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Abstract

Precise and accurate estimates of population size are fundamental to the study and conservation of wildlife. Identification
of individual animals is often required to obtain such estimates, yet manual classifications by human observers induce bias,
which can propagate across long-term datasets or large spatial scales. Pattern recognition algorithms have been developed
to aid identification efforts and here, we demonstrate the efficacy of this technology to reduce misidentifications of African
large carnivores in historic data. We used a 7-year camera-trapping dataset from north-central Namibia and revised cheetah
and leopard individuals identified by human observers through a pattern recognition algorithm, HotSpotter, implemented
in a web-based and open-source application, the African Carnivore Wildbook (ACW). Verification of individuals with
ACW resulted in a reduction from 43 to 40 cheetah individuals and from 59 to 46 leopard individuals. This is equivalent
to a difference of 7% and 22% of individuals identified for cheetahs and leopards, respectively. Additionally, this revision
increased the proportion of individuals that were detected over multiple years and at multiple locations. Our findings may
have implications for population and trend estimates of these and other species, given that current estimates often rely on
manual identification that could overestimate population size.
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Introduction of these species (Kelly et al. 2012), and current analytical

methods largely rely on a capture-recapture framework to

The need to correctly assess species status and population
trends is well-established for wildlife conservation (IUCN
2012). This is particular for keystone species like large car-
nivores that are threatened by various anthropogenic pres-
sures (Ripple et al. 2014). Large carnivores are often difficult
to detect because they occur at low densities across large
spatial scales (Carbone and Gittleman 2002). Non-invasive,
cost-effective survey techniques increase the detectability
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estimate population abundances and infer population densi-
ties (Obbard et al. 2010; Gilbert et al. 2021). One critical
assumption of this framework is the correct identification
of individuals as erroneous identifications can lead to sig-
nificant bias in models used to derive population parameter
estimates, with implications for conservation management
and decision-making (Stevick et al. 2001; Tucker et al. 2019;
Johansson et al. 2020; Rakhimberdiev et al. 2022). Modeling
misidentification errors explicitly may overcome this bias,
but this requires a minimal detection rate that is often higher
than those achieved for large carnivores (Yoshizaki et al.
2009; Morrison et al. 2011). Therefore, technical solutions
to reduce misidentifications by human observers (hereafter,
manual identification) before the data are used in a modeling
framework may hold better promise.

Camera traps are widely used as a non-invasive survey
technique to detect elusive species, while allowing for
the individual identification of species with unique body
markers (i.e., spots, rosettes, stripes) (Burton et al. 2015).
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Camera-trap surveys have gained broad interest for pho-
tographic mark-recapture (Agha et al. 2018; Green et al.
2020), yet data processing and individual identification are
time-consuming and prone to human error, in particular
for large datasets (Foster and Harmsen 2012; Tucker et al.
2019). Technological advances facilitate individual identi-
fications by implementing pattern recognition algorithms
that search for and suggest matching images in a database
to a query image (Bolger et al. 2012; Crall et al. 2013). This
approach has been widely used across various taxa (e.g.,
Shorrocks and Croft 2009; Sherley et al. 2010; Hughes and
Burghardt 2017; Balme et al. 2019), which underlines the
importance and broad applications of this technology for
wildlife conservation.

Several research efforts have focused on the performance
of pattern recognition algorithms using test datasets (Bolger
et al. 2012; Crall et al. 2013; Matthé et al. 2017; Schneider
et al. 2019; Nipko et al. 2020). The extent to which com-
puter-assisted identification software can reduce misiden-
tifications in historic databases is however lacking, while
identification errors may propagate systematically across
long-term datasets and large spatial scales. This may have
implications for inferring the status of many threatened
species given that current estimates often rely on manual
identification, which may over or under-estimate popula-
tion size. We subjected a photographic dataset of cheetah
(Acinonyx jubatus) and leopard (Panthera pardus) individu-
als previously identified by human observers over a 7-year
camera-trapping period, to a pattern recognition algorithm,
HotSpotter, implemented in a web-based application and
open-source platform, the African Carnivore Wildbook
(ACW; https://africancarnivore.wildbook.org). After com-
puter-assisted identification, we refined the number of indi-
viduals in the dataset and discussed the implications of our
findings for the conservation of these and other threatened
species.

