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Camera trapping is the most widely used data collection method for estimating snow leopard
(Panthera uncia) abundance; however, the accuracy of this method is limited by human observer
errors from misclassifying individuals in camera trap images. We evaluated the extent Whisker-
book (www.whiskerbook.org), an artificial intelligence (AI) software, could reduce this error rate
and enhance the accuracy of capture-recapture abundance estimates. Using 439 images of 34
captive snow leopard individuals, classification was performed by five observers with prior
experience in individual snow leopard ID ("experts") and five observers with no such experience
("novices"). The "expert" observers classified 35 out of 34 snow leopard individuals, on average
erroneously splitting one individual into two, thus resulting in a higher number than true in-
dividuals. The success rate of experts was 90 %, with less than a 3 % error in estimating the
population size in capture-recapture modeling. However, the "novice" observers successfully
matched 71 % of encounters, recognizing 25 out of 34 individuals, underestimating the popu-
lation by 25 %. It was found that expert observers significantly outperformed novice observers,
making statistically fewer errors (Mann Whitney U test P = 0.01) and finding the true number of
individuals (P = 0.01). These differences were contrasted with a previous study by Johansson
et al. 2020, using the same subset of 16 individuals from European zoos. With the help of Al and
the Whiskerbook platform, "experts" were able to match 87 % of encounters and identify 15 out of
16 individuals, with modeled estimates of 16 + 1 individuals. In contrast, "novices" were 63 %
accurate in matching encounters and identified 12 out of 16 individuals, modeling 12 + 1 in-
dividuals that underestimated the population size by 12 %. When comparing the performance of
observers using Al and the Whiskerbook platform to observers performing the tasks manually, we
found that observers using Whiskerbook made significantly fewer errors in splitting one
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individual into two (P = 0.04). However, there were also a significantly higher number of
combination errors, where two individuals were combined into one (P = 0.01). Specifically,
combination errors were found to be made by "novices" (P = 0.04). Although AI benefited both
expert and novice observers, expert observers outperformed novices. Our results suggest that Al
effectively reduced the misclassification of individual snow leopards in camera trap studies,
improving abundance estimates. However, even with Al support, expert observers were needed to
obtain the most accurate estimates.

1. Introduction

To get reliable wildlife population estimates, ecologists have long prioritized identifying individual animals (Borchers and Fewster,
2016). Camera traps have become increasingly popular in recent years, allowing wildlife biologists to collect non-invasive samples of
elusive or secretive species in various settings (O’Connell et al., 2011). Using pattern recognition, individuals can be distinguished in
camera trap imagery by their unique pattern of stripes or spots. Differentiating between individuals in camera trap images has
traditionally been done manually, which is time-consuming and expensive and often requires multiple observers to cross-verify the
classification. Even with multiple observers, misclassification has been shown to affect density estimates in camera trapping studies
(Johansson et al., 2020). It is crucial to improve techniques for identifying individuals in camera trap images.

Ecologists are increasingly turning to artificial intelligence (AI) to help with the main tasks involved with image data preparation,
such as identifying animals and classifying at the species level (Beery et al., 2019; Falzon et al., 2019; Nguyen et al., 2017; Nor-
ouzzadeh et al., 2019; Parham et al., 2018). While several studies have evaluated how well Al has assisted in automatically classifying
images for individual identification, relatively few studies evaluate whether Al can improve the classification process for manual
observers. Earlier research concluded that the software’s algorithms alone could not automatically sort the imagery, requiring ob-
servers to verify classifications (Morrison et al., 2011, Nipko et al., 2020). Al image classifiers can only achieve a specific accuracy rate,
which varies depending on the dataset. There is still a need for observers, but it is unclear whether software significantly improves their
accuracy.

The primary approach used to estimate snow leopard population size, and density is camera trapping (Alexander et al., 2015),
along with the less frequently used method of genetic analysis utilizing scat samples (Janecka et al., 2011; Laguardia et al., 2015).
Analysis of camera trapping and genetic data to estimate population abundance generally follows two steps. First, the data are sorted to
identify unique individuals. Following individual identification, these data are processed and employed in spatial capture-recapture
models (SCR) to determine the density and population size (Royle and Young, 2008). Research has found that sampling bias in
important habitats and incorrect individual classification in camera trap images have led to systematic overestimations of the size of
the snow leopard population (Johansson et al., 2020; Suryawanshi et al., 2019). The manual observers must be able to differentiate
between images of the same individual taken at different times, under different lighting conditions, and from different camera angles,
mainly based on the pelage patterns on their midsection, flanks, tail, and face. The observer’s ability is related to the magnitude of the
overestimation error. The accurate estimation of population abundance and density using camera trap images remains a challenge for
snow leopard conservation, and finding methodological answers would require correcting the significant inaccuracies that result from
misclassifying individuals in camera trap imagery.

