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 A B S T R A C T

Camera Trap Distance Sampling (CTDS) enables population density estimation of unmarked species from 
camera trap data by incorporating animal-to-camera distances. In this study, we systematically evaluate the 
sensitivity of CTDS-derived density estimates to variation in key pipeline parameters, using a high-resolution 
camera trap dataset from Central Europe. Over a 12-month period, 110 cameras were deployed across a 
forested area of 94 km2. Animal-to-camera distances were estimated via monocular depth estimation. To reduce 
manual annotation effort, we introduce an automated masking approach for calibration images based on the 
Segformer model, saving an estimated minimum of two minutes per image. Using red deer (Cervus elaphus) 
as model species, a full-factorial sensitivity study (n = 135 parameter configurations) was conducted, varying 
MegaDetector confidence threshold, depth sampling method, mean trigger intervals and right-hand distance 
truncation schemes. Results show that population density estimates are highly sensitive to the choice of 
depth sampling method, MegaDetector confidence threshold and mean trigger interval. Parameter-induced 
variation led to differences of up to 200% in density estimates relative to the lowest estimate, twice as much 
as the variation observed between spatial subsets of the study area differing in vegetation characteristics. 
However, relative differences between the two sub-areas remained largely consistent across configurations. 
These results highlight the critical impact of technical choices within CTDS workflows and emphasize the need 
for transparent reporting and standardization of key pipeline parameters. All CTDS analyses using automated 
pipelines should therefore be accompanied by dataset-specific sensitivity analyses to account for parameter 
uncertainty and validation challenges. Overall, our study demonstrates both the methodological challenges 
and practical applicability of automated CTDS for large-scale wildlife monitoring.
1. Introduction

Monitoring of wildlife abundance and density is fundamental for 
quantifying population dynamics, understanding biotic interactions, 
and designing effective management and conservation strategies
(Callaghan et al., 2024; Williams et al., 2001). Camera trapping plays 
a significant role in this process by providing non-invasive, continu-
ous, and extensive data collection on species presence, behavior, and 
population trends (Caravaggi et al., 2017).

For species where individuals can be individually identified (e.g., 
some fields), capture-recapture models allow reliable population den-
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sity estimates (Royle et al., 2008). However, most wildlife species 
lack distinctive features for individual recognition. Here, Camera Trap 
Distance Sampling (CTDS) is increasingly recognized as a valuable 
method to estimate population density of wildlife species. If cameras 
are distributed randomly with respect to both habitat characteristics 
and animal movement patterns (i.e., not preferentially along trails or 
roads), this method can provide reliable population density estimates 
across a range of ecological settings (Howe et al., 2017).

In CTDS, the detection probability of an animal is modeled as a 
function of its distance from the camera, accounting for decreasing 
detectability with increasing distance. Distance estimates have been 
https://doi.org/10.1016/j.ecoinf.2026.103682
Received 22 August 2025; Received in revised form 18 January 2026; Accepted 26
vailable online 12 March 2026 
574-9541/© 2026 The Authors. Published by Elsevier B.V. This is an open access a
 February 2026

rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/ecolinf
https://www.elsevier.com/locate/ecolinf
https://orcid.org/0009-0008-3497-9129
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://github.com/slds-lmu/wildlife-experiments-server/releases/tag/v1.0.0
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
https://doi.org/10.5281/zenodo.18282969
mailto:phil.garthen@uni-bayreuth.de
https://doi.org/10.1016/j.ecoinf.2026.103682
https://doi.org/10.1016/j.ecoinf.2026.103682
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ecoinf.2026.103682&domain=pdf
http://creativecommons.org/licenses/by/4.0/


P. Garthen et al. Ecological Informatics 95 (2026) 103682 
commonly derived from manually comparing animal locations to ref-
erence objects at known distances from the camera (Caravaggi et al., 
2016). However, this method requires extensive laborious effort. To 
address this issue, Haucke et al. (2022) proposed an automated pipeline 
based on monocular depth estimation and depth image calibration, 
reducing the manual effort by a factor greater than 20.

While automatization in the CTDS pipeline significantly improves 
efficiency, it also introduces new challenges regarding the accuracy of 
population density estimates (Haucke et al., 2022). Previous studies 
showed that CTDS-based population density estimates are relatively 
robust to image loss arising from automatization (Zampetti et al., 2024; 
Henrich et al., 2024), but it has never been systematically quantified 
to which extend they are affected by decisions and errors in the 
automated pipeline. To address this gap, we assess how variation in 
the following pipeline parameters propagates to CTDS-based population 
density estimates. Specifically, we examine the influence of four key 
pipeline parameters:

(1) Confidence threshold for object detection: An important pre-
requisite for automatizing population density estimation via CTDS 
is the identification of animals on photos via artificial intelligence 
(AI; Zampetti et al., 2024): The MegaDetector as an AI-based object 
detection model is able to find and localize animals on camera trap 
images from diverse ecosystems worldwide (Beery et al., 2019). Each 
detected animal is assigned a bounding box and accompanied by a 
confidence score. As typical for general AI models, some previous 
studies applying MegaDetector rely on comparably high thresholds of 
0.7 to 0.95 (Leorna and Brinkman, 2022; Mitterwallner et al., 2024). 
However, with new updates or additional training data, the optimal 
threshold may change. Bothmann et al. (2023) argue that the optimal 
threshold can be a performance-relevant hyperparameter worth to 
being tuned, as a higher probability to detect animals with low thresh-
olds is accompanied by an increase in false detections (e.g., empty 
images). Consequently, the confidence threshold directly affects both 
the quantity and the reliability of animal detections.