Methods

Between July 2007 and February 2014, we conducted eight
repeated camera-trapping surveys on privately-owned
farmland in north-central Namibia (S20.4835, E17.0312).
Camera-trap surveys lasted 3—5 months, and the trap array
covered a mean area of 381 km? per survey. For more infor-
mation on the study design, we refer to Fabiano et al. (2020).
We included data from 12 locations that were consistently
monitored throughout the survey period. Camera-trap
images were classified manually to species level. Cheetah
and leopard individuals were identified manually during
the research period. For each species, one observer led the
identification effort with assistance from other observers.
Identifications were based on a set of one to three unique
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spot patterns on any clearly visible part of either side of an
animal. We compared all left flanks among each other and
all right flanks among each other. Other viewpoints were
used to complement the identification process when avail-
able. If a photo did not match any other photo, it was consid-
ered to depict a new individual. An ID catalogue was created
with a selection of high-quality images from all available
viewpoints of the individual to assist the manual identifica-
tion process.

We revised the ID catalogue using the HotSpotter algo-
rithm implemented in ACW to detect cases of splitting (i.e.,
a splitting error splits the captures from one individual into
two and creates a “ghost” individual (Johansson et al. 2020))
(Crall et al. 2013, 2021; Van Oast et al. 2022). The HotSpot-
ter algorithm searches for pair-wise similarities in key pat-
terns and textures between images in the database to a query
image and produces a list of match candidates ranked on rel-
ative similarity scores. The HotSpotter algorithm produces
correct top-ranked labels for >95% of queries (Crall et al.
2013) and selects a correct match as its top rank 71-82% of
the time (Nipko et al. 2020). Final confirmation of match
candidates to the query image relies on careful human eval-
uation and decision. We only revised high-quality images
compiled in the ID catalogue for which HotSpotter provided
85-99% positive matching rates (Nipko et al. 2020).

We compared the outcome of both identification methods
to each other and calculated the difference in minimum pop-
ulation size (i.e., minimum number of individuals detected)
relative to the total number of individuals identified through
manual identification. In addition, we compiled frequency
distributions of the number of individuals detected at mul-
tiple locations and over multiple years. We used the Pear-
son chi-squared test to detect differences in space-use (i.e.
number of locations an individual was detected) and naive
survival (i.e., number of years an individual was detected:
year [last detection]—year [first detection]). These metrics are
indicative for potential bias induced by misidentifications
as individual recapture probability across space and time
may be higher than human observers presume. Therefore,
we expected that a larger proportion of individuals is cap-
tured over multiple locations and across multiple years after
verification through ACW.

Results and discussion

The camera-trapping effort resulted in 17,599 cheetah
images and 2115 leopard images. Human observers iden-
tified 43 cheetah and 59 leopard individuals. Verification
of the ID catalogue (457 cheetah images and 200 leopard
images) through ACW reduced these numbers to 40 cheetah
and 46 leopard individuals. This is equivalent to a difference
of 7% and 22% of individual animals identified for cheetahs
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and leopards, respectively (Fig. 1). Verification through
ACW increased the proportion of individuals detected at
multiple locations and over multiple years, though this was
not significant for either species (Table 1).

The effect of identification errors tends to result in sys-
tematic overestimation of population size as well as under-
estimation of space-use and naive survival. In a controlled
experiment on snow leopards (Panthera uncia), misidenti-
fications resulted in an overestimation of 35% of population
abundance (Johansson et al. 2020), while in a simulation
of a red knot (Calidris canutus) population, survival was
underestimated up to 6% (Tucker et al. 2019). Our results
add to this growing body of literature using a real-world
example, and we demonstrate how computer-assisted iden-
tification can reduce misidentifications. This is critical given
the well-established need for robust population assessments,
in particular of large carnivores.

We recognize that our research only accounted for
splitting errors; hence, spatial capture-recapture was not