Accurate estimates of population size and density are essential for all species of conservation concern, particularly for the snow
leopard. Snow leopards (Panthera unica) were recently delisted in 2017 by the IUCN from endangered to vulnerable, based on an
estimated global population size of 2710 and 3386, with a decreasing tendency (McCarthy et al., 2017). Although the delisting was
primarily based on increased knowledge of the snow leopard’s distribution and population size, the decision was criticized because of
the limited precision of the current population estimates (Mallon and Jackson, 2017). Snow leopards in Asia’s high-altitude regions are
under intense pressure due to the instability and fragmentation of their natural habitats brought on by various political, social,
economic, and ecological challenges (Sultan et al., 2022). The twelve countries comprising the snow leopard’s high-altitude home are
Afghanistan, Bhutan, China, India, Kazakhstan, Kyrgyzstan, Mongolia, Nepal, Pakistan, Russia, Tajikistan, and Uzbekistan. Within the
range countries, only 14-19 % of the snow leopard range overlaps with protected areas which are thought to be inadequate for
protecting the species over the long term, with the species living in multi-use landscapes along a gradient of human pressure from
pastoral communities (Sharma and Singh, 2021). Priority areas for snow leopard conservation have been identified (Li et al., 2020)
within a large area of perceived suitable snow leopard habitat (Riordan et al., 2016), although density estimates largely remain un-
known (Sharma and Singh, 2021). Less than 3 % of the snow leopard range has been sampled using acceptable population estimates
(Sharma and Singh, 2021). In order to establish conservation programs, the "Population Assessment of the World’s Snow Leopards"
(PAWSs) initiative and the Global Snow Leopard and Ecosystem Protection Program (GSLEP) are working to obtain a renewed global
assessment of the snow leopard population (Sharma et al., 2020).

Given the ongoing debate on the status of the snow leopard, accurate estimates of population parameters, such as density and
abundance, are essential to address substantial uncertainties regarding their abundance across their range states. Using Al-supported
technology has successfully automated the ability to distinguish snow leopards from photographs of other animals, such as blue sheep
(Miguel et al., 2016), with convolutional neural networks showing 91 % accuracy for species differentiation (Tariq et al., 2018). A
developing area of Al is also improving individual identification using the pelt patterns uniquely distinctive to each individual
(Waldchen and Mader, 2018; Weinstein, 2018). It has been difficult for algorithms to differentiate snow leopard individuals due to the
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pelt patterns’ similarity to the mountain background, which is primarily grey and white and easily misunderstood by deep learning
algorithms. These errors have led to image segmentation research that sought to erase the background from images to help algorithms
in focalizing regions of interest (Beery, 2016; Miguel et al., 2019). For snow leopards, deep learning algorithms were assessed inde-
pendently through the rigorous algorithm training and evaluation phases, finding that the PIE and HotSpotter algorithms with
background subtraction could find an individual ID match ~85 % of the time (Blount et al., 2022). These research developments have
improved the potential to automate the identification of individual snow leopards in vast amounts of image data based on distinctive
pelt patterns distinguished from the mountainous terrain.

A software application using image classification algorithms called Whiskerbook was developed based on advancements in Al
technology to perform big cat species-specific individual identification tasks for camera trap images. The platform has been expanded
to big cat species identification, including jaguar, cheetah, leopard, and snow leopard. However, research has not been conducted to
determine if the platform can assist with specific identification tasks or if observers who use the platform identify individuals with
greater accuracy.

This study aimed to determine how well observers could use the Whiskerbook Al tools to improve their ability to identify individual
snow leopards. Two individual ID algorithms, namely HotSpotter (Crall et al., 2013) and pose invariant embeddings (PIE) (Moskvyak
etal., 2019), along with a “visual matcher” allowing for a manual side-by-side comparison of images, were assessed for their ability to
improve manual observer success in the individual classification. The primary goal of this project is to support the big cat community
in deciding whether to integrate the platform into their protocols by 1) determining how well observers could use the technology; 2)
whether it would improve their ability to classify the imagery more accurately in comparison to a previous study sorting the imagery
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Fig. 1. Snapshot of visual matcher in Whiskerbook system. A) Users can compare images at camera trap stations. B) Side-by-side comparison of two
images in the image matcher for manual comparison of images (without the HotSpotter algorithm). (Color Printing Not Necessary).
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manually by Johansson et al. (2020); 3) consider manual observer perceptions of Whiskerbook for assisting in individual ID tasks in
terms of usability and speed. We hypothesized that the online platform would help both groups of observers improve their classifi-
cation accuracy. The results of this study can be used to improve population estimation efforts for future snow leopard assessments and
clarify how the Al tools can be used in protocols of imagery classification for individual identification.

2. Methods
2.1. Whiskerbook

Whiskerbook (http://www.Whiskerbook.org) is a cloud-based data management system that batch-processes camera trap images
for pattern recognition and conducting individual identification and offers a user-friendly interface for various user-oriented functions
(Berger-Wolf et al., 2017). It is an open-source tool created by the non-profit group Wild Me (wildme.org). The program’s "visual
matcher" can be used to compare images manually, or algorithms can identify the animal’s physical traits, patterns, and degree of
pattern similarity before observers decide if two images show the same individual. The two algorithms, PIE and HotSpotter, were
pre-trained and evaluated for individual snow leopard identification, incorporating background subtraction techniques (Blount et al.,
2022).

