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Abstract 
Camera traps (i.e., game cameras or trail cameras) have become a 
widespread tool in wildlife ecology. However, camera traps can 
take large volumes of photos or videos often generating a 
considerable data management workload. Internal camera 
settings, such as how many photos are taken when the camera is 
triggered and how long the camera waits before it can be triggered 
again, significantly influence the volume of photos collected. These 
settings have the potential to affect analytical results (e.g., 
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estimated occupancy), photo management workload (i.e., 
reviewing and identifying images) and data storage requirements. 
Using two large baited camera trap datasets from California and 
Oregon (n = 1034 cameras), we compared effects of various 
internal camera settings (delay period = 5 – 300 seconds, burst 
number = 1 – 3) on occupancy and detection probabilities of three 
species ranging in body size and in occurrence from rarely to 
commonly detected [medium size-rare: Pekania pennanti (fisher), 
medium size-common: Urocyon cinereoargenteus (gray fox), large 
size-common: Ursus americanus (American black bear)].  
 

 
Abstract photo. A gray fox pictured at a remote camera station. 

 
We found increasing camera delay or decreasing burst number, 
both of which act to decrease photos taken, did not result in 
significant changes in detection probability or occupancy estimates 
for any of the three species analyzed. Cameras with the shortest 
delay and highest burst setting resulted in >1500% more photos 
compared to those with the longest delay and smallest burst 
setting without providing any analytical benefit for occupancy 
analyses. Our results demonstrate that when planning camera 
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studies careful consideration of camera settings is needed to 
ensure data is collected efficiently to meet analysis objectives. 
 
Keywords: burst, camera trap, detection probability, occupancy, 
photo interval, quiet period, trigger delay 

 

 Introduction 
Camera trapping, or the deployment of heat- or movement-triggered 
cameras (also referred to as remotely triggered, game or trail cameras), 
has become ubiquitous around the globe for wildlife research and 
monitoring ​(O'Connell et al., 2011, Burton et al., 2015, Oliver et al., 2023, 
Goldstein et al. 2024a)​. Camera traps have gained popularity because they 
are relatively inexpensive, easy to deploy, and can passively survey for long 
periods with little or no human involvement for a wide range of taxa 
(Fisher, 2025). This has resulted in a dramatic increase in survey duration 
and temporal extent of camera trap studies over the last two decades 
(Steenweg et al., 2017, Delisle et al., 2021). For many studies that use 
camera traps, the aim is to collect photos that serve as an index of 
ecological processes (e.g., occupancy, abundance, distribution, biodiversity; 
Burton et al., 2015). However, these surveys can result in large numbers of 
photos which require significant data management time that is often not 
adequately accounted for in project planning. This problem is 
compounded by the fact that the majority of photos taken by camera traps 
are not species detections, but rather are misfires due to sun or vegetation 
movement in the background (Beery et al., 2019). Large photo 
management workloads can potentially hinder research and conservation 
by slowing the pace of projects due to the need to classify high volumes of 
images or result in incomplete and un-used datasets due to the lack of 
staff time to adequately process photos. 
 
With the advent of machine learning, neural networks, and artificial 
intelligence (AI) based photo identification pipelines, there has been 
considerable progress in increasing photo management efficiency 
(Norouzzadeh et al., 2018, Ahumada et al., 2020). However, these 
advancements do not solve all aspects of photo management, nor do they 
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completely negate the workload of processing high volumes of photos. 
Many field research environments have little to no internet connectivity 
and cannot rely solely on a cloud-based photo management system. In 
such cases, photographs are often stored and backed up on multiple 
laptops or hard drives, at least temporarily, until they can be fully 
processed. In the field, settings that increase photo numbers also can 
increase labor costs and time due to the need to more frequently service 
cameras that fill up memory cards or deplete batteries more quickly. In the 
office, high photo numbers increase required memory space on drives and 
time required for data transfer or image backup, which can become 
extensive when dealing with hundreds of thousands to millions of 
photographs. AI systems are not fully automated (Vélez et al., 2024) nor 
are they accurate for rare species without sufficient training data (e.g., Tuia 
et al., 2022). Thus, even when using AI technology significant human time is 
still required to upload photos, review, and confirm computer generated 
species identifications to prevent analytical bias generated due to 
mis-classification rates found in fully automated photo workflows 
(Longinser et al., 2024). 
 