performed. This would require the revision of the full data-
set through computer-assisted identification to additionally
detect combination errors (i.e., captures of two individuals
are combined into one, so that an animal not captured pre-
viously is erroneously believed to be a recapture), shifting
errors (i.e., a photographic capture is shifted from one indi-
vidual’s capture history to another), and exclusion errors
(i-e., a photographic capture is not assigned to any capture
history and instead is excluded from classification despite
it containing enough information for it to be reliably clas-
sified) (Johansson et al. 2020). We therefore rely on previ-
ous studies demonstrating the effect of misidentifications on
estimates of population density and associated parameters
(Stevick et al. 2001; Tucker et al. 2019; Johansson et al.
2020; Rakhimberdiev et al. 2022), while we also recom-
mend future studies to investigate the effect of identification
errors on other statistical assumptions in population mod-
eling, such as the random distribution of individuals, popula-
tion closure, and sufficient detection rates. We are concerned
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Table 1 The proportion of .
cheetah and leopard individuals Chectah ) Test statistic
captured at multiple locations Space-use (# locations) 1 2 3 4 5 6
and over multiple years Manual 047 026 0.02 0.12 0.05 0.09 x>=0.13,df=5,p=0.99
fff}“ﬁe‘é ma‘}“ally\;f}l‘; s”ﬂll the  Acw 043 028 003 013 005 0.10
o arnivore T oo Naive survival 1 2 3 4 5 6 7
(ACW). Pearson’s chi-squared 4
tests were used to determine (# years)
differences in the frequency Manual 070 0.19 005 000 007 000 000 x>=NaN,df=6, p=NA*
distribution of individuals ACW 0.65 023 005 0.00 0.05 0.00 0.03
§Ir\?l_1_ped by f‘Sfigce'use(; and Leopard Test statistic
aive survival” according .
to the different identification Space-use (# locations) 1 2 3 4 5
methods Manual 0.66 022 007 0.00 0.03 X2= 1.95, df=4, p=0.75
ACW 0.61 022 0.11 002 0.04
Naive survival (# years) 1 2 3 4 5 6 7
Manual 0.64 008 008 0.0 000 007 000 x*=4.95 df=6,p=0.55
ACW 054 0.07 0.13 0.11 002 0.07 0.04

“Data was too sparse; hence, no statistical testing was performed
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about the interpretation of current estimates when based on
manual identification (Johansson et al. 2020), especially for
long-term datasets across large spatial scales. Re-evaluation
of such datasets through computer-assisted workflow may be
needed and could refine conservation assessments of threat-
ened species and populations pending its outcome.

The difference in identification errors between cheetah
and leopard was notable and suggests that species-specific
traits may facilitate or complicate individual identifications,
causing variable bias in identification success among spe-
cies. This idea is straightforward at the species level due
to differences in body markers (such as spots or rosettes),
whereas for conspecifics which naturally have comparable
coat patterns, differences in behavior may affect identifica-
tion success. Nonetheless, behavioral differences could also
affect identification success among species. Cheetahs are
typically more day-active, return more frequently to, and
stay longer at marking sites compared to leopards (Ver-
schueren et al. 2021), which may yield better quality images
and a greater amount of different viewpoints that allow eas-
ier identification. Identification errors may also increase with
the addition of individuals, and in our study system, leop-
ards tend to occur at higher densities compared to cheetahs
(Marker and Dickman 2005; Fabiano et al. 2020). Alterna-
tively, inter-observer variability may account for differences
among species, as the level of expertise influences identifica-
tion success (Van Horn et al. 2014; Johansson et al. 2020).
Irrespective of the underlying cause, we demonstrate herein
how the use of computer-assisted identification allows for
improved population metrics across species.

We recommend the use of pattern recognition algorithms
to assist individual identifications, both for future identifica-
tion efforts and for the revision of historic data and current
estimates. We acknowledge some of the established short-
comings of approaches using pattern recognition algorithms,
including but not limited to a dearth of training data, con-
trolling for image quality, and environmental, positional,
and timing-related challenges (Schneider et al. 2019). We
therefore highlight the importance of human involvement in
the decision process to obtain the best outcomes.

Identification errors may increase with surveys across
large spatial scales, spanning multiple years, and with popu-
lation density. Large carnivores are typically wide-ranging
and long-living; thus, identification errors from manual
methods may propagate systematically through the photo-
graphic dataset. Computer-assisted workflow streamlines
data management and facilitates image comparisons that
are often overlooked, seem unlikely, or stem from differ-
ent data sources. As per the Wildbook fundamental model,
ACW additionally provides a space for data management,
sharing, and citizen science and facilitates pre-processing
tasks such as bulk imports and animal detection and post-
processing tasks such as compilation of capture histories and
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exploratory data analysis (Berger-Wolf et al. 2017; Blount
et al. 2022). This results in reduced identification errors,
saves time and resources spent on data processing, and pro-
motes collaborative efforts. Centralizing datasets enables
new and broader avenues of research, as well as collabo-
ration, data sharing, and best practices to inform wildlife
conservation efforts (Ahumada et al. 2020).
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