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Dissertation Abstract

Ecology is becoming a data-intensive science characterized by broad-scale and automated data
collection, bringing new challenges and opportunities to the field. The overarching goal of this
dissertation is to explore these challenges and opportunities with a focus on Snapshot Wisconsin, a
volunteer-powered camera-trap network. The first two chapters discuss practicalities in applying
Snapshot Wisconsin to wildlife management. Chapter 1 reviews methods to estimate abundance of
unmarked animal species from camera-trap data, while Chapter 2 shows how camera-trap data can
be combined with more traditional datastreams (harvest data). Beyond these practicalities, one of
the most exciting aspects of the ecological data revolution is the opportunity to explore the role of
time in underpinning ecological processes, an opportunity afforded by the increasingly fine temporal
resolution of data collection. Time can be considered an ecological resource (i.e., a niche dimension)
akin to spatial habitat or food resources. Just as other niche dimensions can be destroyed, altered,
or improved by human activities, “temporal habitat” is changing in the Anthropocene. For example,
the diel activity patterns (e.g., nocturnal vs. diurnal) of organisms have evolved as adaptations to
fluctuations in abiotic conditions (e.g., light and temperature). Thus, flexibility in activity patterns
might increase buffering capacity from extreme conditions presented by climate change, which is the
focus of Chapter 3 with reference to white-tailed deer Odocoileus virginianus and winter weather.
Similarly, biotic context influences the activity timing of animals, and human disturbance may alter
partitioning of space and time by communities. Chapter 4 explores this possibility, and, considering
74 species pairs, documents that cameras in human-dominated landscapes detect pairs in more
rapid succession, indicating that disturbance compresses spatiotemporal niche dimensions. Finally,
many unknowns remain regarding the ecological effects of human-induced changes to the activity
timing of species; Chapter 5 proposes hypotheses to motivate future work and outlines possible
approaches for doing so. In summary, this dissertation demonstrates how ecologists can capitalize

on emerging datastreams and highlights future opportunities for temporal ecology.



Dissertation Introduction

Ecologists have traditionally ventured afield to count, measure, tag, or otherwise observe
organisms. That tradition is changing (Hampton et al. 2013; Farley et al. 2018; Nathan et al. 2022).
As the data revolution continues to unfold, ecologists are trading their boots for keyboards and their
binoculars for dataframes. This dissertation explores some of the challenges and opportunities
facing ecology in light of the data revolution.

Ecology’s data revolution is fueled by increasing automation and participation in data
collection. Technology that would have been unimaginable to early ecologists, including satellite
remote sensing (Turner et al. 2003; Tatem et al. 2008) and tags small enough to track insects over
many kilometers (Knight et al. 2019) are now available and routinely used by ecologists. Along a
similar timeline as the technological revolution, citizen science—the collection of data by
volunteers—has blossomed and continues to expand the spatiotemporal domains over which
ecologists can acquire data (Dickinson et al. 2010). However, automation and participation have
played out primarily in separate arenas. A hybrid approach—in which many volunteers collect
automated measurements—promises to propel ecology farther into its evolution as a data-intensive
discipline. This dissertation exists thanks to just such an effort: Snapshot Wisconsin.

Snapshot Wisconsin is a regional wildlife-monitoring network powered by volunteers and
orchestrated by the Wisconsin Department of Natural Resources (WDNR). The volunteers collect
data with camera traps, which have emerged in the last several decades as one of the most
important technologies with which to monitor wildlife, especially for cases in which animals cannot be
captured or when multiple species are being studied (Burton et al. 2015). Camera traps provide a
particularly rich source of data when they can be organized into networks that can monitor multiple
locations continuously through time (Steenweg et al. 2017). Started in 2014 as a NASA-funded
collaboration between the WDR and the University of Wisconsin-Madison, Snapshot Wisconsin has
achieved this goal; at the current writing (April 2022), the project has accumulated >64 million photos

from >2,000 camera locations (Townsend et al. 2021). In 2018, | joined this collaboration as a PhD



student to explore the challenges and opportunities of applying Snapshot Wisconsin data to wildlife
management efforts and ecological questions.

