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Abstract

1. Machine (especially deep) learning algorithms are changing the way wildlife imagery is
processed. They dramatically speed up the time to detect, count, classify animals and their

behaviours. Yet, we currently have a very few systematic literature surveys on its use in wildlife

imagery.

2. Through a literature survey (a ‘rapid’ review) and bibliometric mapping, we explored its use
across: 1) species (vertebrates), 2) image types (e.g., camera traps, or drones), 3) study locations, 4)
alternative machine learning algorithms, 5) outcomes (e.g., recognition, classification, or tracking),

6) reporting quality and openness, 7) author affiliation, and 8) publication journal types.

3. We found that increasing number of studies used convolutional neural networks (i.e., deep
learning). Typically, studies have focused on large charismatic or iconic mammalian species .
Increasing number of studies is published in ecology-specific journals indicating the uptake of deep
learning to transform detection, classification and tracking of wildlife. Sharing of code was limited,

with only 20% of studies providing links to analysis code.

4. Much of the published research and focus on animals came from India, China, Australia, or the
USA. There were relatively few collaborations across countries. Given the power of machine
learning, we recommend increasing collaboration and sharing approaches to utilise increasing
amounts of wildlife imagery more rapidly and transform and improve understanding of wildlife

behaviour and conservation.

5. Our survey augmented with bibliometric analyses provide valuable signposts for future studies to

resolve and address shortcomings, gaps, and biases.

KEYWORDS

Conservation biology, field biology, big data, research weaving, drone imagery, systematic maps,

evidence synthesis, deep learning
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1| INTRODUCTION

1.1 | Background

Camera-trap, surveillance-video, and drone imagery are producing a deluge of digital data on
wildlife (Koh & Wich, 2012; Meek et al., 2014; Allan et al., 2018; Weinstein, 2018; Tuia et al.,
2022; Besson et al. 2022). Processing these digital images typically requires a substantial outlay of
resources and time. However, machine learning algorithms for computer vision are revolutionising
the field. A type of machine learning, deep learning algorithms using neural networks, have
contributed to the recent rise of efficient computer vision analysis pipelines (LeCun, Bengio &
Hinton, 2015; Webb, 2018; Christin, Hervet & Lecomte, 2019; Lamba et al., 2019; Tuia et al.,
2022). For example, a well-trained deep learning model can process video recordings and camera
trap data extremely efficiently, reducing ten years of manual human work to around one year by

automating up to 99% of the entire (Norouzzadeh et al., 2018).

This rapid and efficient processing opens possibilities for obtaining critical and detailed information
on species’ ecology, demography, life history and behaviour at previously impossible temporal and
spatial scales (Villa, Salazar & Vargas, 2017; Christin, Hervet & Lecomte, 2019; Lamba et al.,
2019; Tuia et al., 2022; Besson et al. 2022). This is increasingly useful for both in-situ and ex-situ
conservation. Unsurprisingly, conservation biologists and wildlife biologists are progressively
employing machine (deep) learning algorithms to process image data, often collaborating with
computer scientists (e.g., Tabak et al., 2019; Willi et al., 2019). Review articles are also appearing
on applications of machine (deep) learning can support ecological research and conservation (e.g.,

Christin, Hervet & Lecomte, 2019; Lamba et al., 2019; Nazir & Kaleem, 2021; Besson et al. 2022).

Yet, there is no systematic survey of this emerging and important field (cf. Caravaggi et al., 2017; a
review by Christin, Hervet & Lecomte, 2019 is mostly narrative and includes only a brief survey in
one of its sections). There are two major and effective ways to map literature: systematic mapping

and bibliometric mapping. Systematic mapping covers the state of knowledge, revealing the
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knowledge clusters and research gaps (Haddaway et al., 2016). A bibliometric map augments this
approach, providing information on the location of research (Cobo ef al., 2011). This ‘research
weaving’ can reveal differences between locations of wildlife research (field) and affiliation
(Nakagawa et al., 2019); highlighting discrepancies in international collaboration, inequalities in

study opportunities and field access (cf. Trisos, Auerbach & Katti, 2021).