Prior to use for snow leopard individual ID, the Whiskerbook was trained using detection annotations to recognize the cat and each
of its body sides (front, rear, left, right, top, and bottom), as well as a complementary angle (for example, front-right, front-left, back-
right, back-left).
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Fig. 2. HotSpotter algorithm on two individual images showing algorithm detected matching hotspots, which the analyst would classify as A)
matching or B) not matching. Matching was conducted based on the HotSpotter classification score (Color Printing Not Necessary).
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2.2. Visual matcher

The software’s "visual matcher" lets analysts manually compare a focal image against images grouped by camera trap station
(Fig. 1). There is a dropdown menu to switch camera stations at the bottom of the righthand pane. On the left, one encounter of several
images with one focal image can be compared to the camera station’s multiple encounters on the right. The manual observer can
switch between camera stations, scroll through many encounters checking similar sides and angles of the focal image, and click on any
image on the right for a side-by-side comparison with limited zoom. The observer can "use match" to assign a new identity or merge the
individual with a previously assigned identity after finding matching individuals.

2.3. HotSpotter

The HotSpotter algorithm, developed by Crall et al. (2013), created methods for either matching two images against each other or
one image against a database. The algorithm is a scale-invariant feature transform (SIFT) based comparison of significant visual texture
areas. Where numerous points are cast onto the images, scoring is used to find the most distinct key points and descriptors using k
nearest neighbors of any descriptor. This k nearest neighbor cluster is then highlighted within the image. The algorithm ranks the
image matches using a numerical score, and the analyst can go through each image pair and check them individually, view the clusters
that match within the images, and decide whether the individuals in the two images are the same.

The algorithm allows for multiple images of an individual previously identified to match against the image of interest and sepa-
rately perform a database-wide search for the best matching images or similar images that depict the same individual (Blount et al.,
2018). The capabilities are integrated into the Wildbook platform and can sequentially compare images to one another, using image
similarity metrics in a one-vs.-many scoring mechanism (Fig. 2). Previously published research by Crall et al. (2013) identifies lim-
itations in how the algorithm can deal with cases with overlapping animals, matching against the background, and matching failure in
poor-quality images.

2.4. Pose Invariant Embeddings (PIE)

The Pose Invariant Embeddings (PIE) algorithm (Moskvyak et al., 2019) is a convolutional neural network (CNN) that uses a series
of labeled and classified images, using a specific network architecture, in this case, ResNeXt (Xie et al., 2017). CNN’s reduce images to
significant features and patterns, which the algorithm extracts separately in a feature-reduction process to isolate specific patterns. In a
series of iterations, the algorithm "learns" from these extracted features, thereby constructing a model for classification tasks that can
detect similarly shaped patterns. In order to find underlying patterns like those found on the snow leopard’s fur, the algorithm mines
the image for shapes and features to create an "embedding" for a database of labeled images. After the embedding is created, the
k-nearest neighbor classifier can return the closest matching images to the focal image. The observers then run the algorithm on an
image in Whiskerbook, like HotSpotter, which returns ranked images for manual confirmation.

2.5. Camera-trap data

Nine zoos in the US and Europe collected a total of 439 images of 34 snow leopard individuals. 212 images of 18 snow leopards
came from two zoos in the United States (WCS-managed Bronx and Central Park zoos, New York City). Researchers then assigned these
images to 51 different "encounter" events. An additional 227 images came from 16 snow leopards from seven European zoos (Helsinki
and Atheri Zoos in Finland, Kolmérden Zoo, Nordens Ark and Orsa Bear Park in Sweden, and K6ln and Wuppertal Zoos in Germany)
that were previously used in Johansson et al. (2020). These data were subset into 36 encounter events. Five encounters were of a single
flank, with no chance of being matched. The encounters were divided into eight locations to imitate a camera-trapping study. The data
were given random names, locations, and dates for each manual observer on the platform, making it impossible for them to share their
data or information.

An "encounter" consisted of between one to eleven images of each snow leopard taken at a specific capture event when the animal
crossed in front of the camera - the images comprised of left, right, front, or back angled imagery. The markings on the left and right
flanks of snow leopards’ pelts are not identical, a condition known as bilateral asymmetry, such that the photographs of the two sides
cannot be matched (Augustine et al., 2018). As a result, encounters were examined for flank side consistency to ensure they could be
matched with other encounters of the same flank.

2.6. Observers

In November 2021, we invited 16 observers to participate in the study, solicited from a broad diversity of educational institutions in
Europe and the US, and researchers directly involved with snow leopard conservation at NGOs in Central Asia. Ten of the observers
completed the task following the requirements, and observers were required to name and classify all encounters. They represented
numerous nations, including Afghanistan (3), the United States (3), France (1), South Africa (1), China (1), and Italy (1). The spectrum
of skill was extremely wide, ranging from having no experience with camera trapping studies to having experience with snow leopard
individual ID. Five of the ten observers who finished the study were regarded as "experts" and had prior individual ID experience,
although only two had done so for snow leopards. The remaining five observers were regarded as "novices" because they lacked any
background in individual identification or camera trap data. All ten participants who finished the study are pursuing jobs in
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environmental sciences or ecology. All observers held bachelor’s degrees, seven had master’s degrees, and one had a Ph.D. Addi-
tionally, the work experience of these observers ranged from one to fifteen years, with the average being seven years.

To ensure the homogeneity of this study, the algorithms were evenly distributed to the observers; five evaluated the HotSpotter
method, while another group of five evaluated the PIE algorithm. The "expert" category had three individuals use the HotSpotter, and
two use the PIE. The "novice" category had two individuals use the HotSpotter and three use the PIE.