Several factors influence the number of photos a camera trap collects, 
some of which pertain to field conditions or study design, such as camera 
placement (e.g., camera angle, aspect, overhead cover, or surrounding 
vegetation) or survey duration, while others are dependent on internal 
camera settings. There has been extensive research on study design for 
cameras on factors such as camera model (Palencia et al., 2022), 
placement ​(Hofmeester et al., 2021)​, height ​(Jacobs and Ausband, 2018)​​, 
effective survey area ​(Tucker et al., 2021)​, survey duration (Steenweg et al., 
2016), and seasonality ​(Kays et al., 2020, Iannarilli et al., 2021)​. However, 
few studies have looked at how internal camera settings influence analytic 
results relative to photo management workload (Hamel et al., 2013, Lepard 
et al., 2019, Sparkes et al., 2021). In fact, many studies do not report 
internal camera settings in published papers ​(e.g. Apps & McNutt, 2018; 
Meek et al. 2015)​. Non-optimal camera settings that take too many photos 
greatly increase data management time and costs ​(Lepard et al., 2019)​. 
Conversely, camera settings that take too few photos could decrease 
detection of target species and compromise the ability to meet study 
objectives (Parker-Shames et al., 2024). Rare or hard to detect species with 
only fleeting presence at cameras may benefit from settings that trigger 
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photos more rapidly compared to common species or easily detected 
species (e.g., Manley et al., 2004, Kristensen and Kovach, 2018), so taking 
too few photographs for such species could jeopardize conservation 
efforts. Despite the considerable influence camera settings can have on 
research objectives and data management, camera trap study design has 
to date principally focused on external factors such as number or spacing 
of cameras but there is little guidance on how best to optimize internal 
settings for specific research objectives. 
 
While some aspects of camera performance are defined by the camera 
model and typically cannot be adjusted (e.g., trigger speed, trigger recovery 
time, field of view), others can be controlled by the user. Here we address 
two adjustable settings that control the number of photos taken and 
therefore photo management workload. First, the photo delay period (also 
referred to as trigger delay or quiet period, hereafter ‘delay’), is a period of 
dormancy after an initial motion- or heat-triggered photo when the camera 
will not take further photos regardless of motion or heat present. The 
delay setting can range from less than a second to hours and is used to 
reduce the number of photos and conserve battery life. Second, the burst 
setting (also referred to as rapid-fire or hyperfire number, hereafter ‘burst’) 
determines how many photos are taken in immediate sequence each time 
the sensor is triggered. Burst settings can range from 1 to as many as 100 
photographs, depending on camera model. The time between successive 
burst photos is adjustable for some camera models but most often these 
burst photos are taken in rapid succession (<1 second between photos 
within a burst). Multi-photo bursts are thought to increase likelihood of 
detecting some species, particularly rapidly moving or otherwise hard to 
detect species. Increased bursts may be necessary for photo-based 
individual identification or measurements, especially if individuals have 
unique markings or features that can only be viewed from particular 
angles. From a data management perspective, both the burst and delay 
settings control the overall number of photos taken and could cause the 
same camera to take anywhere from dozens to tens of thousands of 
photos, and therefore have huge implications for data workload. 
 
Camera trap data are often analyzed using occupancy analysis, which 
requires collating multiple photos of a species within a defined capture 
interval (e.g., 1 day, 1 week) into a single detection event (Mackenzie et al., 
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2002, Kellner et al., 2022). Because of this data structure, multiple photos 
of a species within the same capture interval do not change the occupancy 
estimate even though they increase photo review time and storage 
requirements. Therefore, for occupancy analyses seeking to inventory 
diversity or monitor common species, it might be assumed that a longer 
delay and low burst would be optimal. Conversely, if the goal of a study is 
to detect rare or elusive species, increasing confidence in the likelihood to 
detect such individuals is paramount. This presents a challenge to balance 
settings that provide increased photographs (low delay, high burst) versus 
reducing data management workload. This challenge is more pronounced 
with baited cameras, in which a food based reward or other attractant 
such as scent lure draws in and retains the animals in the camera frame 
for extended periods of time compared to unbaited cameras (Stewart et 
al., 2019, Dart et al., 2022). 
 
