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Abstract: Reliable estimates of abundance are critical to the conservation of threatened species. Aerial
surveying is a sampling method that has been used to estimate wildlife abundance over large or inaccessible
areas. An increasing trend in aerial surveying methodology is to use remotely piloted aircraft systems (RPAS),
also known as drones, in lieu of traditional manned aircraft systems such as planes and helicopters. Studies
which used RPAS instead of manned aircraft have recently attempted to analyse imagery using automated
detection methods. While there are a number of advantages to this approach, there are also potential issues in
abundance estimation using this data since the errors associated with using these approaches are largely
unaccounted for in established models of abundance estimation.
In this paper we applied a model developed by Terletzky and Koons (2016) for fixed wing survey, to data
derived from RPAS surveys that has been processed by an automated detection method for koalas. The data
collected enabled ground-truthing of detections which allowed both the probability of detection and the
probability of duplicate detection to be accounted for in abundance estimates, as well as a comparison between
the estimates and the true number of koalas present on site.
Overall, it was found that the Terletzky & Koons (2016) method resulted in artificial inflation of abundance
estimates when using data collected from RPAS surveys with automated detection. This is likely to have
resulted from false positive detections, which can have a considerable impact on the accuracy of automated
wildlife counts. Incorporating more sources of error than the probability of detection and duplicate detection
appears to be essential to improving abundance estimation for these novel survey methods. An exploration of
additional covariates that could affect detection in RPAS-derived thermal imaging due the unique constraints
of these technologies should be considered in future model development.
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1.

INTRODUCTION

Abundance data are a strong predictor of extinction risk and are commonly used to determine conservation
status (Renwick et al. 2012). This data is critical for effectively managing threatened species (Renwick et al.
2012). For some years, aerial sampling has been employed to gather estimates of wildlife abundance for species
that occur over wide or inaccessible areas (Anderson & Gaston 2013). More recently, there has been a shift
towards remotely piloted aircraft systems (RPAS), commonly known as drones, to replace traditional manned
aircraft such as planes or helicopters (Anderson & Gaston 2013). An increasing number of these surveys have
also incorporated automated or semi-automated detection methods in order to reduce the time taken to obtain
wildlife counts and reduce the number of animals missed in surveys (Chretien et al. 2016; Hodgson et al. 2016;
Seymour et al. 2017).
Many threatened species are in urgent need of efficient methods to regularly collect abundance data and inform
the success of management actions. Koalas (Phascolarctos cinereus) are one such species that have been
declared vulnerable throughout most of their range (McAlpine et al. 2015). There is therefore potential for
koala management to benefit greatly from using RPAS surveys and automated detection methods to estimate
abundance and inform species management. Unlike conventional aerial surveys for which the biases affecting
abundance estimates have been extensively enumerated, the unique biases inherent in RPAS surveying of
wildlife have rarely been investigated or accounted for in previous models of population numbers (Brack et al.
2018). The same is true of the biases uniquely affecting automated detection methods, despite many studies
demonstrating that computer vision is not impacted by the same constraints as the human eye (Conn et al.
2014)
The aim of this paper is to investigate the feasibility of integrating automated detections of koalas in RPASderived thermal imaging into an existing method of abundance estimation for wildlife developed by Terletzky
and Koons (2016). Their approach was determined to come the closest of any existing modelling technique to
addressing the errors inherent in the method used to survey koalas in a study by Corcoran et al. (2019), as the
number of missed animals and duplicate detections in surveys were calculated using telemetry to determine
the presence and location of radio-collared animals within the survey area in a similar method to Terletzky &
Koons (2016). These biases were then factored into a final estimate of abundance for each survey.
2.

METHODS

2.1.

Study Area and Survey Design

The survey design and automated detection method used in this study are outlined in detail in Corcoran et al.
(2019). In brief, two sites north and south of Petrie Mill, Queensland were selected to carry out RPAS surveys
of the koala population. Collectively, these sites contained 48 radio-collared koalas that had been tracked
extensively for several years by expert field ecologists (Waugh et al. 2016). The sites were also bordered by
high-traffic roads and rivers leading to very low estimated immigration and emigration rates (Hanger et al.
2017). The presence of this isolated, individually tagged and traceable population therefore allowed for
confirmation and enumeration of true positives results.
Data from five RPAS surveys at each site (ten total) conducted from May-August 2018 were used in
development of abundance estimation models. All surveys were conducted at first light with a Matrice 600 Pro
drone and A3 flight controller (DJI, Shenzhen, China). A FLIR Tau 2 640 thermal camera (FLIR, Wilsonville,
Oregon, United States of America) was mounted to the underside for image collection. The drone flew at a
height of 60 metres above the ground, 30 metres above the tree canopy, at a speed of 8 metres per second in
transects 20 metres apart encompassing the entirety of each site (Corcoran et al. 2019).
On the same day as RPAS surveying, ground surveys of the radio-collared koalas were conducted by expert
field ecologists and the GPS co-ordinates of all koalas present were recorded. Data was simultaneously
collected on the height of the trees koalas were found in, as well as the height of koalas in those trees, and each
individual was assigned a visibility score from 0-5. This score was based on how easily the koala could be
visualised through the tree canopy, with 0 indicating the koalas was completely obscured and 5 indicating the
koala was completely unobscured.
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2.2.