The observers had instructions on operating the platform’s software to do individual IDs by watching four 15-minute introductory
videos on how to use the Whiskerbook platform to perform individual IDs of snow leopards. The video tutorials could be accessed via
web link at any time convenient to the observers and described the processes they needed to follow. To ensure we answered any
questions and the observers were comfortable using the platform tools, we scheduled two conference calls, one for each group
(Hotspotter or PIE).

Before starting to classify the data, observers followed specific methodological steps for cleaning the data to ensure the images were
accurately tagged by the detection annotations with green dotted line boxes surrounding the snow leopards in the images and that the
system did not mistakenly identify two animals. Then the observers employed one of the two algorithms and the visual matcher to
perform further classification tasks. Except for a few interactions that would have no match, observers were told to name and match
every encounter with another snow leopard. The instructions were comparable to the guidelines provided in field-based research,
where it is assumed that almost all the snow leopard images will classify to an individual. They were then requested to perform one
more final round of checking, in which they went back and examined the individuals they named and checked that the encounters were
indeed the same.

2.7. Validation assessment

We estimated the frequency of identification errors following methods presented by Johansson et al. (2020) to evaluate the ca-
pacity of observers to perform individual ID. Encounters were labeled as being incorrect if they were 1) Split- an individual’s en-
counters were split into a separate individual (thus adding a new individual), 2) Combine-all encounters from the individual were
incorrectly merged with another individual (and an entire individual was lost), 3) Shift- the encounter was combined with encounters
from another individual. 4) Exclude- there was an NA value instead of a name.

We employed the Mann Whitney U- test to compare our study’s results between observer groups since our data did not follow a
normal distribution. We compared the outcomes —HotSpotter vs. PIE, Expert vs. Novice, and Whiskerbook vs. Manual Observers — for
the entire dataset and the subset of the European data from the Johansson et al. (2020) study. The Mann Whitney U- test was performed
using program R (R Core Team, 2022) and the stats package to determine the one-way significance (o = 0.05).

2.8. Capture-recapture

We employed statistical modeling to determine whether the estimates of the number of unique individuals from the observer
groups produced accurate population estimates. To determine this, we fit closed population capture-recapture models to estimate
population size. In a closed population, the total number of individuals does not change due to births, deaths, immigration, or
emigration, whereas in an open population, the number of individuals can fluctuate during the study (Baillargeon and Rivest, 2007).
The data were organized to represent the capture histories of each individual, which are the encounter events assigned to the indi-
vidual thought to occur in continuous time. All models were run in the Rcapture package (Baillargeon and Rivest, 2007; Rivest and
Baillargeon, 2022) in program R (R Core Team, 2022). The models operate so that a maximum likelihood estimate is obtained by fitting
a Poisson generalized linear model with log-linear parameters. By maximizing the loglikelihood, optimization was carried out iter-
atively using least squares to determine the size of the population. We chose the models for continuous-time captures, which allowed
estimators MO, Mh Chao (LB), Mh Poisson2, Mh Darroch, and Mh Gamma3), which the best model was chosen using AIC (Rivest and
Daigle, 2004).

The closed population capture-recapture models illustrated how the population size estimates changed with the errors made by the
observers. The Johansson et al. (2020) study also performed simulation experiments that qualify these techniques. For example, even
though the manual observer may have identified the correct number of true individuals, the density estimates might differ if the
individual images have been misclassified. The capture-recapture models also illustrate how modeled density estimates change in a
scenario when the observer mistakenly splits one individual into two, attributes multiple encounters to the wrong individual, or
combines unique individuals into a single individual.

In the study by Johansson et al. (2020), the shifting and splitting errors resulted in density estimates that were increasing the
number of individuals, with the manual observers initially classifying 18 individuals (based on splitting one individual into two)
instead of the actual number of 15 individuals and also incorrectly classifying many of the encounters (many of which involved shifting
errors), finding a final capture-recapture estimate of 22 + 3. Understanding how the errors generated by observers using the Whis-
kerbook may affect the final population size estimate was our aim in employing this approach.

2.9. Perception of user experience questions
After the classification was completed, manual observers were asked several questions in a follow-up survey. Questions included 1)

how many hours did it take to match the data? (Observers were told prior to the study that it would take them ~20 h, and although
they were not asked to time themselves, the responses are an estimate) 2) How easy was it to clean the data? 3) Were there any major
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challenges to cleaning data in the program? 4) Was it easier to use the visual matcher or the algorithm? 5) Approximately how many
times did you comb the data? 5) Would you recommend the program for individual ID? 6) What are some of the shortcomings of the
program? 7) Would you have preferred to do it manually?

3. Results
3.1. USA and European dataset results combined

The Whiskerbook provided the results of observers classifying 87 snow leopard encounters to 34 individuals, using a hybrid of
algorithms and their side-by-side comparisons with the visual matcher’s output.

The five "expert" observers that had previously performed individual ID had an overall success rate of 90 % in classifying every
encounter correctly (Table 1). On average, these five observers identified 35 + 1 out of 34 snow leopard individuals, splitting one
individual into two, thus resulting in a higher number. The expert observers using the Whiskerbook had less than a 3 % error for
overinflating the population size in capture-recapture modeling.

The five "novice" observers who had never performed individual IDs had a success rate of 71 % in matching encounters and
correctly identified 25 out of 34 individuals. Two or more individuals being incorrectly combined into one individual was the leading
cause of novice user error. By merging the data from individual snow leopards with other individuals, untrained observers using
Whiskerbook were more likely to underestimate the number of snow leopards by 25 %.