The first two dissertation chapters are practical, intended the address the question of “How
do we use Snapshot Wisconsin data to inform wildlife science?” Chapter 1 (Gilbert et al. 2021b) is a
practitioner’s guide to the possible methods to estimate abundance of unmarked (not individually
recognizable) wildlife populations based on camera-trap data. The essential summary is that, while
multiple methods exist, no single method is a “silver bullet”, meaning that practitioners should
proceed cautiously in estimating abundance of unmarked wildlife populations. Chapter 2 (Gilbert et
al. 2021a) describes how an emerging datastream (camera-traps) can be integrated with an existing
datastream (harvest records). The most important message of this paper is that, while it is appealing
to leverage all possible data sources, it is important to formally address disparities (e.g., in spatial
resolution) among datasets when trying to integrate them (Pacifici et al. 2019; Zipkin et al. 2021).

The final three chapters are unified in their exploration of time as ecological currency of
interest in light of the data revolution. In particular, collection of data at ever-finer temporal resolution
allows researchers to pursue questions that would be intractable under traditional, non-automated
forms of data collection. To be clear, time has been of interest to ecologists from the birth of ecology
as a disciple—seminal studies of population dynamics and vegetation succession, for example,
focused explicitly on ecological processes through time (Clements 1916; Elton & Nicholson 1942).
However, time has lagged behind space in research attention (Post 2019). In fact, while “spatial
ecology” has emerged as something of a discipline (I frequently hear researchers define themselves
as “spatial ecologists”), “temporal ecology” seems like a rather foreign term (Wolkovich et al. 2014;
Post 2019; Yang 2020). As a simple demonstration, the search term “spatial ecology” returned 2,144
results on Web of Science on 6 April 2022, while the term “temporal ecology” returned only 67. As
reflected in the latter three dissertation chapters, | believe ecology is on a trajectory of considering
time a resource and/or a driver of ecological processes, rather than a mere nuisance variable or

subscript (Kronfeld-Schor & Dayan 2003; Post 2019).



Chapter 3 (Gilbert et al. 2022) encourages a view of time as a refugium—a shelter—from
environmental stressors. Refugia are typically conceptualized as places to which organisms can
retreat during stressful times (e.g., glacial periods over long timescales or heatwaves over short
timescales; Hannah et al. 2014). However, especially for short-term stressors, strategically timing
essential activities may help organisms reduce their exposure to stressful conditions (van der Vinne
et al. 2019). One such stressor is variable winter weather. Wisconsin winters—legendary for their
harshness—are changing. Snow cover is declining while average temperatures are rising; however,
cold air outbreaks (the proverbial “polar vortex”) are driving occasional extreme cold waves (Cohen
et al. 2018; Thompson et al. 2021). Considering the white-tailed deer (Odocoileus virginianus), the
third chapter quantifies changes in deer activity in time as well as over space in response to daily
weather fluctuations—a goal enabled by many cameras operating continuously through time. We
found that deer become more day-active and less night- and dawn-active during anomalously cold
days, which we interpret as behavioral flexibility to track the warmest portion of the diel cycle.

Chapter 4 (in review) evaluates how the partitioning of space and time by wildlife
communities is changed by human disturbance. Space and time are two of the essential dimensions
of the niche; species must cooccur in space and time to compete or otherwise interact (Suraci et al.
in press). However, it is not clear how humans affect the sharing of space and time by wildlife
communities. There is evidence from multiple systems that human disturbance compresses the time
(Gaynor et al. 2018) and space (Tucker et al. 2018) available for species to share. However, it is
also possible that human disturbance may expand the space and time available for communities to
partition by, for example, providing resource subsidies or excluding apex predators (Estes et al.
2011; Oro et al. 2013). In this chapter, we used data from Snapshot Wisconsin to evaluate
spatiotemporal cooccurrence of 74 pairs of wildlife species and also used spatiotemporal
cooccurrence to create species networks for each camera site. Nearly all species pairs showed
greater spatiotemporal cooccurrence in disturbed landscapes; in addition, the species networks in

disturbed areas were more densely connected in disturbed landscapes. These results indicate that



human disturbance, beyond altering the species and stage in nature’s play, may also essentially
rewrite the script of how species interact by altering how they partition time and space.

Chapter 5 (in preparation) outlines research opportunities for ecologists to explore the
ecological effects of shifts in activity timing in response to human disturbance. It is not clear whether
activity-timing shifts in response to human-mediated stressors (e.g., climate change, urbanization)
are adaptive (Lamb et al. 2020) or represent ecological traps (Robertson et al. 2013), or whether
these shifts have ramifications at multiple levels of biological organization (Wilson et al. 2020). To
motivate future work, we present hypotheses regarding the ecological effects of human-mediated
shifts in activity timing; for example, we hypothesize that the effects of activity-timing shifts show
macroecological patterns due to latitudinal gradients in photoperiod seasonality (Huffeldt 2020) and
organismal physiological tolerances (Janzen 1967). We also review considerations for researchers
seeking to pursue such hypotheses, for example encouraging researchers to link activity timing to
other parameters (Wilson et al. 2020) and to evaluate intraspecific variation in activity timing (Hertel
et al. 2017). As technology improves, ecologists will be better equipped to understand how animals
respond to altered “timescapes” and how those responses affect ecological processes.