While shorter delay settings may be beneficial for fine-scale analyses (e.g., 
activity patterns or individual identification) for other metrics, such as 
occupancy or relative abundance, longer delay settings may yield 
comparable results while greatly reducing data management needs. One 
prior study found increasing delay had a negligible effect on occupancy 
analyses for time-lapse cameras (Hamel et al., 2013). In another study 
Sparkes et al. ​(2021a)​ evaluated the effect of long camera delays (5 to 60 
minutes) on relative abundance indices and found increasing delay 
reduced detection frequency but did not greatly affect results for delays up 
to 5 minutes. Lepard et al. (2019) found that increasing delay periods from 
10 seconds to 10 minutes had only a small effect on occupancy estimates 
at unbaited cameras. However, these two latter camera trap studies were 
conducted with relatively small spatial extents (~<220 km2) with fairly 
common species and thus did not address the effect of camera settings on 
detecting rare species on large landscapes. Furthermore, none of these 
studies examined varying burst settings on analytic results or data 
management workloads. 
 
To better understand the effect of delay and burst settings on occupancy 
analysis for baited camera traps at a landscape scale, we examined data 
from two large-scale camera trapping studies in California and Oregon, 
USA. These two studies were designed to monitor a rare carnivore, the 
fisher (Pekania pennanti). In the two study areas, the southern Sierra 
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Nevada fisher population is listed as an endangered distinct population 
segment (DPS) under the Endangered Species Act (ESA) and the southern 
Oregon population has been petitioned multiple times for ESA listing as 
part of a separate DPS (USFWS, 2020, 2023). Due to the broad scale of 
these study designs, it enabled us to use the data for analysis of camera 
function with multiple species. 
 
Because body size and rareness can both influence detectability (Tobler et 
al., 2008, Steenweg et al., 2019), we analyzed multiple species that varied in 
these characteristics. Fishers are a medium-bodied species whose 
populations have contracted in the western states from their historical 
range, and the species is considered rare. American black bears (Ursus 
americanus; hereafter, black bear) are common and large-bodied in these 
systems (Zielinski et al., 2005). Gray foxes (Urocyon cinereoargenteus) are 
common and medium-bodied and for our purposes, were a similar body 
size as fisher but differed in their greater relative abundance in our study 
areas. We considered including analysis of a large-bodied rare species, the 
mountain lion (Puma concolor) but we did not have sufficient detections to 
fit occupancy models for that species. Smaller bodied species were not 
analyzed as the camera protocols used were designed to detect 
medium-to-large-bodied carnivore species, and therefore, the camera 
sensors were not optimized to reliably detect small mammals. Our 
objectives were to assess how internal camera settings of delay and burst: 
1) affect occupancy analyses estimates and precision; 2) interact with 
external factors, specifically body size, commonness and rarity of species 
on large landscapes; and 3) affect data management workload. 
 

 
Methods and Materials 

Field studies 

We used data from two camera trapping studies with similar field 
protocols and species community composition. The first dataset was from 
the Southwest Oregon fisher study (hereafter Southwest Oregon) was 
conducted in 2016 and encompassed federal, state, and private forests in 
southwestern Oregon, and spanned ~64,000 km2 from the Cascade Crest 
to the Pacific Ocean ​(Figure 1). Camera deployments ranged from a mean 
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of 43 days in summer (May – October) to 61 days in winter (January – 
March) and were checked at variable intervals depending on season and 
locality (Barry 2018). Camera locations ranged from sea level to 2,286 m 
above sea level and were selected using a stratified random sample of a 9 
km2 grid. We selected the grid size because it is the approximate size of a 
female fisher home range, and thus the recommended spacing for 
taxa-specific for occupancy models (Linden et al., 2017, Barry et al., 2021).​ 
This grid size is slightly larger than ideal for gray fox occupancy (home 

range: 0.67  – 5.45 km2; Jones, 2023) but is smaller than ideal for black bear 
(home range: 7.5  – 204 km2; Matthews et al., 2004). However, given that 
the objective of this paper was in analyzing camera settings not on the 
species occupancy estimates themselves this should not affect 
interpretation of results.  
 