(2) Depth sampling model: Within each bounding box, the depth 
relative to the camera location can vary significantly. For example, 
the animal itself will be closer to the camera than vegetation in the 
background. Several approaches have been suggested to automatically 
sample a depth that coincides with the animal’s position. A straight-
forward option is to calculate the depth at the bottom center of the 
bounding box (Henrich et al., 2024), as the bottom line roughly repre-
sents the standing position of the animal. Haucke et al. (2022) suggest 
that the probability of the sampled depth to lie directly on the detected 
animal will be maximal, when sampling at the 20th percentile of all 
depths contained inside the bounding box. Alternatively, each animal 
can be assigned a mask in addition to the bounding box, using an 
object identification AI such as Detectron2 (Wu et al., 2019) or Segment 
Anything (Kirillov et al., 2023). In this way, the depth can be sampled 
from a representative part of the animal’s mask (essentially a center-like 
point).

(3) Mean trigger interval: In CTDS, population densities are esti-
mated as a function of effective survey effort, which is defined as 
camera runtime divided by the number of potential detection events 
at which an animal could be photographed if continuously present 
in front of the camera, that is, the number of so-called snapshot 
moments (Buckland, 2001). The number of snapshot moments results 
from the mean time interval between consecutive triggers generated 
by the same individual remaining within the camera’s field of view 
(FOV). Underestimating this interval leads to an overestimation of 
effective survey effort and, consequently, to an underestimation of 
density. Both technical recovery times and species-specific, behavior-
driven retrigger delays affect trigger intervals, because animals present 
in front of a camera do not constantly move (e.g., due to sleeping, 
grazing, or freezing in reaction to the camera), and therefore do not 
immediately reactivate the motion sensor. While the first is specified by 
the manufacturer and can also be validated experimentally, the latter 
2 
is highly species-specific and depends on population densities, habitats, 
and camera characteristics. Therefore, mean trigger intervals must be 
inferred directly from the respective dataset, but manual checks are 
time-consuming and often unreliable, because individuals are hardly 
recognizable and animals may temporarily leave the camera’s FOV 
without the possibility of detecting this. To address this, Kühl et al. 
(2023) present a statistical approach for estimating dataset-specific 
mean trigger intervals. However, the results are highly sensitive to 
the truncation threshold used to decide which intervals to include 
in the calculation of the mean: Choosing too large thresholds mixes 
in many intervals from different individuals or between the same 
individual leaving and returning later, whereas too small thresholds cut 
off intervals that actually stem from the same individual. The selection 
of an appropriate truncation threshold is therefore a trade-off, for which 
objective selection criteria are not available.

(4) Maximum distance of observations: Right-hand truncation of the 
distance data helps to select more realistic conditions. Depth beyond a 
certain threshold may not be reliable or relevant (Buckland, 2001). The 
actual maximum visible distance between camera and animal depends 
on site-specific characteristics such as vegetation. Additionally, it is 
expected to differ between species and habitats. E.g., large animals in 
open habitats are more likely to be detected at far distances compared 
to small animals in dense forests (Zuleger et al., 2022).

Our systematic approach aims to address the following research 
questions: (a) Do variations in parameter configurations within an au-
tomated CTDS pipeline translate into differences in population density 
estimates? If so, (b) which parameters require the most attention? 
Finally, we address the risk that (c) variation induced by pipeline 
parameter settings may outweigh natural spatial variation. To explore 
this, we estimate red deer (Cervus elaphus) population densities within 
the Veldensteiner Forest in Northern Bavaria, Germany, focusing par-
ticularly on the contrast between the eastern and western sections, 
which are separated by a river and a parallel railway line, and differ 
in vegetation characteristics. These real-world differences serve as a 
reference framework to assess whether the density differences produced 
by model configurations are meaningful or negligible in the context of 
our study area.