For the data from USA and Europe, the ten observers showed an average success rate of 81 % for classifying the encounters, with the
ability to classify 30 out of 34 individuals correctly, with similar abundance estimates reported from capture-recapture data. The
results from our study indicate that, on average, an observer who uses the Whiskerbook will tend to underinflate the density estimates
by 12 %.

The overall findings of the study show a clear distinction between observers with individual identification experience and those
who have never performed individual ID for any species, where expert observers demonstrated a significantly higher accuracy (Mann
Whitney U test P = 0.01) for successfully determining the correct number of individuals (Table 2). Expert observers were also
demonstrated to have fewer errors from combining encounters with the wrong individual (P = 0.01) and significantly fewer in-
dividuals being lost by incorrectly merging individuals (P = 0.01) than novice observers.

The results show that there was no significant difference between the groups of users for HotSpotter and PIE.

Table 1

Snow leopard classification results from American and European datasets from Whiskerbook observers. Results indicated the number of individuals
recognized out of the 34 true individuals, the estimated population size from capture-recapture, the proportion of correct encounters, and the number
of encounters that were split, combined, shifted, or classed as NA for each observer. How many individuals were gained due to a split, how many
individuals were lost due to combination with other individuals, and how many individuals were eliminated due to NA. Highlighted in bold are the
averages for the experts, novices, and the total for all observers. The + value represent the standard errors for the capture recapture models.

Observer Algorithm Expert Individuals Capture % Correct Split Combine Shift NA Indv. Add Indv. Lost in Indv.Lost
Identified  Recapture Encounters from Split Combine from NA
(true = 34)

Obs 1 HotSpotter Yes 34 36 +2 88% 3 5 2 20 3 3 4

Obs 2 HotSpotter Yes 34 35+1 93% 2 0 2 11 0 0

Obs 3 HotSpotter Yes 36 36+0 94 % 3 2 0 0o 2 1 0

Obs 6 PIE Yes 35 37+2 84% 7 1 5 4 5 1 2

Obs 10 PIE Yes 31 33+£2 93% 1 6 1 0 1 4 0

Expert Average 34 35+1 90 % 3 3 2 5 2 2 1

Obs 4 HotSpotter No 25 25+1 82% 0 11 4 2 0 8 0

Obs 5 HotSpotter No 27 27+1 81 % 2 9 4 11 5 1

Obs 7 PIE No 22 21+1 48% 6 24 15 0 3 9 0

Obs 8 PIE No 21 20+1 62% 0 26 7 00 14 0

Obs 9 PIE No 31 30+£0 84% 5 10 1 0 3 5 0

Novice Average 25 25+1 71% 3 16 6 11 8 0

Total Average 30 30+1 81% 3 9 4 3 2 5 1

Table 2

The Mann Whitney U test results for the entire dataset of 34 individuals from European and American zoos are presented as p-values between
HotSpotter vs. PIE and Expert vs. Novices. Categories include the total number of individuals, the number of split errors, the number of combine
errors, the number of shift errors, the number of NA values, the number of individuals added from splitting errors, the number of individuals lost in
combination errors, and the number of individuals lost from NA values. Significant p-values (« < 0.05) are highlighted in bold.

USA + European Dataset Individuals Split Combine Shift NA Indv. Add from Split Indv. Lost in Combine Indv.Lost from NA

HotSpotter vs. PIE 0.34 0.40 0.25 0.34 0.15 0.39 0.25 0.52
Expert vs. Novice 0.01 0.53 0.01 0.14 0.37 0.33 0.01 0.37
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3.2. European zoo data: whiskerbook vs. manual observers

The 16 individuals from European zoos were previously utilized in a study on manual observers by Johansson et al. (2020), which
makes our study directly comparable. It was reported that the manual observers in Johansson study’s had the propensity to split
individuals or shift encounters to the wrong individuals, which led to an overestimation of density in the capture-recapture modeling.
The manual observers from Johansson et al. (2020) reported 88 % success in matching encounters and classifying 18 out of 15 in-
dividuals (with one being removed on average from denoting NA). There was no statistically significant difference in performance
between experts and novices across error categories in the manual study without AI. By mistakenly splitting one individual into two or
more, splitting errors added several individuals; on average, three individuals were added to both the "expert" and "novice" categories.
In addition, shifting errors occurred when encounters were added to the wrong individual (without losing or gaining an entire indi-
vidual), with both "expert" and "novice" observers reporting an average of three shifting errors. On average, no individuals were lost
due to combination errors. The Johansson study showed that shifting and splitting errors were sufficient to boost the capture-recapture
density estimates by 37 %, reporting 22 + 3 individuals instead of the 16 known true individuals.

In comparison, the ten observers that used the Whiskerbook had an average success of 75 % matching the encounters, which
classified an average of 14 out of 16 individuals correctly. The modeled estimates reported a 12 % underestimate in population density
overall.

In our study, the five "expert" observers had better classification accuracy and estimations of capture-recapture, indicating a sig-
nificant reduction in error. Expert observers classified 87 % of all contacts in the European data and, on average, classified most known
snow leopards as 15 out of 16 individuals (Table 3). Using the Whiskerbook platform led to accurate-modeled capture-recapture
estimates, finding 16 out of 16 true individuals on average. The five expert observers using the Whiskerbook were exact in their es-
timate of population size.

