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Photo-identification of individual snow leopards (Panthera uncia) is the primary data source for density esti-
mation via capture-recapture statistical methods. To identify individual snow leopards in camera trap imagery, it
is necessary to match individuals from a large number of images from multiple cameras and historical catalogues,

HOt_S?Otter, . . which is both time-consuming and costly. The camouflaged snow leopards also make it difficult for machine
Individual identification . . . . . . . .
PIE v2 learning to classify photos, as they blend in so well with the surrounding mountain environment, rendering

applicable software solutions unavailable for the species. To potentially make snow leopard individual identi-
fication available via an artificial intelligence (AI) software interface, we first trained and evaluated image
classification techniques for a convolutional neural network, pose invariant embeddings (PIE) (a triplet loss
network), and compared the accuracy of PIE to that of the HotSpotter algorithm (a SIFT-based algorithm). Data
were acquired from a curated library of free-ranging snow leopards taken in Afghanistan between 2012 and 2019
and from captive animals in zoos in Finland, Sweden, Germany, and the United States. We discovered several
flaws in the initial PIE model, such as a small amount of background matching, that was addressed, albeit likely
not fixed, using background subtraction (BGS) and left-right mirroring (LR) techniques which demonstrated
reasonable accuracy (Rank 1: 74% Rank-5: 92%) comparable to the Hotspotter results (Rank 1: 74% Rank 2:
84%)The PIE BGS LR model, in conjunction with Hotspotter, yielded the following results: Rank-1: 85%, Rank-5:
95%, Rank-20: 99%. In general, our findings indicate that PIE BGS LR, in conjunction with HotSpotter, can
classify snow leopards more accurately than using either algorithm alone.

Snow leopards

1. Introduction density, where data preparation typically includes sorting the data at the

outset to identify individuals by their unique characteristics (Crouse

Population density and size are crucial ecological variables, and
recent research has demonstrated that they can be approximated using
spatial capture-recapture models from data captures at different loca-
tions with closely spaced time intervals, which is dependent on
individual-level animal data modeled across space and time (Borchers
and Fewster, 2016; Jackson et al., 2006; McCarthy et al., 2016; Royle
et al., 2009; Royle and Young, 2008). Camera trapping and genetic data
analysis are the two main data sources for modeling population size and

et al., 2017; Pereira et al., 2022; Strampelli et al., 2020; Valdez et al.,
2015; Weckworth, 2021; Wegge et al., 2019; Zheng et al., 2016a). Due to
the difficulty of identifying individual animals from large datasets for
use in capture-recapture models, it has been challenging for ecologists to
obtain precise population size and density estimates of wildlife (Alonso
et al., 2015; Efford et al., 2009).

With the emergence of deep learning approaches in ecological
informatics, ecologists have begun addressing conservation biology
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concerns by integrating deep learning and artificial intelligence (AI) into
their research workflows and designs (Miao et al., 2019). The avail-
ability of low-cost digital camera traps has necessitated the development
of software solutions for organizing and analyzing photos of animals, as
the need to manage massive photo sets has increased (Bohnett et al.,
2022; Greenberg et al., 2019; Miao et al., 2019; Rashid et al., 2021;
Schneider et al., 2020a; Sultan et al., 2022; Swanson et al., 2015; Tabak
et al., 2019, 2020; Verschueren et al., 2023; Willi et al., 2019; Yu et al.,
2013). As a means of reducing the time, effort, and sources of human
error necessary to interpret camera trap data, scientists are increasingly
turning to Al and computer vision to identify animals by species (Beery
et al., 2019; Falzon et al., 2019; Nguyen et al., 2017a; Norouzzadeh
et al., 2019; Parham et al., 2018), and pattern recognition software has
been developed for distinguishing individually distinct patterns such as
an individual’s stripes or spots in camera trap photographs (Blount et al.,
2018; Chehrsimin et al., 2018; Crouse et al., 2017; Dawson, 2021;
Langley et al., 2021; Park et al., 2019; Shi et al., 2020; Waldchen and
Mader, 2018; Weinstein, 2018). Machine learning software is becoming
increasingly user-friendly, allowing individuals with limited computer
science knowledge to independently apply the most recent algorithms to
their issues and datasets through coding packages or software user in-
terfaces (Waldchen and Mader, 2018).

Many software programs have been developed to incorporate an Al
workflow into density and population size estimation via spatial-capture
recapture modeling, for example, WildBook (Berger-Wolf et al., 2017),
APHIS (Moya et al., 2015), I3S Pattern+ (Hartog and Reijns, 2013),
Amphldent (Matthé, 2015), and Wild-ID (Bolger et al., 2011, 2012),
have all been tested for their ability to identify individual animals
(Bardier et al., 2020; Dawson, 2021; Matthé et al., 2017). Various al-
gorithms have been made available for individual identification (ID)
classification for camera trapping imagery within this software, for
example, HotSpotter, a Scale Invariant Feature Transform (SIFT) which
casts points onto an image to then identify k-nearest neighbor clusters of
hotspots within the image for which to match against (Crall et al., 2013;
Lowe, 2004). Hotspotter has been one of the most popular methods for
image classification for individual ID for various species and has been
incorporated into software (Burgstaller et al., 2020; Crall et al., 2013; de
Lorm et al., 2023; Khan et al., 2022; Miguel et al., 2019; Nipko et al.,
2020; Park et al., 2019; Verschueren et al., 2023). Recent advances in
deep learning have facilitated the growth of convolutional neural
network (CNN)-based systems that can now extract layers of image
characteristics for a wide variety of ecological and environmental image
processing concerns, especially for camera trapping image analysis
(Bogucki et al., 2019; El Abbadi and Alsaadi, 2020; Nguyen et al., 2017b;
Norouzzadeh et al., 2018a; Shi et al., 2020). Due to the capacity to
reduce images to numerous layers of distinct patterns, these advanced
feature extraction and CNN-based deep learning approaches have
demonstrated promising results for identifying individuals (Bhatta-
charya et al., 2022; Cheema and Anand, 2017; Miao et al., 2019).