This dissertation highlights the diversity of objectives that can be achieved when automation
and mass participation of data collection are combined. As the first two chapters demonstrate,
camera-trap networks—alone or in tandem with other datastreams—can generate data to map
species occurrence or abundance, key state variables for managing wildlife populations. Beyond
such population-level applications, because such networks collect data at fine spatiotemporal
resolution, it is possible to pursue behavioral questions (typically pursued at local scales) at
landscape or regional scales. In addition, since cameras monitor multiple species simultaneously,
they can inform questions pertaining to multispecies and community ecology questions. In my view,
some of the most exciting opportunities afforded by such camera trap networks relate to time. At a
technical level, the continuous form of data collection is driving an evolution from discrete-time

modeling frameworks developed for surveys by field researchers (MacKenzie et al. 2002) to



continuous-time analyses (Emmet et al. 2021). On a more conceptual level, | believe that these
trends in data collection will elevate time to the level of space in research attention. This dissertation
chapters focus on daily activity timing and spatiotemporal partitioning, but other temporal
applications (e.g., phenology) are viable as well. | look forward to watching these trends and seeing

how continued advances in technology and participation will shape the field of ecology.
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Chapter 1: Abundance estimation of unmarked animals based on camera-trap data
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Abstract

The rapid improvement of camera traps in recent decades has revolutionized biodiversity monitoring.
Despite clear applications in conservation science, camera traps have seldom been used to model
the abundance of unmarked animal populations. We sought to summarize the challenges facing
abundance estimation of unmarked animals, compile an overview of existing analytical frameworks,
and provide guidance for practitioners seeking a suitable method. When a camera records multiple
detections of an unmarked animal, one cannot determine whether the images represent multiple
mobile individuals or a single individual repeatedly entering the camera viewshed. Furthermore,
animal movement obfuscates a clear definition of the sampling area and, as a result, the area to
which an abundance estimate corresponds. Recognizing these challenges, we identified 6 analytical
approaches and reviewed 927 camera-trap studies published from 2014 to 2019 to assess the use
and prevalence of each method. Only about 5% of the studies used any of the abundance-
estimation methods we identified. Most of these studies estimated local abundance or covariate
relationships rather than predicting abundance or density over broader areas. Next, for each
analytical approach, we compiled the data requirements, assumptions, advantages, and

disadvantages to help practitioners navigate the landscape of abundance estimation methods. When



seeking an appropriate method, practitioners should evaluate the life history of the focal taxa,
carefully define the area of the sampling frame, and consider what types of data collection are
possible. The challenge of estimating abundance of unmarked animal populations persists; although
multiple methods exist, no one method is optimal for camera-trap data under all circumstances. As
analytical frameworks continue to evolve and abundance estimation of unmarked animals becomes
increasingly common, camera traps will become even more important for informing conservation

decision-making.

Introduction

Biodiversity loss is accelerating as humans exert greater pressure on natural ecosystems
(Vitousek et al. 1997; Butchart et al. 2010). In response to biodiversity loss, patterns and changes in
population abundance and density are critical metrics for guiding conservation decision-making
(Mace et al. 2008). Traditional abundance estimation methods are challenging to implement
because they usually require capturing and marking animals. In recent decades, camera traps have
emerged as a valuable tool to monitor animal populations and represent a possible alternative to
traditionally intensive methods (Fig. 1) (O’Connell et al. 2011; Burton et al. 2015; Wearn & Glover-
Kapfer 2019). Researchers around the world have used camera traps for diverse analytical goals,
including behavior, occupancy, and species richness (Burton et al. 2015). To date, however,
camera-trap studies that estimated abundance focused almost exclusively on marked (individually
distinguishable) animals (Fig. 1). As a result, estimating the abundance of unmarked animal
populations remains a significant challenge and represents a key frontier for camera trapping.