1.2 | Objectives

We use a “Rapid Review” approach, which abbreviates the process of systematic maps by not being
comprehensive, but being representative (Lagisz et al., 2022). Therefore, we accelerated some of
the systematic-map processes by focusing on more recent articles and using one database. Such a
accelerated review (mapping) is useful especially for a rapidly moving fields like the topic of this
article. Notably, a fully comprehensive Systematic Review takes on average 2 years (Tricco et al,
2015; Morah et al., 2017)and a Rapid Review can be completed in a few months (Schiinemann et
al., 2015; Haby et al., 2016), providing more timely, and usually unbiased, snapshot of the research
knowledge (Ganann et al., 2010; Affengruber et al., 2020). In this work, we also use a ‘research
weaving’ approach to incorporate bibliometric information in a systematic-like map of the empirical
studies (Nakagawa et al., 2019), to provide deeper insights on the topic. First, we manually map the
content of recent studies (published between 2017 and 2021) that were utilising machine learning to

process wildlife imagery. For these studies, we attempt answer the following questions:

1. What species and how many species were studied?

2. What was the source of wildlife images (e.g., camera traps, surveillance cameras)?

3. Where was the location (country) from which the wildlife image originated?

4. What machine (deep) learning algorithms were used?

5. What was the purpose or outcome of the study (e.g., individual recognition, behaviour
detection)?

6. Was source code to reproduce the analysis (i.e., analysis code) open and available?
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With these questions, we aim to elucidate research trends, practices, gaps, and biases in the relevant

literature, revealing future needs in this research area.

Then, we augment the above questions with bibliometric analyses, which ask two additional

questions:

7. In which country was the study conducted? (Is it different to where images originated?)
8. In what type of journal was the study published? (Biological sciences, computer science or
multi-disciplinary journals?)
These two additional questions relate to the aspects of diversity in this research area. The first
question reveals internationality, while the second question indicates cross-disciplinary diversity.

Overall, our research weaving of the literature aims to create some guideposts for future work.

This article is also intended to show how to conduct such a rapid review or survey, which will be
especially useful for scoping a topic of interest or summarising evidence base in a limited time

(Lagisz et al., 2022).

2 | MATERIALS AND METHODS

We followed the ROSES (RepOrting standards for Systematic Evidence Syntheses) checklist for
Systematic Maps (Haddaway et al., 2018) for rigorous reporting of our data collection process.
Search string development, validation, piloted screening and data extraction process were pre-
piloted but not registered due to the rapid nature of this scoping-like review. Therefore, this is not a
fully comprehensive systematic map, but it can be considered more as a map or literature survey on

a group of representative articles revealing key trends and patterns.

2.1 | Eligibility criteria
We included publications in the last five years (2017-2021), where all criteria within an adapted

PICO/PECO framework were fulfilled (Guyatt ef al., 2011; Morgan et al., 2018):
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P — Population: study subjects (in images) were wild or semi-wild vertebrate species (excluding
domestic or farmed animals, invertebrates, and museum specimens). Datasets that included the
target population but also contained images of other species (e.g., domesticated species or humans)

were also allowed, however the non-target population species were not included in the analysis.

I — Intervention / Innovation: use of computer vision machine learning algorithms (including Deep

/Convolutional Neural Networks Support Vector Machines, Random Forests; Nacchia et al., 2021)

for automated or semi-automated processing of image data (e.g., from camera traps, video tracking,
thermal imaging; Nazir & Kaleem, 2021), at a scale where individual animals are visible (including
aerial and drone images but excluding images gathered from satellites, biologging, X-ray, MRI

images or equivalent).

C — Comparator / Context: images from the wild or semi-wild (including zoo enclosures, but

excluding lab-based or agricultural / aquaculture / pet studies).