Deep learning research has concentrated on the broad topic of rei-
dentification using CNNs, which have been largely designed and widely
implemented for human identification mainly through facial recognition
(Hermans et al., 2017; Moskvyak et al., 2020a, 2021; Wang and Deng,
2021; Zheng et al., 2016b; Zheng et al., 2017). Despite the availability of
effective techniques and numerous successful attempts to apply the
method to non-human species, image ID and reidentification is a chal-
lenging task when applied to images of animals in the field (Chehrsimin
etal., 2018; Crouse et al., 2017; de Silva et al., 2022; Debicki et al., 2021;
Gomez-Vargas et al., 2023; Guo et al., 2020; Hansen et al., 2018; He
et al., 2019; Korschens and Denzler, 2019; Kuncheva et al., 2023; Liu
et al., 2019; Loos, 2016; Moskvyak et al., 2019; Nepovinnykh et al.,
2022a, 2022b; Park et al., 2019; Petso et al., 2022; Ravoor and Sudar-
shan, 2020; Schneider et al., 2020b; Schofield et al., 2019; Shukla et al.,
2019; Zuerl et al., 2023). Low accuracy, especially with low-quality
imagery or imagery captured at different distances, angles, visibility,
and lighting conditions, has been cited as a problem in previous studies
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(Carter et al., 2014; Nepovinnykh et al., 2020; Papafitsoros et al., 2023).
Wildlife animal re-identification is frequently hampered by the difficulty
of accumulating a large enough dataset containing numerous photo-
graphs of many individuals, where the method must be able to identify
an individual using a single or a small number of training examples
(Nepovinnykh et al., 2022b; Vidal et al., 2021). In addition, the animal
re-identification method must be able to ascertain whether or not a new
individual is present and thus distinguished from a previously compiled
dataset (Nepovinnykh et al., 2022b; Papafitsoros et al., 2023; Stewart
et al., 2021).

The population size and density of snow leopards have primarily
been estimated using camera trapping (Alexander et al., 2015, 2016;
Bian et al., 2022; Zhang et al., 2020), whereas genetic analysis of scat
samples has been used infrequently (Atzeni et al., 2021; Chetri et al.,
2019; Hacker et al., 2023; Janecka et al., 2011; Laguardia et al., 2015).
The inability to visually distinguish snow leopard scats from fox scats
based on morphology, loss of genetic stability over time for older scats,
and extensive fieldwork for repeated temporal samples over large areas
of high altitude habitat all impede genetic analysis, necessitating mo-
lecular scatology of a large number of scat samples to differentiate
species first and then to the individual snow leopard level, which is
challenging to implement in the field and requires advanced lab
equipment (Chetri et al., 2019; Laguardia et al., 2015). Using their
unique genetic identifiers, however, genetics can be used to find specific
individuals and their near genetic relatives comprehensively and reli-
ably (Chetri et al., 2019). However, the most prominent and assessable
technique for field-based data collection for individual-level data on
snow leopards is the manual sorting of camera-trap photographs based
on matching the snow leopard individual’s distinctive rosette fur pat-
terns (Alexander et al., 2015, 2016; Bian et al., 2022; Janecka et al.,
2011; Oberosler et al., 2022; Sharma et al., 2020; Suryawanshi et al.,
2019; Zhang et al., 2020). However, the misclassification of individuals
in camera trap photos by manual observers has been demonstrated to
introduce significant errors which result in overestimating snow leopard
abundance by over one-third (Johansson et al., 2020). Using multiple
observers to check large photo sets manually is only one example of the
resource-intensive strategies now used to reduce the possibility of mis-
classifying images of snow leopards (Borchers and Fewster, 2016; Choo
et al., 2020; Foster and Harmsen, 2012). If researchers can correctly
identify individual snow leopards from photos captured by camera
traps, they can monitor population trends better and focus conservation
efforts (Johansson et al., 2020).

Emerging capabilities in Al may increase the accuracy of individual
snow leopard identification and our ability to classify vast image col-
lections. Field settings and animal morphology often make it challenging
to train machine learning algorithms to distinguish patterns, colors, or
forms in camera trap photos, as is typically the case with field-collected
data. The ability to detect snow leopards from photos of other animals,
such as blue sheep, has been effectively automated using Al-supported
technology, with convolutional neural networks (CNN) achieving 91%
accuracy for species discrimination (Tariq et al., 2018). For individual
ID related tasks, snow leopard fur patterns are easily confounded in
machine learning algorithms by their habitat’s predominantly grey and
white mountain background, making it difficult for algorithms to
distinguish snow leopard individuals, requiring numerous data prepa-
ration steps to subset areas of interest with snow leopard patterns
(Beery, 2016; Miguel et al., 2019). Several studies have piloted algo-
rithms for ID of snow leopards, evaluating Groth Algorithm, which is a
pattern recognition method for extracting raw rosette patterns and
iterating through the patterns to verify matches (Beery, 2016), and
HotSpotter (Miguel et al., 2019) has been piloted for use on snow
leopards but not formally evaluated for accuracy. Considering the dif-
ficulty for snow leopards to be distinguished from snowy mountain
terrain, studies have highlighted the image segmentation research
necessary to remove the distracting background elements of a picture so
that algorithms can better concentrate on the relevant patterns of the
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snow leopards (Beery et al., 2019; Miguel et al., 2019). Even with these
methodological advancements, field-based studies have raised concerns
about machine learning’s overall accuracy and dependability for this
species, leading researchers not to implement it in data processing
workflows (Rode et al., 2021). These publications emphasize the current
limitations of early research on snow leopard pattern identification
leading to a lack of field research programs incorporating these image
classification algorithms or available software.