However, our study’s five “novice” observers were 63 % accurate in matching encounters and, on average, matched 12 out of 16
individuals. The modeled estimates showed that the population size was underestimated by 25 %.

The results of the Mann-Whitney U-test for the subset of 16 individuals from the European data demonstrate substantial differences
between observers using Whiskerbook and Johansson et al. (2020) (Table 4). The results reveal statistically significant differences
where Whiskerbook observers made fewer errors, including the number of individuals identified (P = 0.01), the number of individuals
added from splitting the individuals into two (P = 0.03), the number of shifting encounters to the wrong individuals (which did not

Table 3

Observer results for European zoo dataset for the Whiskerbook observers. Results indicated the number of individuals recognized out of the 16 true
individuals, the estimated population size from capture-recapture, the proportion of correct encounters, and the number of encounters that were split,
combined, shifted, or classed as NA. How many individuals were gained due to a split, how many individuals were lost due to a combination with
other individuals, and how many individuals were eliminated due to NA. Highlighted in bold are the averages for the experts, novices and the total for
all observers. The + value represents the standard errors for the capture-recapture models.

Observer  Algorithm Expert  Individuals Capture % Correct Split  Combine  Shift NA  Indv. Indv. Lost Indv.

Identified Recapture Encounters Add in Lost

(True = 16) from Combine from

Split NA
Obs 1 HotSpotter ~ Yes 16 17 +£2 89 % 1 1 1 8 1 1 3
Obs 2 HotSpotter  Yes 15 14+1 97 % 0 0 0 1 0 0 0
Obs 3 HotSpotter Yes 16 17 £1 94 % 0 2 0 0 0 1 0
Obs 6 PIE Yes 18 18+1 75 % 4 1 3 3 3 1 2
Obs 10 PIE Yes 12 13+1 81 % 0 5 1 0 0 4 0
Expert Total Average 15 16 +1 87 % 1 2 1 2 1 1 1
Obs 4 HotSpotter ~ No 12 11+1 83 % 0 6 0 0 0 5 0
Obs 5 HotSpotter ~ No 13 12+1 94 % 0 1 0 1 0 1 1
Obs 7 PIE No 11 10+1 14 % 2 13 8 0 1 6 0
Obs 8 PIE No 11 15+ 4 38 % 0 21 1 0 0 11 0
Obs 9 PIE No 12 11+0 84 % 0 9 0 0 0 4 0
Novice Total Average 12 12+1 63 % 0 10 2 0 0 5 0
Total Average 14 14+1 75 % 1 6 1 1 1 3 1
Table 4

The Mann Whitney U test results for the European Zoo data are presented as p-values between HotSpotter vs. PIE, Expert vs. Novices, and Whis-
kerbook vs. Johansson. The categories included the number of individuals, split errors, combine errors, shift errors, NA values, number of individuals
added from splitting errors, number of individuals lost in combination errors, and number of individuals lost from NA values. Significant p-values
(x < 0.05) are highlighted in bold.

European Subset Individuals Split Combine Shift NA Indv. Add from Split Indv. Lost in Combine Indv.Lost from NA
HotSpotter VS PIE 0.17 0.37 0.07 0.06 0.29 0.44 0.08 0.52
Expert vs. Novice 0.03 0.52 0.04 0.73 0.16 0.44 0.04 0.37
Whiskerbook vs. Johansson 0.01 0.03 0.01 0.04 0.69 0.004 0.01 0.54
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lead to a loss or gain of the individuals) (P = 0.04). However, there were also significant differences where the Whiskerbook observers
made considerably more errors in combining two individuals into one (P = 0.01).

In the results from only observers using the Whiskerbook, there was a difference in the number of individuals detected between
experts and novices (P = 0.03). This discrepancy in the number of individuals identified arose because novices made considerably
more errors by combining individuals into one individual than experts (P = 0.04).

3.3. Perception of user experience results

Observers were asked to complete a short survey after completing the Whiskerbook tasks (Table 5). The observers sorted the data
for 40 h on average (min 8, max 90), with experts averaging 32 h and novices 42 h. There was a considerable range in the time that
novices spent on the data, where surprisingly, the novice that spent 8 h had an above-average level of accuracy (showing 81 % ac-
curacy for the whole dataset (USA + Europe), which was the average of all observers, and 94 % accuracy on the European data subset
which was much higher than average). Participants were informed that the task would likely take 20 h during study recruitment. Since
we did not ask participants to time themselves and only asked how long the task took in the follow-up survey, our results were biased
and represented only a rough estimate.

Most expert users combed through the data on average 3—4 times (min 2, max 10), whereas one expert user was an outlier combing
the data 10 times. Compared to inexperienced observers, who spent 2.5 times searching through the datasets, expert observers spent,
on average, 5 times combing the data (4 times if we remove the outlier). Although it does not necessarily mean that expert observers
spend more time than novices, it seems that they scanned the data more in fewer hours, perhaps because experts spent less time on the
individual images than the novices.

There were mixed results on whether the users preferred the algorithm or the visual matcher, with three observers favoring the al-
gorithm and three observers favoring the visual matcher, two preferring a mix of both, and two observers not responding to the question.