O — Outcomes: analyses focus on individual animal / species recognition / classification or animal
behaviour recognition / classification. We recognised six main outcome types: "species
recognition/classification (object detection)", "individual recognition (re-identification)", "counting
individuals (at given time)", "tracking (following through space)”, “behaviour detection (at given

time)”, “behaviour classification (changes over time)”.

2.2 | Searches

For a representative sample of multi-disciplinary literature, we ran a literature search using Scopus
search engine on 2021/10/10 with a pre-piloted search string: ( TITLE-ABS-KEY ( ( *automatic*
OR “machine learning” OR “computer learning” OR “deep learning” OR “neural network®*” OR
“random forest*”” OR “convolutional neural” OR “convolutional network*” OR “learning
algorithm®” OR “Support Vector*” ) AND ( image* OR camera* OR video* OR vision ) AND

( *wild* OR population* OR “species identif*” OR “species label*” OR “species richness” OR

( behavio* AND within/ 10 classif* ) OR ( behavio* AND within/ 10 recogn* ) ) AND NOT
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( “natural language” OR “sign language” OR accelomet* OR clinical* OR industr* OR agricult*
OR farm* OR leaf OR husbandry OR food* OR tissue* OR cell* OR cultur* OR wildfire* OR
“tree growth” OR forestry OR hydrolog* OR engineer®* OR “oxygen species” OR molec* OR
bacteria* OR microb* OR chemi* OR spectrom™ OR brain* OR drug* OR patient* OR cancer*
OR smoking OR disease OR diabet* OR landsat* OR sentinel OR satellite* OR “land cover” OR
“land use” OR “vegetation map*” OR galax* OR “Google Earth” OR scan* OR “X-ray” OR
“health care” OR participant®* OR emotion* OR employee* OR speech OR proceedings ) ) ) AND
PUBYEAR >2016. We conducted a search update in 2022 to capture all articles published in 2021
(details in Supplementary File 1). Further, we did not use language filters to ensure we captured
literature from multiple countries. We chose Scopus as their bibliometric information was easy to
handle than other databases such as the Web of Science (note that bibliometric information form

two databases are usually not compatible to each other).

2.3 | Article screening

We used Rayyan QCRI software (Ouzzani et al., 2016) to screen bibliographic records downloaded
from Scopus. Three researchers (ML, JT, RF) independently performed the screening, assessing
titles, abstracts, and keywords of each article. This screening resulted in articles included for full-
text assessment and data extraction. We excluded publications without full text available, after

contacting study authors via ResearchGate and waiting for around two weeks for their responses.

2.4 | Data extraction and coding

For data extraction from the articles with full text, we used a two-part custom questionnaire (details
in Supplementary Materials) implemented as a Google Form. We used the first part of the form to
re-assess the fulfilment of the inclusion criteria and the second part of the form to extract key data
on the study content. At least two assessors extracted the first 6% of the papers independently
during the piloting round. One assessor (ML) extracted the remaining, and another assessor (RF)

independently cross-checked extracted data. Assessors authoring articles considered within the
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review were not involved in decisions regarding inclusion, extraction, or critical appraisal of their
work. Apart from the data extracted via the questionnaire, we derived additional variables such as
whether the full-text publication was included or excluded from the final dataset and the main
reason for exclusion, extracted geographic coordinates for field-based studies. We coded whether
location information was relatively precise or unclear. We also categorised publication journals into
ecological, computer science-related and multidisciplinary. Details of data extraction and coding are

provided in Supplementary File 1.

2.5 | Critical appraisal

As an indicator of reporting quality, we coded when we could not extract or infer information on
key variables, such as sources of animal images (type of hardware and settings / locations), number
of animal species / classes studied, and general types of machine learning algorithms used. We also

coded whether the analysis code used in the study was available for checking or reuse.