This study investigates how additional deep learning algorithms may
facilitate semi-autonomous classification and detection strategies for
individual snow leopards and improve the current effort for individual
ID. This work is novel as the first attempt to test and comprehensively
evaluate two computer vision algorithms to determine how well they
match individual snow leopard sightings. Additionally, the project must
match previously classified and curated snow leopard photo-ID cata-
logues with individuals from freshly gathered datasets, a problem
known as “continual curation” (Stewart et al., 2021). To accomplish this,
we must automate a more time-efficient pipeline, be less prone to
misidentification errors, and be accessible to field-based researchers
through a graphical user interface.

The Whiskerbook.org online platform (Blount et al., 2021b) includes
a web-based data management architecture and a computer vision
pipeline (Parham et al., 2018) for the detection and individual ID of
various species of large cats. The Whiskerbook.org software imple-
mented the Hotspotter algorithm (Crall et al., 2013), a SIFT-based
analysis comparing important areas of visual texture between two or
more photos, previously developed and implemented on jaguar (Pan-
thera onca). In addition, recent advances in machine learning suggest
that a new class of deep learning-based approaches, initially created for
facial recognition via the extraction of complex patterned information
and analyzed with a CNN, apply to wildlife individual ID (Moskvyak
et al., 2019, 2020b). The deep learning method used in this study is a
CNN called Pose Invariant Embeddings (PIE v2; Moskvyak et al., 2019),
specifically an InceptionV3 optimized model that learns the extracted
feature embeddings with a triplet loss network and is initially tested on
manta ray bellies (Mobula spp.) and humpback whale (Megaptera
novaeangliae) flukes for implementation in online software (Blount et al.,
2018). The PIEv2 triplet loss function compares two images by
computing the Euclidean distance between them using the embedding
vector obtained from the pooled feature maps, which results from per-
forming numerous dimensionality reductions to the images to extract
visible patterns. PIEv2 is resilient to viewpoint changes of animal posi-
tions, lighting changes, and small occlusions. PIEv2 does not require
retraining due to the addition of new pictures to the enlarged dataset
because it will match both pictures that were in the database during
training and pictures that were uploaded after training. (Moskvyak
et al., 2019). The ability to quickly match individuals across photo ID
catalogues (potentially saving a great deal of time and money on the
path to more extensive and comprehensive catalogues and modeling
efforts) is just one of the many ways that researchers can benefit from a
better understanding of the performance of the HotSpotter and PIEv2
algorithms, which can inform the Whiskerbook.org platform’s usability
and aid in snow leopard conservation.

2. Materials and methods

The required steps for implementing the workflow used in this
project began with the snow leopard camera trap imagery, then training
and testing the feature detection algorithms for accuracy in annotating
snow leopards in the imagery, followed by data cleaning including graph
matching steps to qualify individual snow leopard ID matches, subset-
ting the data according to min-3/max-10, and then testing the PIE and
Hotspotter ID models. We also further subset the data according to in-
dividuals at the same location and different location to test the ID
models for background matching. Finally, data augmentation for left/
right mirroring and background subtraction were performed prior to
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sending the data to another round of training and testing of the indi-
vidual ID models (Fig. 1).

2.1. Camera trap imagery

The Wildlife Conservation Society (WCS) in Afghanistan curated
images of snow leopard individuals taken between 2012 and 2019 using
the Whiskerbook.org interface; these were subjects of our ML tests and
assessments (Blount et al., 2021b). Seven European zoos (Helsinki and
Atheri Zoos in Finland, Kolméarden Zoo, Nordens Ark and Orsa Bear Park
in Sweden, and Koln and Wuppertal Zoos in Germany) (Johansson et al.,
2020), and two American zoos (WCS managed Bronx and Central Park
zoos in New York City) supplied further data regarding captive snow
leopards. Data in the sorted dataset used camera traps from both
Reconyx and Bushnell. Three manual observers sorted the data initially
according to individuals from the field-based dataset. The imagery
collected in this study was 60% nighttime with black and white photos
and 40% daytime illuminated color photographs. Previous studies have
shown similar findings throughout the night and day activity (propor-
tional movement activity of night [sunset to sunrise] versus day [sunrise
to sunset] for males = 66% versus 34%, and for females = 60% versus
40%, respectively) (Johansson et al., 2022).

2.2. Feature detection

Feature detection is a technique used in computer vision and image
processing pipelines to automatically extract pertinent features from
unprocessed image data (Cheema and Anand, 2017). These features can
then be implemented in various applications, including object identifi-
cation and image classification. Feature detection methods are meant to
learn and recognize complicated patterns in visual data, making them
especially suitable for situations where traditional computer vision ap-
proaches may be ineffective, such as finding objects in crowded or
variable backdrops (Christin et al., 2018; Duhart et al., 2019; Guo et al.,
2017; LeCun et al., 2015; Miao et al., 2019; Mikolajczyk and Gro-
chowski, 2018; Norouzzadeh et al., 2018b).

The snow leopard is the subject of this study, so we trained a
detection algorithm to locate the snow leopard within an image. In the
initial stage of the Wildbook Image Analysis (WBIA) pipeline (Parham
et al., 2018), snow leopard annotations were generated by a machine
learning detector, a modified PyTorch implementation of YOLO v2
(Redmon and Farhadi, 2016). The detector aims to localize animals in
images, generating precise bounding boxes over ground-truth detections
(made a priori by humans for a test set) while minimizing false positives
and negatives (Fig. 2). Essentially, the bounding boxes restrict the
photographs to only the areas that include snow leopards. Snow leop-
ards are bilaterally asymmetric, with significantly different patterns on
their left and right sides; therefore, these viewpoints are required to
match photographs of the species, which are further labeled according
to viewpoint classification to determine whether an image of the snow
leopard is being viewed from the front or the back (such as left, right,
back, front, front left, front right, back left, back right). We used a
training dataset of 2000 images and 2078 annotated bounding boxes (2
empty images, 34 images with two boxes, and 23 images with two
boxes) to train a classifier to predict the snow leopard viewpoint.