2. Materials and methods

2.1. Study site

Camera trap data were collected in the Veldensteiner Forest and 
adjacent forest areas. The 94 km2 study site is located in Northern 
Bavaria (Germany) and part of the nature park ’’Fränkische Schweiz 
and Frankenjura’’. It is partitioned into two subregions by the river 
Pegnitz and an adjacent railway line that follows its course (Fig.  1). 
The mountain range within this region spans elevations from 440 to 
610 m above sea level. A wide range of wildlife species inhabits the 
Veldensteiner Forest, including ungulates (e.g., roe deer (Capreolus 
capreolus), red deer (Cervus elaphus), wild boar (Sus scrofa)) and car-
nivores (e.g., wolf (Canis lupus), red fox (Vulpes vulpes), wild cat (Felis 
silvestris)). The forest is predominantly shaped by human influence, 
including significant recreational use, hunting, and forestry operations. 
The major part of the area, especially in its western part, is covered 
by coniferous forests with the dominant tree species Scots pine (Pinus 
silvestris) and Norway spruce (Picea abies). The distribution of the 
main deciduous species, Fagus sylvatica, is largely concentrated in the 
south-eastern part.

2.2. Camera trap deployment and data collection

A total of 110 camera traps were placed in a grid of 950 m 
distance to each other, following a systematic design with a random 
start. All potential sites located in fenced areas or human settlements 
were excluded. Cameras were installed approximately 50 cm above the 
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Fig. 1. Location of study area within Germany and grid of camera traps within the study area.
Table 1
Overview of camera settings.
 Camera model Cuddeback Power House Black G-5031  
 Recording mode Multi-shot mode: 5 pictures series, minimum delay + 
 Time lapse mode: one picture per day  
 Horizontal field of view ∼40◦  
 Vertical field of view ∼31.5◦  
 Flash type Black flash (no visible glow at night)  
 Flash range Far (∼30 m)  
 Image format Full (4 × 3)  
 Image size 5 MP  
 Zone control Wide  

ground, with an angle parallel to the ground. The deployment period 
of the cameras was from September 2020 to August 2021.

Camera traps that malfunctioned during deployment were assumed 
to have failed at the time of their last recorded photo. Each camera 
took at least one image per day (time lapse mode), so any uncertainty 
regarding the exact failure time is negligible. Further camera settings 
are specified in Table  1.

Camera trap images were classified as animals, humans, vehicles 
and empty images using the object detection model MegaDetector 
(MDv4.1; Beery et al., 2019), with low-confidence classifications being 
manually reviewed to prevent the loss of animal images. Subsequently, 
all images containing red deer (n = 13,909) were manually selected. 
Red deer was chosen as model species due to its high management 
relevance in the study area.

2.3. Depth estimation

A critical component of the CTDS workflow described in Section 2.4 
is the estimation of the distance between an animal and the camera. 
Our approach for deriving these distances from camera trap images 
uses state-of-the-art deep learning methods, with the goal of minimiz-
ing manual effort. We build upon the pipeline proposed by Haucke 
et al. (2022) for generating absolute depth maps and extend it with a 
preprocessing step that automates the masking of calibration images. 
We used release version v.1.6.5 of the respective python package, 
which includes a revised computation of world coordinates based on 
an implementation issue identified during the course of this study.
3 
2.3.1. Pipeline of Haucke et al. (2022)
The pipeline has two primary workflows: (1) calibration and (2) 

distance estimation:
The goal of (1) calibration is to construct a reliable depth scale 

for each camera location. This requires a set of calibration images for 
each camera location with masked landmarks at known distances. To 
achieve this, each calibration image is prepared with a person standing 
at a known distance from the camera while holding a sign indicating 
the distance (Fig.  3A). The standard approach is then to manually 
draw masks around the landmarks, which works well but requires a lot 
of manual effort. Here, our own contribution improves efficiency by 
automating this step (see Section 2.3.2). These annotated calibration 
images then undergo monocular depth estimation using the Dense 
Prediction Transformer (DPT) model (Ranftl et al., 2021). This process 
results in a series of uncalibrated depth disparity images that are then 
aligned using a RANSAC-based method (Fischler and Bolles, 1981), 
such that the depth readings of the landmarks correspond to their 
actual values. This alignment produces a unified depth scale across all 
reference images, which serves as a reliable baseline for subsequent 
distance measurements for one camera location. For each of the 110 
camera trap locations in our study, around 3 to 27 calibration images 
were captured, depending on the visibility range within the camera’s 
FOV.

In (2), the distance estimation workflow, disparity maps are also 
generated for animal observation images using monocular depth es-
timation with the DPT model. These disparity maps are then aligned 
with the calibrated reference. Fig.  2 illustrates the intermediate steps in 
this workflow: Starting with a camera trap image (left image), animals 
are localized automatically by the MegaDetector model (Beery et al., 
2019), which generates bounding boxes for each detected animal based 
on a predefined confidence threshold (red rectangle). In the following, 
the distance estimation pipeline estimates a depth image, assigning a 
distance value to each pixel (center image), which is then aligned with 
the calibrated reference obtained from the calibration workflow (right 
image). Finally, a representative sample point within the bounding 
box (⋄) is selected. Three different depth sampling methods were 
implemented (see Section 2.5). The sample point’s depth becomes the 
animal-to-camera distance (6 m in the example). We selected 30 m 
as maximum distance in the pipeline. A manual inspection of distance 
distributions revealed one location with failed depth estimation due to 
sunglare, which was removed from subsequent analyses.
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Fig. 2. Depth estimation for a camera trap scene (exemplary depth sample point marked as ⋄).
Fig. 3. Automated masking of calibration images by Segformer. (A) Calibration image at distance 3 m and (B) mask for person in calibration image.
2.3.2. Our proposal: Automated calibration image masking
Given the large number of images required across multiple loca-