Camera stations were located in forest cover types within 1,000 m of a 
road or 250 m of a trail for accessibility. Sampling was conducted using 
device arrays at each location (together considered one sample unit; Evans 
et al., 2019, Anderson et al., 2023). Within each selected cell, three cameras 
were placed 1,000 m apart in a triangle centered on a randomized point​. 
Each camera was deployed with a scent lure (Gusto, Minnesota Trapline 
Products, Pennock, MN, USA) and a randomized bait type (raw chicken, cat 
food, or a multi-bait ‘kitchen sink’, see ​Barry et al., 2021). A fourth 
additional un-baited camera was set near a trail or road within 150 m of 
the northernmost baited camera. For the purpose of this study and 
because the number of unbaited cameras deployed was small, we only 
analyzed results from baited cameras (N = 286 cameras from N = 106 
sample units). Cameras were set to a 5 second delay with a 3-photo burst. 
Camera models used included Browning Dark Ops HD (Morgan, UT, USA) 
and Bushnell Aggressor No Glow (Overland Park, KS, USA). 
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Figure 1. (A) Locations of the Southwest Oregon fisher project and Sierra Nevada Carnivore Monitoring 
Program with annual locations of cameras used for analysis shown for (B) Southwest Oregon and (C) Sierra 
Nevada. 

  
The second study was part of the United States Forest Service (USFS) Sierra 
Nevada Carnivore Monitoring Program (hereafter, Sierra Nevada) which 
surveys primarily USFS lands on the western slope of the Sierra Nevada 
Mountains south of Yosemite National Park ​(Figure 1; Zielinski et al., 2013), 
CA, USA​. Sampling occurred annually across ~12,000 km2 from June to 
October with survey sites ranging from 1,000 to 3,400 m elevation above 
sea level. Sampling units were co-located with USFS Inventory and Analysis 
(FIA) plots in a variety of habitat types that contained potentially suitable 
forest cover (e.g. excluding non-forested areas such as grasslands and 
urban areas). Sample units consisted of three baited cameras deployed in 
a triangle ~500 to 800 m apart ​(Zielinski et al., 2017)​. Devices were baited 
with raw chicken and a commercial trapping lure (Gusto, Minnesota 
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Trapline Products, Pennock, MN, USA). Each device was checked and 
rebaited 3 times approximately every 7 days for an average deployment of 
21 days. We analyzed data from two years that had different delay periods 
to compare the settings (2017 = 30-second delay, 2019 = 15-second delay). 
All other camera settings and models were consistent among years (burst 
= 1, models = Bushnell Trophy Cam, Trophy Cam HD, Essential, and 
Aggressor, all “No Glow” flash; Overland Park, KS, USA). 
 

Photo processing 

All photos were individually identified and ‘tagged’ with metadata including 
species or, for images with no wildlife species detections, as ‘crew’ (field 
crew present in the photo), ‘blank’ (no wildlife present), or ‘inoperable’ 
(camera malfunction). For the Southwest Oregon cameras with a 3-photo 
burst setting, each photo was individually tagged based only on the 
information visible in a single photo (i.e. other photos in the burst 
sequence were not used to aid identification). After photo tagging to 
facilitate tracking  burst sequences for this analysis the photos were 
grouped using their timestamps and then each photo was identified with a 
burst number as either the first, second, or third photo in each burst 
sequence. Tagging ‘blank’ photos was essential, as false triggers also 
activate the camera delay period during which no additional photos are 
captured. 
 

Delay and burst simulation 

We organized the data into two datasets to address delay and burst effects 
separately. In the first dataset, to compare the effect of increasing delay 
settings, we standardized the Southwest Oregon dataset (burst = 3) to the 
Sierra Nevada datasets (burst = 1) by subsetting photos so only the first 
photo from each burst series was included in the dataset (simulating burst 
= 1 for all cameras). We then simulated the effect of changing the delay 
periods by subsetting our raw photo data with increasingly larger delay 
intervals (5, 15, 30, 60, 90, 120, 300 seconds) starting with the smallest 
delay interval for each of the datasets and subsetting to all larger delay 
intervals. For these simulations, after the first photo in a time sequence, 

 
 

© Tucker et al. (2026), Stacks Journal, DOI 10.60102/stacks-26003  Page 10 of 26 

 



 

we removed all subsequent photos within that delay period from the 
dataset, creating a separate dataset for each delay interval. 
 
For the second dataset, to compare the effect of changing the burst 
settings, we used the 2016 Southwest Oregon camera data alone, as this 
was the only dataset that employed a multi-photo burst setting (burst = 3). 
We sequentially subset each photo burst to generate three photo datasets 
consisting of a) only the first photo, b) only the first and second photo, and 
c) all three photos from each photo burst.  
 