Observer preference dictated which tool is most suitable to use. However, nine out of ten users would suggest/ recommend the
program. One manual observer would not suggest the program. Three of the ten observers would have opted to carry out the jobs
manually. These decisions are due to several issues raised with the program during the trials. These include issues with scrolling
images, inability to zoom into images to examine finer details, the inability of novice observers to identify snow leopards using either
the visual matcher or the algorithm, poor performance of the PIE algorithm, lengthy algorithm matching times, poorly functioning
algorithms, and program defects appearing as buggy or incorrect error messages that would confuse the observers. Any program-
related issues were reported to the Wild ME community board and investigated by the program personnel. The application was
updated during our study to speed up the algorithms and improve the user interface.

Observer ~ What are some of the shortcomings of the program?  Was it easier to use the visual matcher or ~ Were there any major challenges in getting the

the algorithm? data cleaned in the program?

Obs 1 When I run the HotSpotter in few photos bring Algorithm was easier that visual matcher, I did not have any specific challenges in
matches, which was wrong, because the spot were and visual matcher taking time and boring ~ HotSpotter
less visible

Obs 2 Na mix of both Photos where it didn’t match the algorithm

and the leopard didn’t give me a good angle to
see patterns

Obs 3 It is not very convenient when I want to check some Istill have several encounters unmatched but I
detailed patterns of an encounter. could not make sure of the results from both

auto-matching or visual matching.

Obs 4 Hottspoter is very strong but there are some The algorithm Hottspotter is very easy and  Just for removing additional annotation which
problems with weak poorly? taken pictures which if  fast and that is completely useful. I removed but it removed the whole picture.
you match by visual matcher or algorithm, you face
the problem.

Obs 5 Slow to run, some bugs Visual matcher didn’t work well for me No

Obs 6 1) The fact that when the cursor is moved the image  Yes, but I didn’t feel well with the
changes, in this way you can’t use more than 30 program
pictures (approximately) performing the algorithm,
and 2) in visual matcher you can’t zoom in the
pictures

Obs 7 In PIE, the first visual matcher was the Yes! At the beginning the matching option

only way to match the images, butlateron ~ were not functioning well in the PIE algorithm
the algorithm worked better than the and even the visual matcher was so difficult to
visual matcher. match an image.

Obs 9 The PIE algorithm didn’t always choose pictures Visual No
with the same side of the animal. Not sure if it is
operator (me) error or not: when comparing photos
visually I wasn’t able to see the full portrait
orientated pics when comparing them to landscape
pictures

Obs 10 The PIE algorithm didn’t seem to work very well, Visual Matcher No

very time consuming to use, and the matches were
often not correct.

Table 5 continued. Perceptions of user experience with the Whiskerbook platform
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Table 5
Perceptions of the Whiskerbook platform as experienced by both expert and novice users.
Observer  Expert?  How many hours to finish ~ How easy was it to clean How many times did you Recommend?  Prefer to perform tasks
the task? the data? comb the data? manually?
Obs 1 Yes 40 Mostly Easy 2 yes no
Obs 2 Yes 40 Easy 5 yes no
Obs 3 Yes 30 Mostly easy 5 yes no
Obs 6 Yes Very easy 10 no yes
Obs 10 Yes 20 Easy 3 Yes no
Obs 4 No 40 Easy 2 yes yes
Obs 5 No 8 Easy 4 yes no
Obs 7 No 90 Mostly easy 2 yes no
Obs 9 No 30 Very easy 2 yes yes

4. Discussion

Camera traps are the most accessible method for estimating large felid species’ population size and density. To model with a high
degree of precision, it is necessary to have methods that can extract individual identities from camera-trapped wildlife. While snow
leopard markings exhibit substantial variation in pelt pattern rosettes, they have traditionally exhibited high levels of misclassification
by manual observers (Johansson et al., 2020) and proved challenging for machine learning-based image classification (Blount et al.,
2022). This study provides the first observer-based evaluation of the Whiskerbook platform, using image classification algorithms
HotSpotter, PIE, and a visual matcher for side-by-side classification for the individual ID of snow leopards. The results show that the
Whiskerbook program significantly improves population estimate accuracy when used by observers with experience, as compared to
manual identification. Observers can benefit from Al-assisted technologies when performing individual ID tasks, with experts making
fewer errors and thus enabling reliable estimates of population size.

Our study also sought to understand which errors were more prevalent in the Whiskerbook system and how those errors impacted
the population estimates. Compared to fully manual observers in Johansson et al. (2020), the Whiskerbook observers were signifi-
cantly less likely to split a single individual into two or more individuals incorrectly (P = 0.004) or to assign an encounter to the wrong
individual (P = 0.003). However, Whiskerbook users were likelier to combine multiple individuals into one (P = 0.01). For the cohort
using Whiskerbook software, experts made fewer combination errors that merged individuals into one than novices (P = 0.04), and the
errors experts made were distributed so that they did not compound to affect the model estimate results. The novices were more likely
to combine multiple individuals into one entity, thereby underestimating population densities. The software-assisted methods in this
study enhanced accuracy, and subsequent capture-recapture estimations overall since the modeled estimates from the Whiskerbook for
all observers were 12 % underestimated, and the Johansson study was 37 % overestimated. The five observers who were considered
"experts" showed a middle path and estimated the true population size more precisely as 16 + 1 in the raw classification results and
after modeling estimates via capture-recapture modeling.