tions, manually drawing masks for each image, as proposed in the 
original workflow by Haucke et al. (2022), would be highly labor-
intensive and impractical. Consequently, automating the masking step 
becomes essential to maintain both efficiency and consistency across 
datasets of this scale.

To automate the process, a segmentation model is employed to iden-
tify and label specific area in each image. In this pipeline, the Segformer 
model (Xie et al., 2021) is used, as it combines both segmentation and 
labeling tasks, with various pretrained weights offering different label 
options and performance scores. Two segmentation approaches were 
explored: segmenting the sign itself and segmenting the person holding 
it. The latter approach proved to be more reliable, as it covers a larger 
segmented area (Fig.  3). By automating this process, we reduce the 
manual effort by about two minutes for each calibration image. 

2.4. Camera Trap Distance Sampling (CTDS)

For calculation of population density estimates 𝐷̂, CTDS was ap-
plied (Buckland, 2001; Howe et al., 2017), following the Eq.  (1):

𝐷̂ =
2𝑡
∑𝐾

𝑘=1 𝑛𝑘
𝜃𝑣 𝜔2 ∑𝐾

𝑘=1 𝑇𝑘 𝑃
1
𝐴̂

(1)

𝑡 = Mean trigger interval [s]
K = Number of camera trap locations
𝑛𝑘 = Number of individuals on the first photo of a photo series at 
location k
𝜃𝑣 = Horizontal angle of view of the camera [rad]
𝜔 = Truncation distance beyond which distances are discarded [km]
𝑇𝑘 = Camera deployment time at location k [s]
𝑃  = Detection probability
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𝐴̂ = Activity level (proportion of daily time where target species is 
active)

Analysis were conducted in R 4.2.3 (R Core Team, 2023) using the 
Distance package (version 2.0.0; Miller et al., 2019).

The first photos of each series were defined as snapshot moments. 
Mean trigger intervals t were estimated based on our own survey data: 
As proposed by Kühl et al. (2023), we calculated mean time intervals 
between pairs of consecutive pictures supposed to be triggered by the 
same individual, which ranged from 9.86 and 11.46 s depending on the 
truncation of the time interval distribution (see Section 2.5). In this 
way, periods where animals are not photographed though present in 
front of the camera, are accounted for.

The activity level 𝐴̂, i.e. the estimated proportion of time animals 
were active, was derived from circular kernel distributions fitted to 
the daily distribution of independent events using the ‘activity’ pack-
age (version 1.3.4; Rowcliffe, 2023), allowing the complete 24-hour 
data to be included. We defined an event as independent based on a 
minimum time interval of five minutes between consecutive images, 
following the same principle as Rovero and Marshall (2009) and Gray 
(2018) (Supplementary Figure A.1). Activity levels were calculated as 
yearly average, with uncertainty assessed via 1000 bootstrap replicates 
implemented in the fitact() function (Supplementary Figure A.2).

The camera’s FOV was provided by the camera manufacturer. Ad-
ditionally, detection angles 𝜃𝑣 were computed from the results of the 
depth estimation pipeline. Our data show a uniform horizontal dis-
tribution of events within a FOV of 40◦ (Supplementary Figure A.3). 
Observations outside a FOV of 40◦ were discarded (Howe et al., 2017).

For animals that were detected directly in front of the camera, 
species identification often failed because only a part of the animal 
was visible. This resulted in fewer than expected detections at small 
distances, so the data were left truncated at 1.5 m. Likewise, images 
at large distances were discarded, as reliability of species identification 
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and distance estimation decreases also with increasing distances (see 
Section 2.5; Buckland, 2001).

Detection probabilities 𝑃  were fitted using eight candidate detection 
functions, including uniform key functions with 1, 2 and 3 cosine 
adjustments, half normal key functions with 0, 1 and 2 cosine adjust-
ments and hazard rate key functions with 0 and 1 simple polynomial 
adjustments. To account for potential overdispersion and avoid overly 
complex models, we applied the two-step model selection procedure 
suggested by Howe et al. (2019). First, the best model within each key 
function was identified using Akaike’s information criterion adjusted 
by overdispersion (quasi-AIC), with the overdispersion parameter 𝑐
estimated as the ratio of the chi-square (𝜒2) statistic from the most 
highly parameterized model within each key function to its degrees of 
freedom. Second, among these candidates, the model with the lowest 
overdispersion was chosen. 