Our project had access to 359 sightings of snow leopards at hourly
intervals, yielding 22,120 annotations (i.e., machine learning-detected
bounding boxes around snow leopards in photos) (Fig. 1). The number
of annotations dropped to 12,311, and the number of separate en-
counters dropped to 116 when the data was restricted to only in-
dividuals spotted three or more times (three annotations of a side are a
minimum criterion for PIE model training).

2.3. Graph matching

These annotations were rigorously subset into individuals using a
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Fig. 1. Workflow diagram of methods.

Fig. 2. An annotated snow leopard. Annotations were created using a computer
vision model based on machine learning and were coupled with the human
identification of known individuals. Annotations served as the core data from
which ML learned and against which each algorithm was assessed. Photo
courtesy of WCS Afghanistan.

comprehensive graph matching software within the Wild Me software
suite for cleaning data at the standard suitable for deep learning algo-
rithms. Two manual observers participated in exhaustive rounds of ID
decisions in a process called graph matching of the 12,311 annotations,
whereby two images are placed side by side, and the observer de-
termines whether the images are the same individual or different in-
dividuals (same animal, different animal, cannot tell), and ranks their
level of certainty (undeniable, certain, somewhat certain, mostly un-
certain, completely uncertain). This level of comprehensive individual
ID enabled the subsets of our dataset to have the highest certainty for
imagery from a field-based dataset.

2.4. Min-3/Max-10

A Min-3/Max-10 data subset is frequently used for training machine
learning algorithms such as PIE. This data subset comprises individuals

with at least three images of the same viewpoint (either left or right),
limited to a maximum of ten images per individual/viewpoint. Three
images are required for the training phase (two images for ML to learn
from), and one image is required for testing (at least one for ML to test it
against). For data set fairness and to avoid the ML system optimizing on
highly sighted individuals and performing poorly on infrequently
sighted individuals, a limit of 10 images is implemented. According to
our research, setting a max-10 limit on individuals to be matched results
in a more effective machine learning model for real-world matching
(Blount et al., 2018, 2021a). Applying these criteria to the collected data
on Whiskerbook.org yielded a total of 829 photos of 217 individual
snow leopards. It was compiled using data from both the captive zoo and
field camera-trapped snow leopards using the above described advanced
filtering and verification techniques.

2.5. Individual identification algorithms

2.5.1. HotSpotter

The HotSpotter algorithm method casts a series of points onto the
image, and compares high-importance texture patches using a scale-
invariant feature transform (SIFT), then k-nearest neighbors scoring
highlights clusters of multiple similar points of an image. (Crall et al.,
2013). Highlighting the group of k neighbors in yellow draws attention
to the potential similarities image. Each photo match receives a nu-
merical score. A manual observer can then examine each image pair for
matching clusters and determine if the individuals in the photos are the
same. The algorithm may compare numerous photos of a known indi-
vidual to a target image and scan the entire database for the best
matches or similar images of the same individual (Crall et al., 2013).

2.5.2. Pose-invariant embeddings (PIE)

The Pose Invariant Embeddings (PIE) method uses the ResNeXt (Xie
et al., 2017) convolutional neural network (CNN) trained on labeled and
classed pictures. CNNs reduce images to their main features to discover
patterns in dimensionality reduction, allowing multiple patterns to be
extracted in layers. The algorithm “learns” from these extracted features
to create a classification model for similar-shaped patterns. The com-
puter “mines” the image for forms and features to build an “embedding”
for a tagged photo database, exposing snow leopard fur patterns. After
embedding, the k-nearest neighbor classifier may find images that match
the focal image.
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2.6. Network architecture, data pre-processing, training, and evaluation

With a machine learning detector developed and configured to
extract snow leopard annotations, these annotations and accompanying
information (in particular, the known identifications based on coat
patterning) were then utilized in the WBIA pipeline (Parham et al.,
2018) to first custom-train the Pose Invariant Embeddings (PIE) algo-
rithm (Moskvyak et al., 2019). We used a Min-3/Max-10 data constraint
for PIE ML training and divided the training and test data (Table 1).

Models were trained and tested by tuning the number of required
epochs and then inspecting the model outputs and error outcomes for
signs of overfitting. If the model focuses excessively on data fitting, it
may imitate insignificant noise rather than the broad properties of in-
terest, resulting in overfitting.

After performing the first round of PIE algorithm modeling, we
observed PIE converging extremely quickly while training on this data.
We believe this is partially due to snow leopard territoriality, such that
images of an individual may come from only one camera trap location,
and the training data was mainly from in-field-based camera traps (with
a minority of captive zoo data). We theorized that these two factors
resulted in “background matching” contributing to the matching strat-
egy of the PIE model during training, with the model learning to identify
individual snow leopards by identifying the environments in which
those leopards were most frequently seen. Overfitting was further
examined by modeling two datasets, one using a subset of individuals (n
= 14) observed at multiple locations and a subset of individuals (n = 29)
observed in the exact location many times.