Few studies conducted in recent years have also confirmed that experts outperform novices when it comes to identifying in-
dividuals. One study on the Interactive Individual Identification System (I3S Pattern) software discovered a discrepancy when
attempting to match the Australian skink (Egernia group) and Slater’s skinks (Liopholis slateri), where experienced observers matched
more images correctly than those without experience (Treilibs et al., 2016). However, the Johansson et al. (2020) study found no
significant difference for manual observers between experts and novices for any classification categories, indicating the need for an
online training tool for any observers to assess their ability which is available at camtraining.globalsnowleopard.org. Some studies
have used the camtraining online tool to gauge the observer’s performance based on the accuracy from 30 side by side image matches
(Pal et al., 2022). Based on the findings from our research, we advise inexperienced observers first to use the camtraining tool, take the
same zoo data challenge, or gauge their aptitude using a subset of field data to familiarize themselves with snow leopard individual ID
before attempting to match on a new field dataset. Thorough training and this zoo test evaluation can help those unsure of their
performance understand their mistakes and improve. Allowing novice observers to match field-based data, followed by a rigorous
double-check by someone with greater experience, could also ensure consistency.

We discovered some evidence that the less experienced observers were also combing through the data more slowly. From the
perception questions, we can understand that the experts used their time to comb through the data around 4-5 times on average,
compared with 2.5 times for the novice observers. The expert observers used their time to continually run over the data numerous
times while spending about 10 h less on average (~ 30 compared to ~40 h). Before the study, we informed the participants that it
would take ~20 h when we were recruiting them for the study so that the observers would have an idea of how long it would take.
Although we only relied on self-reported data on time spent processing data, our results suggest that experienced observers can process
camera image data more efficiently.

In recent years, Al and deep learning methods have demonstrated significant improvements in identifying individual animals from
photographs and capture-recapture studies. Researchers have evaluated software programs with varying algorithmic performance,
such as Wild-ID (Bolger et al., 2011), I3S Pattern+ (Hartog and Reijns, 2013), APHIS (Moya et al., 2015), HotSpotter, SIFT-based
algorithms, and Amphldent (Matthé, 2015), to identify amphibians, harbor seals (Phoca vitulina vitulina), Masai giraffe (Giraffa
camelopardalis tippelskirchi), and wildebeest (Connochaetes taurinus) (Bardier et al., 2020; Matthé et al., 2017; Dawson, 2021). Different
systems have yielded varying degrees of precision for various taxa. Our study did not make attempts to compare the Whiskerbook to
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other software available, mainly due to the increased capabilities of the Whiskerbook to incorporate image segmentation to remove the
background from the images, which is an improvement over other software specifically for snow leopard individual ID.

Our study attempted to determine whether observers were more successful or preferred using one of the two Whiskerbook algo-
rithms (PIE vs. HotSpotter). There were no discernable differences between the observers using HotSpotter and PIE to perform the
tasks, reporting the same number of snow leopard individuals, and all categories of error were considered non-significant between
groups by Mann Whitney U-test. We had split our cohort for the two algorithms so that our five expert observers (3 HotSpotter and 2
PIE) and five novice observers (2 HotSpotter and 3 PIE) were distributed evenly throughout the algorithms. Both datasets (34 in-
dividuals from Europe and USA and 16 individuals from Europe only) showed no significant differences between findings in the
cohorts split between the algorithms. According to a prior study comparing the algorithms separately, to achieve the best results, both
algorithms should be used simultaneously (Blount et al., 2022). The perception survey also indicated that the users used a range of
tools, with three preferring algorithms, three preferring the visual matcher, three choosing to use a mix of both, and two not
responding to the question. The researchers utilized different platform aspects throughout the study, each according to their respective
preferences.

5. Conclusions

This study indicated that the Whiskerbook tools provided a promising alternative to traditional approaches for identifying indi-
vidual animals in images. Expert observers were helped by the online Whiskerbook individual identification technology to identify
individual snow leopards with a high degree of accuracy, finding the true number of individuals + 1. Novices who used the application
more commonly combined individuals incorrectly, underestimating the population size by 12-25 %. These findings were directly
compared to a prior study by Johansson et al. (2002) that used manual classification without software, finding that observers had the
propensity to separate one individual into two or shift encounters to the wrong individual, overestimating abundance by 37 %. The
results of our study show that, primarily for the expert observers, using Whiskerbook software is more accurate than manually sorting
photos. Before starting camera image classification research, inexperienced observers should receive rigorous training in individual
identification and the software, and their work may benefit from oversight and review of their classification decisions. The Whis-
kerbook program has a visual matcher and algorithm tools, both preferred equally depending on the observer. Our results showed no
significant difference in the performance of observers using the PIE or Hotspotter algorithms, although it is advised that Whiskerbook
observers combine the PIE and HotSpotter algorithms simultaneously when using the program (Blount et al., 2022). The AI technology
has the potential to enhance individual ID greatly, but according to our tests, the capabilities do not yet include entirely automated
detection and still call for skilled observers to complete the tasks with a high degree of accuracy. Individual identification via
Whiskerbook with AI has the potential to increase accuracy and efficiency to support future population abundance monitoring for
snow leopards and may be applicable to support population monitoring of other big cat species.
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