Density estimates were calculated as yearly averages for the hole 
study area as well as for the two subregions separately. Uncertainties 
were derived using a design-based approach (method ‘‘P2’’ of Fewster 
et al. (2009)), which estimates variance by post-stratifying adjacent 
camera locations and weighting within-stratum variability relative to 
its sampling effort. This approach thereby accounts for the systematic 
camera placement with a random start and unequal sampling effort 
among locations. Density estimates were statistically compared running 
pairwise Wald tests, with statistical significance determined from the 
𝜒2 distribution with one degree of freedom (alpha = 0.05; Wald and 
Wolfowitz, 1940).

2.5. Sensitivity study

We conducted a sensitivity study, focusing on how parameter vari-
ation in automated CTDS pipelines influence the resulting popula-
tion density estimates. The parameter grid for this sensitivity study is 
defined as follows (Fig.  4).

Key parameters to be defined within the depth estimation pipeline 
by Haucke et al. (2022):

• (1) MegaDetector confidence threshold: 10%, 30%, 50%, 70%, 
90%
MegaDetector (MDv5a.0.0) was used to localize animals in the 
images of the preselected dataset (Beery et al., 2019). The Mega-
Detector’s confidence threshold is varied to assess its influence 
on the number of animals detected. A range of confidence levels, 
from very low (10%) to very high (90%), is tested to evaluate how 
the model’s certainty in detecting animals affects the resulting 
population density estimation. The effect of the MegaDetector 
confidence threshold on the absolute number of detections is 
shown in Supplementary Table A.1.

• (2) Depth sampling method: BBOX_BOTTOM, BBOX_PERCENTILE,
SAM
To sample the depth within the bounding box, three different 
methods are explored. As initially mentioned by Haucke et al. 
(2022) and Henrich et al. (2024), each method offers a differ-
ent approach to handling depth estimation within the bounding 
boxes. We sampled
(a) the lower central pixel of the bounding box (BBOX_BOTTOM), 
based on the assumption that the detected animal is standing on 
the ground;
(b) the 20th percentile of all depth values within each bounding 
box (BBOX_PERCENTILE), which may offer a more accurate depth 
estimate despite potential variability in field conditions; and
(c) the centroid of the detected animal, applying the Segment 
Anything Model (SAM) (Kirillov et al., 2023) for segmentation 
within the bounding box. The SAM approach required approxi-
mately twice the computational time compared to the bounding-
box-based methods.
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Key parameters to be defined in the downstream steps of the CTDS 
pipeline:

• (3) Mean trigger interval: 9.86 s, 11.21 s, 13.46 s
Mean trigger intervals are affected by the truncation threshold 
used to decide which intervals to include in the calculation of the 
mean. Based on the approach of Kühl et al. (2023), we applied 
truncation thresholds of 15.5 s, 40.5 s, and the third quartile of 
the 0–5 min time-interval distribution aiming to exclude trigger 
intervals from different individuals, from individuals temporarily 
leaving the camera’s FOV or being hidden by vegetation. These 
thresholds yielded estimated mean trigger intervals of 9.86 s, 
13.46 s and 11.21 s, respectively.

• (4) Maximum distance truncation: 15 m, 30 m, 85%
The maximum distance is capped at 15 m or 30 m, with dis-
tances beyond that being truncated (right-hand truncation). The 
30 m cut-off corresponds to the camera manufacturer’s specified 
infrared flash range. Each truncation results in varying portions of 
the data, ranging between 66% (SAM, MegaDetector confidence 
threshold = 30%) and 95% (BBOX_BOTTOM, 90%) for truncation 
at 15 m and between 86% (SAM, 30%) and 99% (BBOX_BOTTOM, 
90%) for truncation at 30 m. Therefore, a uniform right-hand 
truncation of 15% of the largest observed distances was addition-
ally applied to each individual dataset, resulting in truncations 
distances between 10 m (BBOX_BOTTOM, 90%) and 28 m (SAM, 
30%).

By combining these different parameter settings, the total number 
of experiments conducted in the sensitivity study is 135.

3. Results

3.1. Effects of pipeline parameter variation on population density estimates

We systematically tested the sensitivity of population density es-
timates to parameter variation in automated pipelines. Overall, sub-
stantial variation in density estimates was observed across the tested 
parameter configurations. Variation of the depth sampling method 
had the highest impact, followed by the mean trigger interval and 
the MegaDetector confidence threshold (Fig.  6D). The largest positive 
deviation from the overall mean was obtained using the depth sam-
pling method BBOX_BOTTOM in combination with low MegaDetector 
confidence thresholds and large mean trigger intervals, irrespective of 
maximum distance truncation (+40%). In contrast, the largest nega-
tive deviation was produced using the depth sampling method SAM 
with high MegaDetector confidence thresholds and small mean trig-
ger intervals, reaching up to –20% deviation from the overall mean 
(Fig.  6A). Pairwise Wald comparisons partially revealed significant 
differences among pairs of density estimates. Except for one configu-
ration (SAM-10%-13.46 s-15 m), all parameter configurations differed 
significantly from at least one other. The largest density estimate 
(BBOX_BOTTOM-10%-13.46 s-30 m)  exhibited the largest number of 
significant differences to other estimates (88). When only a single pa-
rameter was varied while holding the other three constant, significant 
differences between density estimates were observed only for variations 
in the depth sampling method. These differences involved nine pairwise 
comparisons between BBOX_BOTTOM and SAM.