2.7. Data augmentation

Deep CNN-based identification methods require large training sets
with numerous annotated images (Bansal et al., 2022; Masi et al., 2016).
To generate enough data for a deep learning project, we collected and
labeled additional zoo and field-based data after discovering only one
available individually labeled snow leopard dataset (16 individuals)
from a prior study on camera trapping captive snow leopards in zoos
(Johansson et al., 2020). Furthermore, It was also necessary to expand
the dataset with new data to achieve a larger sample size by artificially
extending the dataset through data augmentation (Masi et al., 2016;
Mikolajezyk and Grochowski, 2018). Examples of data augmentation
include geometric transformations (Flusser and Suk, 1993), such as
cropping (Chatfield et al., 2014), mirroring (Yang and Patras, 2015), and
rotating (Xie and Tu, 2015), or photometric transformations (Krizhevsky
et al., 2017), which are beneficial because they do not change the
original base data features and can be used to enrich a data set, sup-
plemented by as much as 10x the amount of data while also reducing
overfitting of the model (Bansal et al., 2022; Howard, 2013; Lv et al.,
2017; Shorten and Khoshgoftaar, 2019).

During training, we took two approaches to reduce the likelihood of
the PIE model overfitting. The first technique, aptly titled “background
subtraction,” involves algorithmically erasing the background (Babaee
etal., 2017; Beery, 2016; Mahadevan and Vasconcelos, 2008; Sobral and
Vacavant, 2014; Yousif et al., 2017). As part of detector training in the
WBIA pipeline (Parham et al., 2018), Wild Me trained a background
subtraction model for snow leopards (Fig. 3).

Our second data augmentation strategy involved mirroring left-side
images so that each image was transformed to appear as an animal’s
right-side viewpoint. This technique for augmenting data is typically

Table 1
Initial data division for machine learning training with PIE.
Set Individuals Annotations
Train 91 745
Test 35 84
Total 126 829
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Fig. 3. A background-subtracted snow leopard photo used to train the final PIE
model. Credit: Wild Me.

referred to as “mirroring or flip augmentation”, and they have been
found to considerably increase the performance of deep learning algo-
rithms (Chatfield et al., 2014). The left/right mirroring method helped
us to expand the dataset. We anticipate that mirroring could double the
backdrop texture pool used for background matching. This mirroring is a
configuration setting that can be enabled on or off during PIE training. It
has previously been used on complicated matching problems to achieve
maximum image-level consistency: PIE can typically match multiple
perspectives but standardizing them can improve accuracy even more.

2.8. Performance metrics

2.8.1. Detection algorithm

Precision-Recall performance curves are used for analyzing and
optimizing detection algorithms to provide a comprehensive evaluation
score that considers both false positives and false negatives. The recall is
a fundamental measurement for false negatives and indicates a miss rate
of 10%. The precision value indicates the percentage of correct de-
tections (thereby measuring the number of false positives) and how
many additional incorrect detections. Typically, researchers use
Precision-Recall performance curves to evaluate detection algorithms,
as they allow them to determine the optimal trade-off between precision
and recall for a particular detection method, thereby facilitating the
tuning of the model and optimizing its performance. This is particularly
important for applications where the cost of missing a positive detection
is high or false positives can have serious consequences.

In our detection scenario, a true-positive is defined as the proportion
of intersection-over-union (IoU) between a prediction and a matched
ground-truth bounding box. For all plots in the results section, we fix the
acceptable IoU threshold to be 50% or greater. Non-maximum sup-
pression (NMS) is a prevalent method for filtering duplicate detections
by removing substantially overlapping and low-scoring predictions. A
high NMS value will eliminate several bounding boxes based on their
proportion of overlap area (leading to an increase in precision but a
decrease in recall). No receiver operating characteristic (ROC) curve is
shown in this research since true negatives are undefined, as that would
imply that the algorithm did not identify the animal because there was
none.

2.8.2. Image classification

To assess the efficacy of the various techniques, we compute the top-
k accuracy on a test set, where k = 1, 5, and 10 represents the position of
the correct match (i.e., an annotation of the same individual represented
by a query annotation) within a list of proposed matches. Consequently,
a top-1 rank is an accurate result supplied by the algorithm as the most
probable match for a candidate annotation. A top-5 rating indicates that
the correct answer might be any of the top-5 values among the returned
options, and so on.
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3. Results
3.1. Detection algorithm

Precision-Recall performance curves were calculated on a 20% held-
out test set (413 annotations) to evaluate the trained snow leopard
recognition model’s accuracy and report its comprehensive detection
success (Fig. 4). The various colors of the curves represent different
thresholds of non-maximum suppression (NMS) applied to the network’s
final bounding box predictions. The Average Precision (AP), as
measured by the area under the curve, is a standard approach for
summarizing accuracy. For example, the best-performing configuration
with an NMS of 30% achieves an AP of 94.45%. If a detector is perfect, it
will be represented by the colored dot at the place on the line that is
closest to the upper right corner of the precision-recall coordinate sys-
tem. Moreover, if a fixed recall of 80% is required, the yellow diamond
specifies the best possible accuracy across all possible configurations.

The maximum recall values (intercept on the x-axis) on the Precision-
Recall curves represent the maximum percentage of annotations that the
detector configuration can “recover” or “recall” from the ground-truth
detections. Therefore, a recall of 90% signifies that a given detection
configuration identified 90% of the ground-truth annotations.

The confusion matrices give the accuracy for the best-colored point
(left) and the yellow diamond (right) (Fig. 5). Notably, the 80% recall is
an arbitrary number that can be changed to fit the project’s performance
targets better.

We can see that the best performing and our chosen configuration
(highest AP at nearly 95%) has an NMS threshold of 40% and a score
threshold of 44% (Fig. 4). Out of 413 total annotations, the overall de-
tector makes 37 errors, with 22 false negatives (not detecting a leopard
when one is present), and 15 false positives (a bounding box annotation
is generated where there is no animal) (Fig. 5, left plot). If we relax the
miss-rate criterion 10%, we make fewer false detections (a total of 9
down from 15), but we end up missing 41 animals (false negatives), and
the overall accuracy decreases by over 3% (Fig. 5, right plot).