We had 3 goals with this review: describe the challenges facing abundance estimation of
unmarked populations; review current methods for estimating animal abundance with data from

camera traps, with a focus on the data requirements, assumptions, advantages, and disadvantages



of each method; and highlight considerations for practitioners designing studies to model the

abundance of unmarked animals with camera-trap data.

Challenges of individual identity, animal movement, and space

Many traditional methods of abundance estimation require marked individuals (Borchers et
al. 2002; Williams et al. 2002). Camera-trap data can be used in these frameworks in rare cases
when individuals are identifiable by pelage pattern or natural marks such as scars (Karanth &
Nichols 1998; Jimenez et al. 2017). However, distinguishing individuals in images or marking
animals is often not feasible (but see Schneider et al. [2019] for review of emerging computer vision
methods to distinguish unmarked individuals from images). Consequently, multiple detections of an
unmarked animal at a camera could represent multiple mobile individuals or a single relatively
sedentary individual. In addition, a camera will not always detect an animal that is present; therefore,
an abundance estimator must disentangle the multiple-mobile versus single-sedentary problem while
correcting for animals present but not detected.

Abundance requires reference to space to be meaningful, either by reporting the area to
which an abundance estimate corresponds (e.g., we estimated an abundance of 10 squirrels in the 5
km? reserve) or by estimating population density (e.g., we estimated a density of 2 squirrels/km?).
However, the effective sampling area of a camera—the area a camera samples given how far
detected animals move—is generally unknown because animal movement information is usually
unknown (Fig. 2). Consequently, the sampling frame—the broader study area about which one
wishes to make inference—is generally also unknown (Fig. 2). Various methods address the
challenge of space in one of three ways. First, some methods estimate abundance at camera
locations without any reference to space, meaning one must assign the estimate to an arbitrary area
(Fig. 2a). Second, some methods estimate abundance within an area explicitly defined in the model
by accounting for where and when animals are detected (Fig. 2B). Third, some methods estimate

density within the collective viewsheds of cameras, which are assumed to be representative of the
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sampling frame (Fig. 2C-E). Depending on the method, the viewshed is defined as either the area
within which animals can be detected by a camera’s motion sensor (detection viewshed) or the total

area photographed by a camera (total viewshed).

Methods to estimate abundance or density from camera-trap data
Recent use of 6 analytical frameworks

We reviewed the data requirements, assumptions, sampling requirements, extensions,
advantages, and disadvantages of the following methods: site-structured models (including N-
mixture and Royle-Nichols models), unmarked spatial capture-recapture, random encounter model,
time-to-event model, space-to-event and instantaneous sampling models, and distance sampling
(Table 1). We assembled this list of methods as an exhaustive list of abundance estimation methods
that do not require identification of individuals.

We completed a literature review to assess the relative prevalence of the reviewed methods
in published camera-trap studies. We used Web of Science to search for papers published from
2014 to 2019. We used the following search terms: (camera trap* OR remote camera*) AND (wildlife
OR mammal* OR bird*) (Burton et al. 2015). We completed the search on 2 May 2019 and reviewed
the returned 1,150 papers. We omitted studies that did not use camera traps, were exclusively
review articles, or were purely methodological (e.g., software development). We reviewed the 927
papers that satisfied these criteria and noted whether the study used any of the methods we
reviewed and whether the population studied was unmarked. For studies that used the methods we
reviewed, we noted the inferential goal of the study (estimating abundance or density or both,
guantifying covariate relationships, predicting abundance or density or both at unsampled
locations). Furthermore, we evaluated whether each study listed or evaluated model assumptions.
We classified a study as having evaluated assumptions if it deployed cameras in such a way to
satisfy model assumptions, modified analyses to test or account for possible assumption violation, or

discussed possible assumption violation and implications for interpretation.
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Fifty-one studies (5.5%) used the methods we reviewed for estimating abundance (Fig. 1).
Of the 876 (94.5%) other studies, the most frequent analytical focuses were indices of relative
abundance (310, 35.4%), behavior (304; 34.8%), occupancy (181; 20.7%), and species richness
(178; 20.3%). Indices of relative abundance based on detection rate were the default analytical
option for many practitioners (Sollmann et al. 2013b; Burton et al. 2015). Of the 51 studies in which
the methods we identified were used, 22 (43%) used the Royle-Nichols model, 14 (27%) the random
encounter model, 13 (25%) N-mixture models, and 4 (8%) unmarked spatial capture-recapture. The
former three methods were the earliest to appear in the literature (2003, 2008, and 2004,
respectively); thus, their prevalence in our sample is unsurprising. We did not capture any studies
that used distance sampling methods, the time-to-event model, the space-to-event model, or the
instantaneous sampling model, beyond the publications that introduced these methods. The majority
(39; 76%) of studies using the reviewed methods reported abundance or density, fewer studies (21;
41%) reported covariate relationships, and only 3 (6%) predicted abundance over a broader area.
Finally, 28 (55%) of the studies listed model assumptions, and 23 (45%) evaluated assumption

violations in some way.