3.1.1. Effects of parameter variation within depth estimation pipeline
The depth sampling method had a visible impact on the distribution 

of estimated distances (Fig.  5). While BBOX_BOTTOM resulted in the 
smallest average distance estimates, SAM yielded a comparatively high 
number of larger distances, whereas BBOX_PERCENTILE produced in-
termediate results. Variation of the MegaDetector confidence threshold 
had mostly no influence on the distance distribution, except for a high 
threshold of 0.9, which resulted in relatively more close detections 
(Supplementary Fig. A.4).
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Fig. 4. Overview of pipeline parameters included in the sensitivity study.
Fig. 5. Relative frequency of detections per meter by depth sampling method. 
Data for MegaDetector confidence threshold = 50% (pattern is representative 
of all tested thresholds).

Population density estimates resulting from BBOX_BOTTOM were 
on average (across all other parameter configurations) 29% higher, 
those resulting from SAM 11% smaller than the estimates resulting from 
BBOX_PERCENTILE. Decreasing MegaDetector confidence thresholds 
(90% to 10%) increased population density estimates by 23%, on 
average. An exemplary set of parameter configurations is depicted in 
Fig.  6B.
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3.1.2. Effects of parameter variation within downstream CTDS pipeline
Population density estimates based on a mean trigger interval of 

13.46 s were 20% higher, and those based on 9.86 s 12% lower 
than estimates obtained using 11.21 s. Instead, variation introduced by 
varying maximum distance truncation schemes was negligible (∼5%). 
An exemplary set of parameter configurations is depicted in Fig.  6C.

3.2. Spatial variation in population density estimates

In the western part of the study area, population density estimates 
were on average twice as high as in the eastern part (Fig.  7). Esti-
mates from 105 of 135 parameter configurations differed significantly 
between sub-areas, with non-significant results being dominated by 
configurations using a MegaDetector confidence threshold of 90%. 
Depending on the selected parameter configuration, density estimates 
for the eastern part ranged from approximately 0.3 to 0.8 individuals 
per km2, while estimates for the western part ranged from 0.5 to 1.5 
individuals per km2. Thus, depending on parameter choices, density 
estimates varied by up to a factor of three within the same area.

4. Discussion

Our study systematically evaluated how wildlife population den-
sity estimates are influenced by different parameter configurations 
within an automated CTDS pipeline. We found that population den-
sity estimates were significantly affected by both the depth sampling 
method and the MegaDetector confidence threshold. Density estimates 
were further influenced by mean trigger intervals, while the selected 
maximum detection distance had a minimal effect. Notably, parameter-
induced variation (up to 200% difference relative to the lowest density 
estimate) exceeded the considerable spatial variation in animal popu-
lation densities between the western and the eastern part of the study 
area (∼100% difference).
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Fig. 6. Population density estimates and their variation across different parameter configurations. Panel (A) shows the percentage deviation from the overall 
mean of population density estimates across all tested parameter combinations. Panels (B) and (C) display exemplary population density estimates (individuals 
per km2) for specific parameter configurations marked in (A). Points represent means, error bars the 95% confidence intervals. In (B), parameters vary within 
the depth estimation pipeline (Depth sampling method and MegaDetector confidence threshold; estimates are based on a mean trigger interval of 11.21 s and a 
maximum distance truncation at 85%). In (C), parameters vary within the downstream CTDS pipeline (Maximum distance and mean trigger interval; includes only 
data for depth sampling method = BBOX_PERCENTILE and MegaDetector confidence threshold = 50%). Panel (D) quantifies the sensitivity of density estimates to 
each specific parameter. For each parameter, differences are calculated as the percent increase from the lowest to the highest estimates, while all other parameters 
are held constant.
4.1. Strong effects of key pipeline parameters on density estimates