3.2. Investigation of overfitting

After running an initial set of PIE models, the neural network quickly

Precision — Recall Curve
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converged to its most accurate state, assessing each image only 10-30
times (in machine learning terms, after 10-30 “training epochs™),
whereas the typical duration is between 70 and 250 epochs. Subsequent
training had no effect or decreased the algorithm’s performance on held-
out test data, indicating that its long-term behavior resembled memo-
rizing its training set rather than learning a generalized matching
strategy (this is the machine learning definition of “overfitting™).

Overfitting was studied by comparing the accuracy of matching 14
individuals seen in multiple locations (PIE results: Rank 1-68%, Rank-5
86%) to the initial model consisting of 29 individuals observed at the
exact location with the same background (PIE results: Rank 1-77%,
Rank-5 93%, and Rank-20 96%) (Fig. 6). The top-1 and top-5 accuracies
of the algorithms for snow leopards observed at different locations were
lower than the initial modeling attempt, which can be attributed to
background matching aiding in the image categorization. The results
indicate the importance of background matching in enhancing classifi-
cation accuracy. After applying the filtering criterion, the number of
individuals from multiple locations was nearly half compared to the
number of individuals from the exact locations. This leads us to believe
that the smaller subset should have had greater accuracy in dis-
tinguishing snow leopard individuals successfully.

3.3. Background subtraction

After the model was developed, it was trained on images that had
been L/R mirrored and had their backgrounds subtracted. Over-fitting
was reduced, and convergence was significantly slowed when the LR
parameter was enabled during training. We have speculated that this
mirroring could double the number of background textures available for
background matching. It is also likely that randomness in the initial
configurations of the neural network during each training cycle
contributed to the slower convergence. We believe the PIE model with
the mirrored and background-subtracted model has theoretical advan-
tages and has shown higher accuracy, so we have chosen it for deploy-
ment in the Whiskerbook platform.

3.4. Min-2 accuracies

Thus far, we have only seen results on datasets containing at least

Recall- 10U Curve
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Fig. 4. The detector Precision-Recall curves for snow leopards.
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Fig. 5. Confusion matrices for the best-colored point (left) and the yellow diamond (right) from the Precision-Recall performance curves (Fig. 3). Spurious de-
tections, or false positives, occur when a bounding box is formed when there is no snow leopard within it, while false negatives occur when a snow leopard is not
detected when it is there in the image. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Accuracy on a PIE model without background subtraction or L/R mirroring. Left is without location filtering; right is only multi-location individuals that

moved between trapping stations.

three photographs per individual + viewpoint (e.g., individuals with at
least three photos taken from the left). We also computed the accuracy of
the more conservative “min-2” filter, which is the bare minimum
required for a human reviewer to accomplish identification. This in-
cludes the scenario in which the algorithm matches a new animal to a
single existing catalog image for the first time. The results sought to
classify 40 individuals with PIE BGS-LR (Rank-1 72%, Rank-5 89%,
Rank-20 94%), PIE without background subtraction (Rank-1 64%, Rank-
5 86%, Rank-20 95%), as compared to Hotspotter (Rank-1 69%, Rank-5
82%, Rank-20 84%). Results showed that the PIE model with back-
ground subtraction performed the best on the min-2 side-by-side
matching (Fig. 7). Overall, the BGS-LR model performs slightly better

when compared to other models.

3.5. PIE and Hotspotter model accuracy

Since Whiskerbook.org contains a multi-species, multi-feature, and
multi-algorithm technical foundation (Blount et al., 2021b), more than
one algorithm can be run concurrently when identifying the individual
animal in an image. Consequently, we compared the performance of the
best PIE model to that of the earlier HotSpotter algorithm (Fig. 8), as
well as the accuracy of both algorithms combined (i.e., top-1 of PIE +
HotSpotter refers to the proportion of instances in which at least one of
the algorithms identified the correct match at the top rank). Combining
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Snow Leopard model accuracy: Lefts Query — 212 Annots, 40 names
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Fig. 7. Comparison of our two PIE models on data with a minimum of two left-side photos per individual. Model on the left used background subtraction and L/R
mirroring; the model on the right used neither technique. HotSpotter (HS) shown in both cases; differences in HS accuracies are due to random noise as HotSpotter

match scores are not strictly deterministic.
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Fig. 8. Accuracy plot of the deployed matching algorithm. Left-side annotations of individuals contain at least three left-side photos. Right-side performance is
roughly equivalent (this model mirrors left-side photos, so every animal it sees is from a right-side perspective, but queries are pre-filtered by viewpoint so as not to

compare lefts and rights).

the two algorithms substantially enhances the overall accuracy of
matchmaking:

e Top-1: 85%
e Top-5: 95%

e Top-20: 99%

There was a thorough examination of the accuracy plots for each
model attempt and a comparison of the numerous trained PIE model
variants (Table 2). Two things determine the accuracy of an ID
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Table 2

Ecological Informatics 77 (2023) 102214

Accuracy summary of algorithms on various data filters. BGS stands for “Background Subtraction.” “LR” stands for left-right mirroring. PIE-Vanilla indicates un-
modified annotation used in a PIE model. *: NA accuracies are shown where the result would be a trivial 100% because fewer than 20 individuals meet the criteria.