Finally, for both datasets, we assessed the effect that various delay and 
burst settings would induce on photograph data management by 
calculating cumulative number of photos over 20-days and mean number 
of photos per day for each camera under the range of delay settings (5 – 
300 seconds) and burst number (1 or 3). 
 

Occupancy analysis 

Occupancy models estimate site occupancy (ψ) while accounting for 
imperfect detection (p) by using repeated surveys at the same site 
​(Mackenzie et al., 2002)​. We estimated ψ and p for black bear, gray fox, and 
fisher across a range of delay and burst settings to determine the effect of 
these settings on parameter estimates. Occupancy analyses were 
conducted separately for each species in R version 4.5.0  ​(RStudio Team, 
2020, R Core Team, 2021)​ using the unmarked package ​(Fiske & Chandler, 
2011)​. 
 
We created 24-hour encounter histories for each camera station (0 = not 
observed, 1 = observed in >1 photo) such that each camera day was 
treated as a repeat survey (Davis et al., 2018, Rich et al., 2023). Because 
camera deployment times varied considerably between studies we 
standardized camera deployment length across projects by truncating all 
encounter histories to 20 days. We then fit encounter histories to 
single-season occupancy models without covariates via the occu function in 
unmarked.  As our objectives were to assess the difference in estimates 
across different camera settings, we used intercept only models for 
detection and occupancy (ψ[.], p[.]).  We then compared the resulting 
parameter estimates (ψ and p), and variation in these estimates (SE) across 
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delay periods (5, 15, 30, 60, 90, or 300 seconds) and burst numbers (1, 2, or 
3). Because each combination of study area and year used different delay 
settings (5, 15, 30 seconds) and numbers of cameras, combining all data 
into a single dataset would result in inconsistent sample sizes across delay 
periods. To keep sample sizes consistent to facilitate direct comparisons of 
SE between subset delay periods, we treated each combination study area 
and year as its own dataset and analyzed each independently (see Table 1 
for camera sample sizes). 
 
We conducted occupancy analyses at two different scales: individual 
cameras and a combined 2-camera sample unit for which we aggregated 
encounter histories across both cameras for analysis. We chose to analyze 
2-camera units, despite a 3-camera unit protocol for both study areas, to 
ensure equal sample size across all units as, at many units, at least 1 of 3 
cameras was missing due to a camera malfunction, black bear disturbance, 
or other field logistics problems. Therefore, we selected the first two 
numbered camera stations which were operational from each sample unit 
to aggregate for unit-level analyses. 

Results 
We assembled data from 1,034 camera stations resulting in 1,171,636 
photos (Table 1). Mean photographs per camera per day ranged from 283 
for the 2019 Sierra Nevada data (delay = 15 seconds, burst = 1) to 3,245 for 
the 2016 Oregon data (delay = 5 seconds, burst = 3). Interestingly, the 2019 
Sierra Nevada dataset had a slightly lower average number of photos per 
camera (283 photos/day) than the 2017 dataset (404 photos/day) despite 
having a shorter delay period (15 vs 30 seconds). Upon further 
investigation, this was attributable to the 2017 dataset having more 
cameras with high photo counts due to extensive false triggers from 
background vegetation. The ratio of blank photos to species detections 
varied by year and project, but for all projects and years the majority of 
photos were blanks (68 – 75%) rather than species detections (16 – 29%). 
 
Simulating an increased delay period for the Sierra Nevada camera data 
from 15 to 30 seconds resulted in a 36% decrease in photos, and photo 
number steadily decreased as the delay period increased with the 
maximum delay in our simulations (300 seconds) resulting in an overall 
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photo reduction of 72-76% per year compared to a 15 second delay. For 
the Oregon data reducing 3 photo bursts down to a single photo resulted 
in a 66% reduction in photos. Further simulating an increased delay period 
(with burst = 1) from the original 5 second delay period reduced photos an 
additional 21% (15-second delay) to 80% (300-second delay). Over the 
20-day survey period for the Oregon photos, we found a >1,500% increase 
in photos per camera when comparing the camera settings designed to 
take the most photos (delay = 5 sec, burst = 3, mean photos/camera = 
3,245), compared to settings designed to take the least photos (300 sec, 
burst = 1, mean photos/camera = 214; Figure 2). 
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Table 1. Photo counts for each study area by year for a 20-day survey period for the original dataset (denoted with bold*) and each data subset 
simulating increasing delay periods. Species photos include photos of any wildlife species detected. Other photos include blanks and photos of crew 
members or vehicles. 