Site-structured models

Site-structured models use replicated survey periods at independent locations (i.e., sites) to
jointly model ecological and observational processes (Kéry & Royle 2015). These models estimate
abundance at each camera location, but because animals move beyond the detection viewshed, the
effective sampling area of each camera location is some larger unknown region (Fig. 2A). Under the
umbrella of site-structured models, the Royle-Nichols (RN) model (Royle & Nichols 2003) requires
binary detection-nondetection data (whether or not a species is present in any photos during each
replicate survey period), whereas N-mixture models (Royle 2004) require count data (hnumber of

animals present in photos during each replicate survey period).
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Both models assume population closure of the site (no individuals enter or leave the
population via birth, immigration, death, or emigration); equal detection probability for all individuals;
no false-positive detections (i.e., misidentifications or double counting of individuals); and
independent detections of individual animals at a camera (Table 1) (Royle & Nichols 2003; Royle
2004). Practically speaking, the latter assumption implies that once an animal is detected by a
camera, it is not any more likely to be detected during subsequent replicate survey periods. Site-
structured models do not require random camera placement, meaning that cameras can be placed
on trails or baited. However, cameras should be spaced far enough apart that individuals are not
detected at multiple cameras to ensure there is no overlap in the effective sampling areas of
cameras. Either method can be extended to jointly analyze data for multiple species (Yamaura et al.
2011, 2012) or open populations (Dail & Madsen 2011; Rossman et al. 2016). The N-mixture model
can be extended to accommodate correlated detections (Martin et al. 2011). The RN does not
perform well for common species because the binary detection histories will be saturated with 1s
and therefore contain little information. In such cases, count data used with N-mixture models is
preferable (Kéry & Royle 2015; Dénes et al. 2015).

Site-structured models have the advantage of quantifying spatial variation in abundance as a
function of covariates. However, site-structured models have the major disadvantage that the
effective sampling area of cameras is unknown (Fig. 2) (Kéry & Royle 2015). Consequently,
predicting abundance (based on covariate patterns) across the remainder of the sampling frame or
beyond is difficult and can only be done by arbitrarily defining predictive grid cell sizes (Fig. 2A).
Finally, site-structured models are sensitive to assumption violations (Barker et al. 2018; Knape et al.
2018; Link et al. 2018; Duarte et al. 2018). For example, Link et al. (2018) demonstrated that minor
closure violation cause biased abundance estimates that cannot be detected with goodness-of-fit
checks. These limitations suggest that, unless their assumptions can be verified, site-structured

models should be treated as indices of relative abundance.
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Unmarked spatial capture-recapture (USCR)

USCR is part of the spatial capture-recapture family of models, which estimate density by
considering when and where animals are detected within an array of detectors (Fig. 2B) (Royle et al.
2014). Unlike traditional forms of spatial capture-recapture that require marked animals, USCR
treats the individual identities of animals as latent variables (Chandler & Royle 2013; Royle et al.
2014). Unmarked spatial capture-recapture estimates density by modeling the number and
distribution of animal activity centers as a realization of a spatial point process within the state
space, an explicit region of inference defined within the model (Fig. 2B) (Royle et al. 2014). These
models require spatially correlated detection data—meaning that individual animals must be
detected at multiple cameras—to make inference about the number and locations of the activity
centers (Chandler & Royle 2013; Ramsey et al. 2015).

With USCR, one assumes that activity centers of individuals do not move, that activity
centers exhibit no attraction or repulsion, that animals will be detected less frequently as the
distance between their activity centers and a camera increases, and that the sampling frame
contains all of the activity centers of animals detected by cameras (Chandler & Royle 2013). Unlike
site-structured models that require cameras to be independent, USCR requires arrays of cameras
spaced such that individuals are detected at multiple cameras, although the counts at individual
cameras are assumed to be independent from one sampling occasion to the next (Table 1 & Fig. 2B)
Chandler & Royle 2013).

The ability to estimate abundance within a clearly 