Algorithm Dataset Number of annots. Number of individuals Top-1 ACC Top-5 ACC Top-20 ACC
PIE-BGS-LR min-2 212 40 72% 89% 94%
PIE-vanilla min-2 212 40 64% 86% 95%
HotSpotter min-2 212 40 69% 82% 84%
PIE-BGS-LR min-3 190 29 74% 92% 96%
PIE-vanilla min-3 190 29 77% 93% 96%
HotSpotter min-3 190 29 75% 84% 87%
PIE-BGS-LR + HotSpotter min-3 190 29 85% 95% 99%
PIE-BGS-LR min-3, multiloc. 104 14 67% 90% NA*
PIE-vanilla min-3, multiloc. 104 14 68% 86% NA*
HotSpotter min-3, multiloc. 104 14 72% 79% 85%

algorithm: the algorithm and the data. We tested two PIE models, one
trained with background subtraction and L/R mirroring (the final,
deployed model, referred to here as “PIE-BGS-LR™), and one without
either option (“PIE-vanilla”), as well as HotSpotter. We have evaluated
three subsets of the same data, consisting of photographs of snow
leopards identified on Whiskerbook.org. The subsets are either min-3 or
min-2, where the number represents the minimal number of left-side
sightings required to include those photographs in the subset (right-
side matching behavior is comparable but not shown here). Further,
“multiloc” datasets imply that researchers filtered the data only to
include species sighted in numerous locations while still meeting the
min-X condition.

4. Discussion

Using camera traps, the population size and density of felid species
can be assessed; however, processes must be developed to extract indi-
vidual identities from camera trap imagery reliably. Even though snow
leopards can have a diverse array of pelt pattern rosettes, they are
famously difficult to reliably classify by human observers (Johansson
et al., 2020), machine learning classifiers have shown to be challenging
(Beery, 2016; Miguel et al., 2019), leading machine learning tools
having been ignored or rejected by the snow leopard researchers for lack
of reliability and accuracy (Rode et al., 2021). This project aimed to
investigate and evaluate algorithms, on whether they would provide
sufficient deep learning algorithmic support for big cat researchers,
specifically snow leopard researchers with challenging image-matching
issues.

This paper presents the first comprehensive analysis of the accuracy
of two separate, production-ready pattern-matching algorithms for snow
leopards. Between the two algorithms, PIEv2 (Rank-1 72%, Rank-5
89%) has demonstrated more accuracy in matching these data than
HotSpotter, and it is currently the best-performing system we know for
recognizing snow leopard individuals in camera trap images. HotSpot-
ter’s findings are marginally less accurate (Rank-1 69%, Rank-5 82%),
but their independence from PIE implies that they complement the
matching from PIE. Using a combination of PIE and Hotspotter (Rank-1
85%, Rank-5 95%) achieved the highest accuracy of correctly re-
identifying individuals in our dataset. The results indicate that the
combined algorithms use can significantly enhance researchers’ ability
to detect snow leopards in large catalogues rapidly. In a previous study,
Hotspotter matching was performed on a series of 102 images of six
snow leopards, yielding an accuracy of 70% (Miguel et al., 2019). In our
study, combining HotSpotter + PIE algorithms enhances previous efforts
at individual ID of snow leopards. Like the previous study, our research
revealed a rank-1 accuracy of 69%, indicating that the Hotspotter al-
gorithm alone does not perform well alone.

After applying our sophisticated identification and filtering tech-
niques via graph matching and subset the dataset based on the Min 3/
Max 10 strategy, we obtained a total of 829 photographs of 217 snow
leopards. Data was collected in the field in Afghanistan and from zoos in

Europe and the United States. Previous studies on snow leopard indi-
vidual ID used 102 images that contained 6 cats (Miguel et al., 2019);
other reports on snow leopard image research mention enormous field
datasets without describing the methods for human classification of
individuals or for subsetting the data for the final analysis (Beery, 2016;
Miguel et al., 2016). Although the dataset used in this work is relatively
small, to the best of our knowledge, it is the largest dataset ever collected
to test the efficacy of computer vision in snow leopard identification. To
assure confidence in the matches being specific individuals, the field
collected photos for individuals in this study were compiled utilizing a
rigorous graph-based matching procedure of 12,311 side-by-side image
inspections before processing. The images were 60% nighttime and 40%
daytime illuminated, consistent with the natural activity patterns found
for the species in previous studies (Johansson et al., 2022). Our research
aimed to compile high-quality image sets of individuals from our field-
based data for use in future research on snow leopard individual ID.

Prior research evaluating human manual observers without AI
technologies demonstrated substantial error rates when classifying
photos of captive snow leopards with known identities from zoos
(Johansson et al., 2020). Johansson et al. (2020) revealed that manual
observers accurately identified 87.5% of all capture events, demon-
strating that misclassification errors would compound to inflate popu-
lation abundance estimates by a third above the actual population size.
An “artificially intelligent software assistant” can assist in the classifi-
cation process, where our research reveals that the PIE + Hotspotter
combined methods are capable of matching with 85% accuracy with the
algorithms alone, similar to the abilities of the average manual human
observer, 87.5%, reported in previous studies. In a separate study,
human manual observers using the Whiskerbook.org platform with Al
algorithms demonstrated that all observers (experts and novices)
underestimated population by 12% when assisted by the PIE and Hot-
Spotter Al technology, although estimates were precise ~3% error for
expert manual observers with experience in performing individual ID
(Bohnett et al., 2023). Current research indicates that the performance
of deep learning algorithms is still insufficient for solely autonomous
matching (Bardier et al., 2020; Morrison et al., 2011; Nipko et al., 2020),
necessitating skilled human observers in the loop to perform corrections
and achieve a precise level of accuracy (Bohnett et al., 2023; Miao et al.,
2021).