2.6 | Data synthesis and presentation

We collated manually coded data in a single data table (Supplementary File 2) and supplemented it
with bibliographic information from downloaded Scopus records. All data wrangling and
visualisations were conducted in an R environment (R Development Team, 2022). Counts of
articles within specific categories for each variable are presented as bar plots or stacked area plots,
while spatial information (location of origins of animal images, first author affiliation country) is
plotted as global distribution maps and alluvial plots using the ggplot2 (Wickham, 2016),
rworldmap (South, 2011), and ggalluvial (Brunson, 2020), R packages. Species identities from
single-species individual recognition studies are presented on a phylogenetic tree derived using the
rotl package (Michonneau, Brown & Winter, 2016). Given that our data coding categories were pre-
defined, knowledge gaps and clusters were identified via visual inspection of the plots. The

narrative synthesis of our findings follows our key review questions.
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3| RESULTS

3.1 | Searches, screening, and a database

Our initial screening of 2,259 unique bibliographic records downloaded from Scopus resulted in
225 articles for full-text assessment and data extraction. Of these 225 articles, we obtained full text
for 215 articles. Out of the 215 full-text articles assessed, 23 were excluded (Supplementary File 1,
Table S2), and 192 were eligible for data extraction (Supplementary File 1, Table S3). Search
update provided additional 31 articles from 2021, bringing the total number to 223. The final
dataset consists of 19 papers from 2017, 21 from 2018, 48 from 2019, 63 from 2020, and 72 from

2021.
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3.2 | Study characteristics

3.2.1 | Study species and image types

Most studies (58 studies, 30%) only examined one species (‘single-species’ studies) with one study
dealing with 16,583 species (mean = 108, SD = 1,155, median = 3; Fig. 1 A). The most popular
biological group among vertebrates was mammals (66% studies), followed by birds (27%), fishes
(17%), reptiles (7%) and amphibians (2%) (Fig. 1 B; some articles studied more than one class so
that percentages do not total 100%). Forty-six species were used in single-species studies. Here, the
most popular study animals were tigers (Panthera tigris), pandas (Ailuropoda melanoleuca) and
koalas (Phascolarctos cinereus). In single-species studies, images of 16 species were used for
individual recognition (re-identification) analyses, and these studies were dominated by mammals,

especially large carnivores, cetaceans and primates (Fig. 1 D).
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FIGURE 2. Diversity of the wildlife imagery analysed in machine learning studies. A - article
counts by image source hardware type (one study could use more than one image type), B -
temporal trends (annual counts) across the last five years. Colours are corresponding to image

source hardware types shown in panel A; “other/unclear” category not shown.

Around half of included studies used wildlife images from fixed cameras (50%), such as camera
traps and surveillance cameras, while 30% of studies used images from hand (mobile) cameras, and
16% of studies used aerial images from drones or aircraft (Fig. 2 A; some studies used more than
one image type). Over the last five years, the use of images from fixed cameras and mobile cameras
has markedly increased in terms of total numbers, while the use of aerial images remained stable

(Fig. 2 B).
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years; “other/unclear” category not shown. Algorithm types that were outside the main six

categories or were described to vaguely to be classified were coded as “other / unclear”.

13



239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259
260
261

3.2.2 | Algorithms and outcomes

Neural-networks were easily the most popular machine learning algorithms, appearing in 92% of
included studies. This approach was often used alongside other approaches, such as Support Vector
Machines (12% of studies), K-Nearest Neighbours (5%), and Random Forests (4%), or . other
algorithms (13% of studies; e.g., Naive Bayes, Bag of Visual Words, Histogram of Colors, Local
Binary Patterns Histograms, Multi-class Logistic Regression, Principal Component Analysis,
Linear Discriminant Analysis). Object recognition / classification, which involved object detection
in the image, was the first and essential step mentioned in almost all (94%) studies. Additional steps
of image processing included individual recognition (re-identification), counting individuals (at
given time), tracking (following through space), behaviour detection (at given time), behaviour
classification (changes over time). Individual recognition and re-identification were an objective of
20% of studies. Counting the numbers of individuals was mentioned in 19% of studies). Few
studies attempted to conduct behaviour detection (4%), classification (2%), or tracking (6%). Figure
3 A shows frequencies of combinations of machine learning algorithms and outcome types
mentioned in the included studies. Unsurprisingly, neural networks were used in the context of all
types of image processing outcomes (Fig. 3 A). Support Vector Machines were likely to be
mentioned in the context of individua re-identification studies (16%). Fig. 3 B shows that the
absolute usage of Support Vector Machines is stable of across the years, but the use of Neural