Increasing the MegaDetector confidence threshold consistently re-
duced population density estimates. This trend reflects the trade-off 
between false positives and false negatives: higher thresholds reduce 
false positives but also exclude true detections, thus reducing the total 
number of detections used in density estimation. Our results confirm 
findings by others (e.g., Beery et al., 2019; Bothmann et al., 2023), 
who observed that confidence threshold settings significantly affect 
detection rates and downstream ecological metrics. Notably, CTDS 
largely corrected for the number of detections, underscoring findings 
of previous studies (e.g., Zampetti et al., 2024). In our analyses, 2.3 
times more detections were included for a threshold of 90% compared 
to 10%, yet the resulting density estimates increased by less than 
50%, on average. Close detections are most important for selecting an 
appropriate detection function (see below), and with high thresholds 
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(e.g., 90%), more detections near the camera will be missed, making the 
method not entirely immune to detection number variation in response 
to changes in the MegaDetector confidence threshold. In our study, 
a confidence threshold of 10% resulted in the number of detections 
(n = 3039) most similar to the number of manual detections (n =
3569). This suggests that still not all individuals were detected by the 
MegaDetector with the lowest tested confidence threshold. However, 
most undetected animals are located in the background of the image 
and will probably not significantly affect the density results due to 
the right-hand truncation applied in the density estimation pipeline. 
The low optimal MegaDetector confidence threshold stands in contrast 
to other studies (Mitterwallner et al., 2024; Zampetti et al., 2024), 
which recommend thresholds ranging from 70 to 95%. However, these 
studies rely on earlier versions of MegaDetector. Our results indicate 
that the updated version used here (MDv5a.0.0) performs best with 
considerably lower confidence thresholds. This finding is consistent 
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Fig. 7. Comparison of population density estimates between the western (left) 
and eastern (right) parts of the study area. Red lines represent medians. All 
tested parameter configurations included.

with reports from the model developers, who note that optimal confi-
dence thresholds can vary substantially between model versions, with 
more recent releases allowing for markedly lower thresholds (down to 
15%; Beery et al., 2019). In our study, threshold selection was further 
influenced by prior manual filtering of images to include only red 
deer, reducing the proportion of empty images and permitting lower 
thresholds (even below 15%) without substantially increasing false 
positives. This highlights that optimal confidence thresholds are highly 
dependent on both model version and dataset composition.

Depth sampling methods that resulted in shorter camera–animal 
distances produced higher population density estimates. These findings 
align with earlier research showing that if detections are clustered 
near the observer, the detection function declines more rapidly, which 
increases the estimated density (Buckland, 2001). Thus, the BBOX_BOT-
TOM method, which produces a steeper detection function, leads to 
higher density estimates because the model infers that more animals 
passing at larger distances from the camera remain undetected. On 
the other hand, SAM generates a higher proportion of larger distances, 
thus yielding lower density estimates. BBOX_PERCENTILE provides 
intermediate results between these two extremes. Part of the differences 
in distance distributions between depth sampling methods arise from 
the fact that animals detected far from the camera tend to blend into the 
background, either partially or entirely, leading SAM and BBOX_PER-
CENTILE to overestimate distances (Fig.  8A + B). Also, partial occlusion 
of the animal, e.g. by tree trunks or dense understory vegetation, 
can introduce bias because nearby pixels will then be overrepresented 
within the bounding boxes (Fig.  8C). In such cases, both the selected 
quartile and the bottom center of the bounding box may correspond to 
foreground vegetation rather than the animal’s true position. In more 
open habitats, the observed differences in density estimates between 
the three depth sampling methods may be partially reduced, as the 
effect of occlusion is less pronounced. A systematic evaluation of the 
three methods across habitats with varying vegetation density and 
occlusion levels is needed to fully understand the effect of vegetation 
density on the depth estimates. Another source of bias is caused by 
animals being detected very close to the camera and dominating the 
FOV, distorting the overall depth profile used for estimation (Fig.  8D). 
In such cases, the depth estimation pipeline does not always recog-
nize the animal as being directly in front of the camera, but instead 
interprets it as part of the background. In previous research, using the 
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20th percentile of depths in the bounding box and applying a linear 
interpolation with the bottom center pixel for distances beyond 10 m 
showed no statistically significant differences compared to manually 
measured ground-truth distances (Henrich et al., 2024). This approach 
may represent a compromise that, on the one hand, reduces under-
estimation at short distances, while also avoiding excessively large 
distances in the background of the image.

We also observed substantial effects of varying mean trigger in-
tervals on population density estimates. This is expected, as density 
estimates in the CTDS model scale directly with the mean trigger in-
terval (Eq.  (1)). Selecting the third quartile as the truncation threshold 
has been proposed to result in reliable estimates: In the study by Kühl 
et al. (2023), CTDS density estimates based on third-quartile truncation 
closely matched independent estimates obtained via spatially explicit 
capture–recapture (Efford and Fewster, 2013), as well as random en-
counter model estimates (Rowcliffe et al., 2008). Another way to 
address issues related to the mean trigger interval would be to adapt 
camera settings and use dense time-lapse images (e.g., one per minute) 
rather than infrared-triggered images. This would create predefined 
snapshot events, making camera effort clearly defined. Similarly, long 
motion-triggered videos would allow images to be extracted from the 
video at a predefined interval (Howe et al., 2017). On the other hand, 
these approaches introduce additional challenges, including increased 
battery consumption, storage requirements and image processing time. 
In the case of time-lapse mode only, the possibility of missing rarely 
detected species entirely would also need to be considered, as animals 
could pass the camera between snapshots without being detected.