One shortcoming identified and addressed within the study showed a
limited background matching for the PIE model (Fig. 7 helps visualize
the impact), which we assessed by subsetting individuals according to
their locations (different locations or same location). We discovered that
the algorithm was less accurate for the image subset at different loca-
tions, but more accurate at the same location or for the entire dataset,
suggesting that the algorithm was aided using the background to match
the individuals. As a territorial species, the snow leopard is especially
sensitive to context because multiple individuals may be seen in a single
camera trap location. Observers have reported two territorial males, two
territorial females, and several juveniles at a single camera-trapping
location (Bohnett, 2021). Matching several individuals would be most
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effective if the system made intelligent identification predictions based
only on the animal’s natural patterns. However, the model can filter the
image and draws intelligent conclusions based on the landscape ele-
ments, and it is not necessarily bad if the list of probable individuals may
be subset and ranked based on specific backgrounds and geographical
information in the image. The study limitations for this small amount of
background matching stem from using a relatively limited dataset
compiled from zoo data worldwide and field camera trap observations
from a set of camera stations in one national park in Afghanistan. Rapid
convergence indicated that the “matching problem” was unusually
straightforward on these data, typically the result of insufficient training
data volume, lack of diversity, or both. To address these concerns, we
evaluated a variant of the PIE algorithm with background subtraction
and left-right mirroring data augmentation techniques, which reduced
the issue of overfitting, and strengthened the algorithms capacity to
match individuals based on pelt patterns rather than the background.

The snow leopard training pipeline described here may be repur-
posed rather quickly to train new models if more users utilize the system
and additional data is submitted. The existing model may also help
bootstrap that data-curation process. There is a considerable possibility
for regional and global research collaborations with snow leopard
research institutions to curate and independently identify data that
would advance these existing models toward greater sophistication and
improved performance. Deep learning systems have the ability to sur-
pass humans in the re-identification of animals, even in the absence of
obvious patterns and markings, if sufficient datasets and collaboration
come together to develop new systems (Schneider et al., 2019).

While evaluating the detection algorithm to create a bounding box
annotation, out of 413 total annotations, there was a 5% error in false
positives and 4% error for false negatives. During industry use by human
manual observers, the Whiskerbook.org software, running the detection
algorithm is a precursor to running Hotspotter or PIE ID models. After
the detection algorithm is run, human observers are expected to correct
false positive and negative errors manually in the detection system after
running the detection algorithm (Bohnett et al., 2023). The cleaning
process can simultaneously handle errors produced by duplicate de-
tections of the same individual, new encounters for a second or third
snow leopard, and missing annotations (Bohnett et al., 2023). While our
study did not formally analyze the impact of humans on data cleaning
processes, prior research has shown that these errors can be manually
mitigated using a hybrid combination of machine learning and humans
in the feedback loop to correct falsely identified annotations (Miao et al.,
2021). Users have noted that field camera trap data frequently contain
many images of the same individual within an hour, suggesting that the
consequences of false negatives are likely to be less significant on a
larger dataset (Bohnett, 2021). For instance, the detection algorithm
might erroneously not detect a snow leopard within several photographs
within a 30-photo encounter spanning 5 min, but the annotated sample
for that individual is often still sizable enough to classify the individual.
False negatives in field based data result from low-quality catches, such
as those that are too far away from the camera trap or are hazy or less
defined (Bohnett, 2021). This research demonstrates the importance of
human observers verifying annotations within the imagery uploaded to
Whiskerbook.org before HotSpotter and PIEv2 algorithms are applied,
as there will be a small percentage of both false positives and false
negatives generated by the detection annotation algorithm.

We anticipate that the Whiskerbook.org PIE model will expedite
snow leopard matching, especially when related Whiskerbook.org fea-
tures are considered (Bohnett et al., 2023). Existing features already
implemented in the Whiskerbook include a location-filtering option
(where users can limit a match query to animals spotted in a specific
area), one-to-one image matching or one-to-many image matching (for
previously classified individuals), side-by-side comparison with Hot-
Spotter or PIE results (Blount et al., 2021b). Whiskerbook’s algorithm
tools are supplemented by a “visual matcher” interface for manual
classification by an observer, enabling easier side-by-side comparisons
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of images against each camera trap station’s photos taken on different
dates (Blount et al., 2021b). These extra capabilities have somewhat
compensated for the algorithm’s error rate for the detection annotations
as well as for individual-level classification, allowing users to manually
search through datasets and identify matches precisely.

5. Conclusions

It is essential to accurately reidentify species to generate valid pop-
ulation estimates, which in turn inform numerous critical ecological
issues. Whiskerbook.org is a platform for big cat ecologists that in-
corporates deep learning into an ecological research tool, removing a
significant barrier and giving ecologists direct access to deep learning
technology for photo reidentification (Berger-Wolf et al., 2017; Blount
etal., 2018, 2021b; Bohnett et al., 2023). According to the results of this
research, the combination of the PIE and Hotspotter algorithms offers an
improvement to the methods on Whiskerbook.org for image reidentifi-
cation of snow leopards, finding an 85% Rank-1 accuracy for matching
individuals. The PIE algorithm performed the best with background
subtraction and data augmentation with left-right mirroring, which
significantly reduced overfitting. When it comes to animal reidentifi-
cation studies, a lack of data is the greatest challenge and limitation
researchers encounter (Schneider et al., 2019). With the data collection
compiled in this work, we contribute the largest fully labeled snow
leopard dataset for deep learning research. In addition, we anticipate
that our novel deep learning methods will encourage other academics to
contribute more datasets to Whiskerbook.org for the purpose of
continuously curating and enhancing the data used to improve the deep
learning pipeline. Comparing these results to those of an earlier study by
Johansson et al. (2020) that depended on human manual classification,
without AI or software, determined that observers significantly over-
estimate the true abundance. Al-based individual ID within Whiske
rbook.org has demonstrated the potential to enhance the precision
and efficiency of manual observers, approaching more accurate esti-
mations of population size (Bohnett et al., 2023), and may be transfer-
able to the monitoring of populations of other big cat species.

Code availability

All software used in this analysis is available in the Wild Me open-
source repository at: https://github.com/wildmeorg

The base application for algorithm analysis as defined in Parham
et al., 2018 is: https://github.com/WildMeOrg/wildbook-ia

Specific algorithm plugins for the three algorithms evaluated here
can be found at: https://github.com/WildMeOrg/wbia-plugin-pie-v2
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