observation equation
for (i in 1:nsites) {
for (j in 1:nsurveys) {
y[i,j] ~ dcat(Theta[z[i],])
}
b

# Derived quantities
for (i in 1:nsites) {
occl[i] <- equals(z[i], 1)
occ2[i] <- equals(z[i], 2)
occ3[i] <- equals(z[i], 3)
occ4[i] <- equals(z[i], 4)
}
n.occ[ 1] <- sum(occl
n.occ[2] <- sum(occ2
n.occ[3] <- sum(occ3
n.occ[4] <- sum(occ4

1) # Sites in state 1 (Unoccupied)

]) # Sites in state 2 (Occupied w/o calves)

]) # Sites in state 3 (Occupied with 1 calf)

]) # Sites in state 4 (Occupied with >2 calves)

1

mean.psi <- mean(psi)
mean.R1 <- mean(R1)
mean.R2 <- mean(R2)
mean.Omegal <- mean(Omegal[,1])
mean.Omega2 <- mean(Omega[,2])
mean.Omega3 <- mean(Omegal[,3])
mean.Omega4 <- mean(Omega[,4])

}
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