Automated Detection and Verification of Results

An image detection algorithm (Corcoran et al. 2019) was then applied to the thermal images collected during
the RPAS surveys using Python and an output of possible koala detections was generated along with their GPS
co-ordinates. The locations of the radio-collared koalas were then matched to the detection coordinates to
determine which koalas present were successfully identified, which were duplicate detections, and which had
been missed.
2.3.

Models for Probability of Detection and Duplicate Detection

Following the methodology of Terletzky and Koons (2016), generalized linear models (GLMs) with a binomial
distribution and a logit link function were used to examine the impact of covariates on probability of detection
(y = 1 for a successful detection, y = 0 for a miss), and of a detection being a duplicate (y = 1 when a detection
is a duplicate, y = 0 for a unique detection). For probability of detection these covariates included visibility
score, tree height and koala height in tree (Table 1). Group size and movement covariates suggested by
Terletzky and Koons (2016) were not included as koalas tend to be solitary and remain stationary throughout
surveying (Dique et al. 2003). However, the field of view of the drone led to overlap in images along and
between transects, which could have resulted in the same koala being seen and detected multiple times during
surveys. Therefore time since previous detection was considered a potential covariate for duplicate detection,
as proposed by Terletzky and Koons (2016) (Table 1). Time since the beginning of the survey was not
applicable to koalas as this was originally proposed to account for movement of animals during surveying
which does not occur with this target species (Terletzky & Koons 2016; Dique et al. 2003)
Table 1. List of covariates used in models of probability of detection and duplicate detection for automated
detections of koalas in RPAS-derived thermal imagery.
Model
Probability of Detection
Duplicate Detection

Covariate
Tree height
Koala height in tree
Visibility score
Time since previous
detection

Unit of Measurement
Metres (m)
Metres (m)
Likert scale (0-5)
Seconds (sec)

Univariate GLMs were developed separately for probability of detection and probability of duplicate detection
for each relevant covariate. These were ranked along with the null models according to Akaike Information
Criterion (AIC), p-value, and reduction in residual deviance (Posada & Buckley 2004). Generalized linear
mixed models (GLMMs) incorporating the survey site as a random effect were also explored, however they
failed to converge given the available data and thus inference was based on the simpler GLMs. The top
performing models were also assessed with a Hosmer-Lemeshow test to examine them for evidence of poor fit
(Hosmer & Lemeshow 2000). All model development, selection and analysis was conducted using R statistical
software including the ‘lme4’, and ‘ResourceSelection’ packages (Bates et al. 2019; Lele et al. 2019; R Core
2018).
2.4.

Abundance Estimator

Terletzky and Koons (2016) modified the Horvitz-Thompson (HT) abundance estimator based on corrections
proposed by Marques et al. (2009) (Steinhorst & Samuel 1989; Williams et al. 2002). This modified HT
estimator was used to calculate individually-adjusted detection probabilities from the raw automated detection
counts (1)
𝑐𝑐
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𝑁𝑁
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𝐼𝐼𝑖𝑖 �1 − 𝑑𝑑̂𝑖𝑖 �
𝑝𝑝̂𝑖𝑖

(1)

where C is the number of counted individuals, Ii is an indicator variable with the value of one for each counted
individual in a survey, di is the estimated probability of each counted individual being a duplicate, and pi the
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estimated probability of detection for each counted individual. The individual pi and di variables are allowed to
vary due to their respective covariates and 95% confidence intervals around the abundance estimates were
created by first calculating the confidence interval as the fitted values of each GLM plus or minus two times
the standard error on the link scale, and then using the inverse of the link function to map the fitted values,
upper and lower limits back on to the response scale.
3.

RESULTS

A mean of 16 individual radio-collared koalas were successfully detected by the algorithm at the north site
with an average of 2 koalas missed in each survey. The number of radio-collared koalas detected at the south
site was lower with a mean of 8 individuals successfully identified and 1 koalas missed in each survey. The
number of duplicate detections was higher at the north site with a mean of 13 recorded in each survey compared
to 4 duplicate detections found on average in south site surveys.
The mean visibility score for detected koalas (2.4 ±0.81) was slightly higher than that of undetected koalas
(2.25±0.85). The height of trees that koalas were detected in (17.95m ±5.64) was higher on average than the
mean height of trees inhabited by undetected koalas (14.12m ±5.97), and the mean height of koalas in trees
was similar for both detected (14.03m ±4.83) and undetected (14.12m ±6.32) koalas. None of the covariates
significantly explained variance in probability of detection (Table 2). Prior estimates of overall probability of
detection from Corcoran et al. (2019) were incorporated into the final abundance estimates.
Table 2. Performance of univariate models of probability of automatically detecting koalas in RPAS-derived
thermal imagery from surveys of Petrie Mill, Queensland in 2018.
Model
Null Model
Visibility Score
Tree Height
Koala Height