Network algorithms is increasing over time, dominating the field.
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towards the countries of the first authorship); “global” and “unclear” image source location

categories not shown.

3.2.3 | Geographical origin, affiliations, and journal types

We analysed the countries of affiliation of the first authors of the included studies and locations of
wildlife images used in the studies. The authors came from 44 different countries, but only 24
countries had more than one study (Fig. 4 A; left column). The analysed images came from 41
countries and 10 other location types, including ‘global’ and Antarctica (Fig. 4 A; right column).
Three countries(Australia, China, and the USA) dominated the literature in terms of author
affiliations and wildlife images. Datasets from the Antarctic, Africa and Southeast Asia were
commonly analysed by researchers from other geographical areas (Fig. 4 B). There was especially
strong international use of images by the United States, compared to Australia, the two largest
generators of articles (Fig. 4 B). While all papers had more than one author, only 3 out of 200
papers with complete bibliographic data on affiliations had authors from more than one country

(Figure S9).
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FIGURE 5. Diversity of the journals publishing machine learning studies on wildlife imagery. A —
temporal trends (annual counts) in three main journal subject disciplines across the last five years.B

— article counts for journals with at least three articles included in our survey data set.

Although in 2017 most publications were in ‘computer science’ journals (usually computer science
conference proceedings, but also more traditional journals such as “Lecture Notes in Computer
Science”, “Remote Sensing”), increasing numbers of studies were published in ‘ecological’ journals
over the last few years (Fig. 5 A). Indeed, the top two destinations of the surveyed papers were

ecological journals: “Ecological Informatics” and “Methods in Ecology and Evolution” (Fig. 5 B).
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FIGURE 6. Aspects of reporting quality and openness of the included machine learning studies. A
— percentages of relevant articles providing sufficient or insufficient information to code a given

variable. B — article counts for studies that shared or did not share their analysis programming code.

3.2.4 | Reporting and open practices

Reporting quality was usually sufficient for nine survey questions (> 80% of studies; Fig. 6 A) to
allow us to collect the basic information for our survey. However, few studies published their
analysis code (i.e., shared links to computer scripts used in a study; ~20%, Fig. 6 B). The code
sharing practice tended to improve over time (Figure S10), increasing from ~12% in 2017 and 2018
to ~25% in years 2019-2021. Overall, the proportion of articles with code was highest in articles
from journals classified as ‘ecology’ (44%) and lowest in journals classified as ‘computer science /
technology’ (12%) (Fig. S11). Among the most popular journals (shown in Fig. S12), “Methods in
Ecology and Evolution” had all articles sharing links to the code (100%; 11/11). The other three
popular journals classified as ‘ecology’ had at least some of the articles compliant with the code
sharing practice: "Ecological Informatics" (15%; 2/13), "Ecology and Evolution" (63%; 5/8),

"Animals" (25%; 1/4). Among the journals classified as ‘computer science / technology’,
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“IEEE/CVF International Conference on Computer Vision Workshop (ICCVW)” stood out as a
positive example (75%; 3/4), followed by “Remote Sensing” (33%; 1/3). In contrast, only one study
in “Lecture Notes in Computer Science” shared link to code (10%, 1/10) and none in
“Communications in Computer and Information Science” (0%; 0/4) or “Advances in Intelligent

Systems and Computing” (0%; 0/3).