Project Year Delay (Seconds) Burst # Camera Count Species Photos Other Photos Total Photos Photos/Camera 
(mean) 

Southwest 
Oregon 

2016 

5* 3 280 265413 643072 908485 3245 

5 1 280 88988 215204 304192 1086 

15 1 279 64445 175407 239852 860 

30 1 279 48752 135034 183786 659 

60 1 279 36787 102539 139326 499 

90 1 279 30908 79368 110276 395 

120 1 279 27407 69383 96790 347 

300 1 279 18786 40902 59688 214 

Sierra Nevada 

2017 

30* 1 418 26655 142122 168777 404 

60 1 417 16495 83778 100273 240 

90 1 417 13960 69491 83451 200 

120 1 417 12506 60504 73010 175 

300 1 417 8846 38141 46987 113 

2019 

15* 1 336 24901 70073 94974 283 

30 1 336 15567 45658 61225 182 

60 1 336 11338 33645 44983 134 

90 1 336 9479 28424 37903 113 

120 1 336 8425 25240 33665 100 

300 1 336 5901 17087 22988 68 
 

*bold rows indicate raw datasets with original field camera settings 
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Figure 2. Plot of mean photos per survey day across all datasets with the 95% confidence interval for each 
different delay and burst setting (delays of 5 seconds with 3-photo bursts, and 5, 15, 30, 60, 90, 120, and 300 
seconds with no burst).   

 

 Delay simulation 

Parameter estimates for occupancy and detection were generally 
consistent across delay periods for all species across the three datasets. 
Parameter estimates for a single camera were either equivalent or only 
showed minor variation across delay periods for all datasets analyzed, with 
a maximum observed variation in ψ of ± 0.03 or a maximum variation in p 
of ± 0.02. The largest variation in ψ was observed in the Southwest Oregon 
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fisher data (ψdelay5 = 0.05 [SE = 0.02], ψdelay300 = 0.03 [SE = 0.02]) and 2017 
Sierra Nevada black bear data (ψdelay5 = 0.70 [SE = 0.02], ψdelay300 = 0.67 [SE = 
0.03]). Variation around parameter estimates (SE) for single cameras was 
minor (>± 0.01) across all delay periods and datasets (Figure 3, Table S1). 
These results were consistent for analyses of 2-camera units (Table S2). 
 

 
Figure 3. Plots of (A – C) occupancy and (D – F) 24-hour detection probability by species for a single camera for 
each of the raw datasets: Sierra Nevada Carnivore Monitoring Project (S. Nevada) in 2017 (green circles) & 2019 
(orange triangles) and the Southwestern Oregon Fisher project (SW Oregon) in 2016 (purple squares). Species 
results are organized by row: Row 1 = fisher, Row 2 = black bear, Row 3 = gray fox. The original delay period 
varied by study area and year (SW Oregon 2016 = 5 sec, S. Nevada 2017 = 30 sec, S. Nevada 2019 = 15 sec). 
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 Burst simulation 

When analyzing the effect of changing the burst number in occupancy 
analyses, there was no effect of changing burst number on either the 
parameter estimates ψ or p, or their standard errors (Figure 4). 
 

 
Figure 4. Plots of (A – C) occupancy and (D – F) detection probability for a single camera for each species by row 
for three different burst settings. Species results are organized by row with Row 1 = fisher, Row 2 = black bear, 
Row 3 = gray fox. Burst analysis only includes data from the 2016 Southwest Oregon study. 
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Discussion 
The influence of internal camera settings that control the number of 
photos taken has received relatively little attention in the literature 
compared to other aspects of camera study design. Yet, these settings 
have major downstream implications for data management and analysis. 
Our results show that increasing delay period or reducing burst number 
decreased number of photos but did not meaningfully change occupancy 
or detection estimates for any species analyzed regardless of whether they 
were common or rare. However, changes to these settings did affect the 
photographic workload, with the dataset with shortest delay (5 sec) and 
highest burst (3) having >1,500% more photos than when that dataset was 
subset to the longest delay (300 sec) and lowest burst (1). These results 
indicate that, for occupancy analyses, setting too short a delay period or 
too high a burst number may only serve to increase photographic 
workload with little to no analytical benefit. These results concur with 
other studies that also found increasing delay periods had negligible 
effects on estimates of occupancy (Lepard et al., 2019), species richness 
(Mashintonio et al., 2022), or relative abundance indices (Sparkes et al., 
2021). 
 