The right-hand truncation distance, instead, showed no clear influ-
ence on population density estimates, which is in line with previous 
studies (Zuleger et al., 2022). As reported in the literature, CTDS pri-
marily relies on closer observations and detections far from the camera 
are less influential in determining population density estimates (e.g., 
Delisle et al., 2023).

Overall, our findings highlight the importance of the parameters 
defined in the depth estimation pipeline and confirm the need for 
accurate estimation of the mean trigger interval, all of which can cause 
density variations of a similar magnitude depending on parameter 
choices.

4.2. Parameter-induced variation exceeds spatial variation in our data set

In our study area, population density estimates were on average 
twice as high in the western part compared to the eastern part. The 
underlying reasons for this pattern remain unknown, but it is likely 
that the differences in densities reflect distinct habitat preferences. The 
two sub-areas are separated by a river and a railway line, creating a 
physical barrier between the western part, dominated by coniferous 
forests, and the eastern part, which is more rocky and has a higher 
proportion of deciduous trees. We expect differences in detectability to 
be minor, as no significant variation in understory vegetation density 
was observed, and the pattern appears to be specific to red deer and 
not influenced by other species. Despite large absolute differences 
in density estimates between parameter configurations, the relative 
differences between the two sub-areas remain largely consistent across 
configurations. This consistency underscores the general suitability of 
the method for practical applications, particularly when focusing on 
relative differences across space or time rather than absolute numbers. 
Despite this substantial spatial difference, the overall variation induced 
by model configurations exceeded the observed spatial variation within 
our data set significantly. Thus, consistent pipeline parameters are 
essential in practical application of automated CTDS. In particular, for 
assessing rare species under conservation criteria, even small changes in 
population densities can be of critical interest (e.g., Lankau and Strauss, 
2011).
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Fig. 8. Exemplary visualization of depth sampling methods and their effect on detection distances. Differences in depth estimates can arise from the animal 
blending (A) partly or (B) entirely into the background, (C) partial occlusion of the animal or (D) irritation caused by very close animals.
4.3. General implications for CTDS methodology

Although CTDS has been shown to be robust to random or mod-
erate automatization errors (Henrich et al., 2024; Zampetti et al., 
2024), our results demonstrate that systematic variation in pipeline 
parameters will still lead to substantial shifts in population density 
estimates. Parameter choices can act as significant sources of bias if 
left unexamined. This finding raises questions about the reliability 
and comparability of CTDS-derived density estimates, especially across 
studies using different parameter configurations.

Validation remains challenging, as true population densities are 
frequently unknown, as it was the case in our study. Also, most studies 
are conducted in small finite areas not subject to closure, allowing 
animals to freely move in and out, such that population densities are 
not constant over time. However, even with known population den-
sities, multiple parameter configurations can produce similar results, 
as different parameters may compensate for each other. This high-
lights the importance of explicitly exploring and quantifying parameter 
sensitivity, rather than assuming that apparently accurate estimates 
necessarily reflect optimal or correct parameter settings. As a result, 
the objective selection of a concrete set of parameters is not straightfor-
ward: Parameter selection often involves trade-offs between competing 
objectives and optimal parameter settings are dataset-specific and de-
pend on habitat characteristics, species-specific behavior, and camera 
properties. Manual verification of a subset of a dataset can partly 
address these uncertainties, for example, by inspecting animal de-
tections obtained with different MegaDetector confidence thresholds, 
or by manually estimating animal distances. However, selecting an 
appropriate subset for manual validation is difficult, as numerous fac-
tors influence optimal parameter settings, including camera location, 
camera model, species, time, and detection distance. Future studies 
should therefore focus on quantifying how optimal parameter settings 
vary under different environmental and technical conditions, for in-
stance by manually validating depth sampling methods in relation to 
detection distance and vegetation density. For the time being, when 
working with CTDS-derived population density estimates, we recom-
mend performing a comprehensive sensitivity analysis for each dataset, 
testing multiple parameter configurations, to better understand po-
tential sources of variance and uncertainty resulting from automated 
pipeline application.
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5. Conclusion

Overall, our results underscore the sensitivity of CTDS-derived pop-
ulation density estimates to key pipeline parameters, highlighting the 
potential for substantial bias if parameter configurations are not care-
fully selected. Nevertheless, by conducting dataset-specific sensitivity 
analyses and thoughtfully choosing parameter settings, robust and 
reproducible density estimates are achievable. In this way, the auto-
mated CTDS pipeline offers substantial advantages in scalability and 
consistency, while emphasizing the need for careful consideration of 
parameter selection in future studies.
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Appendix A. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.ecoinf.2026.103682.
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ases/tag/v1.0.0. Data and R code related to the density estimation is 
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