P-value
N/A
0.3677
0.3919
0.9264

Null Deviance
151.63
151.63
151.63
151.63

Residual Deviance
151.63
150.81
150.89
151.562

AIC
153.63
154.81
154.89
155.62

Time since previous detection explained 2.73% of the variance in the probability of an automated detection
being a duplicate, which was found to be significant (βTime since previous detection = -0.0012, SE = 0.0005464, Table
3). This univariate model indicates that the likelihood of a detection being a duplicate decreased with a greater
elapsed time since the previous detection was recorded (Figure 1). A Hosmer-Lemeshow test indicated there
was no evidence of poor fit (χ-squared = 8.404, df = 8, p = 0.395), and thus this model was incorporated into
the modified HT abundance estimator (Hosmer & Lemeshow 2000).
Table 3. Performance of univariate models of probability of recording a duplicate detection of a radiocollared koala in RPAS-derived thermal imagery from surveys of Petrie Mill, Queensland in 2018.
Model

P-value

Null Deviance

Residual Deviance

AIC

Null Model

N/A

269.24

269.24

271.24

Time Since
Previous
Detection

0.0291

269.24

261.88

265.88
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Figure 1. Predicted probability of a recorded detection of a radio-collared koala being a duplicate as a
function of the elapsed time (in seconds) since the detection immediately prior was recorded by the
algorithm.
The total number of automated detections including true positives, false positives, and duplicate detection was
higher at the north site than the south site, with a mean of 45±15 and 22±11 detections per survey recorded at
each site respectively (Table 4). At the north site, the true ground count of koalas present during surveying
was only contained within the confidence interval generated by the modified HT estimator for one survey, May
22nd 2018 (Table 4). For the other four north site surveys both the abundance estimate and lower confidence
interval were above the true count of koalas present (Table 4). This was the same for the south site, where the
true count was only encapsulated by the confidence interval around the estimated abundance for the May 23rd
survey, with the lower confidence interval and abundance estimated higher than the actual number of koalas
on site for all other surveys (Table 4).
Table 4. Estimated abundance (±95% confidence intervals) of koalas at sites in north and south Petrie Mill,
Queensland in 2018 compared to the raw number of detections recorded by the algorithm in each survey, and
the true number of koalas present as determined by ground surveys of radio-collared individuals. True count
(verified with telemetry) within the estimated confidence interval (*).

4.

Survey

Raw Count

May 22nd 2018– North
June 12th 2018 - North
July 10th 2018 – North
July 24th 2018 – North
August 7th 2018 – North
May 23rd 2018 – South
June 13th 2018 – South
July 11th 2018 – South
July 24th 2018 – South
August 8th 2018 – South

25
63
41
55
41
10
38
17
25
19

Abundance Estimate ±95%
Confidence Interval
19 (15, 22)*
35 (29, 41)
24 (20, 28)
33 (30, 37)
29 (24, 33)
6 (5, 7)*
21 (18, 24)
13 (10, 15)
17 (15, 20)
11 (9, 13)

True Count
20
20
15
18
19
5
11
9
11
6

DISCUSSION AND CONCLUSIONS

The abundance estimate and lower confidence interval obtained for the majority of surveys was greater than
the actual number of target animals on site, and this result is similar to those of Terletzky and Koons (2016).
However, unlike the results reported in that study the difference between the abundance estimates and true
counts was not due to inflation of raw counts, but from a failure to reduce the initial number of detections
(Terletzky & Koons 2016). This suggests that accounting for duplicate detections alone may not be sufficient
to eliminate spurious detections and obtain accurate abundance estimates from automated counts.
A logical next step in improving abundance estimations for automated detection methods is to account for other
possible sources of error beyond probability of detection and rate of duplicate detection. These may include
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false detection rate, as misidentification of other animals or objects as the target species has been found to be
a significant issue in automated wildlife counts; and availability error, which occurs when target individuals
that are present in the survey area cannot be detected due to the limitations of the observer or sensor (Brack et
al. 2018; Seymour et al. 2017). These sources of error could potentially be taken into account by groundtruthing false detections using telemetry or ground surveys, and gathering data on habitat conditions, such as
canopy cover or tree density, which could impact visibility of target animals from RPAS footage (Brack et al.
2018). Weather conditions that may uniquely impact the image quality of RPAS-derived thermal imaging, such
as wind and ambient temperature could also be considered as possible covariates modelling the probability of
detection (Chabot & Francis, 2016; Seymour et al., 2017). Unique aspects of RPAS survey design such as
distance between transects and potential overlap in the field of view could also be investigated, as such
conditions allow a single specimen to be viewed multiple times from multiple angles, which may impact the
rate of duplicate detection, particularly in more mobile species (Brack et al. 2018).
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