Effects of additional photos on project workload and data storage needs 
can be significant. Extrapolating from the values observed in the camera 
data from this study, a project with 100 cameras running for 20 days could 
generate between 21,400 photographs (delay = 300s, burst = 1, cumulative 
photos/day = 214) to 324,500 photographs (delay = 5s, burst = 3, 
cumulative photos/day = 3,245). Assuming each photo is 5 MP, this 
difference corresponds to the need for ~32 GB of storage space for 
~21,400 photos compared to ~487 GB for ~324,500 photos. To quantify 
this difference in terms of project workload, for example assuming a photo 
processing time of 1,000 photos/hour (processing rate varies widely by 
project and method used), 21,400 photos would take ~21 hours, versus 
~325 hours to process 324,500 photos. 
 
We found that increasing delay or decreasing burst settings had little to no 
effect on occupancy estimates whether the species was rare (fisher 
occupancy = 0.05) or common (black bear occupancy = 0.70). This occurs 
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because occupancy analyses aggregate detections into a single 
presence/absence value per survey period, making one photo or multiple 
photos within that period equivalent for the encounter history. While we 
used 24-hour survey periods, many occupancy studies use longer 
multi-day periods corresponding to camera check intervals (e.g., Fisher et 
al. 2014: 7 days; Lukacs et al., 2020: 30 days). Longer survey periods 
inherently increase photo aggregation, and our 24-hour windows are 
shorter than the median 5-day detection windows commonly employed 
(Shannon et al., 2014, Burton et al., 2015). However, continuous camera 
trap monitoring often violates temporal independence assumptions, 
potentially underestimating occupancy probabilities and overestimating 
precision (Goldstein et al., 2024b). Given these aggregation effects, we 
expect delay and burst settings would have minimal impact on occupancy 
estimates using longer detection windows or larger camera arrays. 
 
Our results pertain specifically to baited cameras used for occupancy 
analyses which are important factors to consider when interpreting our 
results. Using bait will increase time spent by an animal at a camera and 
can substantially increase the number of photos. For some species, bait 
and lure can significantly improve detection probability (du Preez et al., 
2014, Lukacs et al., 2020) by increasing the likelihood an animal will 
encounter a camera, while for others, presence of bait can have little or no 
effect or even deter individuals (Avrin et al., 2020, 2021, Green et al., 2023), 
or can vary seasonally (Moriarty et al., 2018). If using unbaited cameras, a 
burst setting >1 and/or a short delay period may be important to 
adequately capture an identifiable image of an animal that might move 
quickly past the camera, particularly for highly mobile or hard to detect 
species. A similar study on how camera settings affect analyses using 
un-baited cameras would be a meaningful future endeavor. 
 
There are numerous types of analyses that use camera trap data besides 
occupancy models, such as estimation of abundance (Gilbert et al., 2021), 
density (Rich et al., 2019, Green et al., 2020), species richness (Rich et al., 
2017), or quantification of animal behavior (Caravaggi et al., 2017) 
including analyses of activity patterns (Rowcliffe et al., 2014) or diel niche 
(Mayer et al., 2023). Data needs and therefore optimal camera settings 
may differ depending on analysis type with some benefitting from a 
greater number or temporal frequency of photos (e.g., Leorna and 
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Brinkman, 2024, Goldstein et al., 2024b), such as individual or sex 
identification (Karanth and Nichols, 1998, Rowland et al., 2020), or some 
activity pattern analyses (Peral et al., 2022). It is critical to carefully consider 
the study objective, analytical method, and species characteristics when 
choosing camera settings to avoid generating unnecessarily large photo 
datasets that only serve to increase the photo workload without significant 
analytical benefit. Our results indicate that for occupancy analyses for 
many species, multi-photo bursts and short delay periods are unnecessary 
and setting cameras to take single photos on longer delay periods yields 
comparable results while greatly reducing the number of photos and data 
management workload. 
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