4 | DISCUSSION

We characterised recent use of machine learning to process wildlife imagery, using systematic and
bibliometric mapping techniques. We had eight questions regarding: 1) study species, 2) image
types (e.g., the use of fixed camera / camera trap, hand / mobile camera, or aerial / drone), 3) study
location, 4) machine learning algorithms, 5) study outcomes (e.g., species / individual recognition
or counting), 6) reporting quality and openness, 7) author affiliation, and 8) journal types (see
Section 1.2). We have profiled some clear patterns for each of these questions (Fig. 1 — 6). We
discuss these patterns in four subsections below: i) Questions 1 & 2, ii) Questions 4 & 5, iii)

Questions 3, 7 & 8, and iv) Question 6.

4.1 | Study species and image types

Studies mainly focused on large charismatic or iconic mammals such as the top three (tigers,
pandas, and koalas), other big cats, cetaceans and primates, reflected in single-species studies and
individual-recognition studies (Fig. 1 C, D). Birds were the second most popular taxon (Fig. 1 B),
but only three species, Euarsian coot (Fulica atra), snow goose, Anser caerulescens (Bowley et al.,
2017; Bowley et al., 2018) and purple martin, Progne subis (Williams & DeLeon, 2019), were
represented in single-species studies (Fig. 1 C). This is because multiple-species studies often
focused on mammalian species, while occasionally also including large bird species (e.g., images
from African savanna including ostrich; Rey et al., 2017; Loos, Weigel & Koehler, 2018). The

paper with 16,583 species included an exceptionally wide range of species, because it tapped into
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1.2 million images available on GBIF (the Global Biodiversity Information Facility; Mo, Frank &
Vetrova, 2017). Other papers with over 100 species often dealt with a species recognition in a
particular high-level taxon, such as birds (Ragib ef al., 2020), fish (Sayed et al., 2018), and snakes

(Picek et al., 2021).

Researchers’ preference for certain taxa is known as taxonomic bias (Bonnet, Shine & Lourdais,
2002; Donaldson et al., 2016), well known in the research literature, including conservation,
behavioural ecology and ecotoxicology (Rosenthal ef al., 2017; Troudet et al., 2017; Prosser et al.,
2021). The distribution of study species in our literature survey is in line with the anthropomorphic
stimuli hypothesis that we humans are more attracted to species phylogenetically closer to us
(Miralles, Raymond & Lecointre, 2019). This hypothesis explains the widespread use of mammals
and primates (Fig. 1 B, C). Indeed, a recent comprehensive study, including 7,521 mammalian
species, showed that phylogenetic relatedness was closely related to research interest, as reflected
by the number of publications and citations (Tam et al., 2021), with primates overrepresented
among the most popular species. In our survey, among the 16 species used for individual
recognition, brown trout (Sa/mo trutta) and Eurasian coot (Fulica atra) did not fit in categories of
iconic species or phylogenetic relatedness (all the other species were large mammals). However, the
motivation behind the salmon study was related to human economic values — helping aquaculture
and fishing tourism by tracing fish migration and distribution, (Zhao et al., 2019). In contrast, the
study on Eurasian coot was a study exporing evolution of egg recognition in birds (Goémez et al.,

2021).

Given the affordability and accessibility of fixed cameras (i.e., camera traps and surveillance
cameras), it was not surprising that fixed cameras were most used among the surveyed studies (52%
studies). Indeed, many machine learning applications have focused on camera traps in ecology and
environmental sciences (cf. Caravaggi et al., 2017), with the dedicated book titled “Camera traps:

wildlife management and research” (Meek et al., 2014). Notably, a combined total of the usage of
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hand cameras (including mobile phones) and aerial (drone) wildlife images was nearly as high as
that of fixed cameras (104 vs. 112 studies). However, the use of the fixed camera (especially
camera traps) has been increasing rapidly, and this trend is likely to continue (Fig. 2 B). This trend
may be driven by increasing availability of images from fixed cameras and camera traps via freely
available biodiversity collections (e.g., GBIF and iNaturalist) and computer vision programming

challenge platforms (e.g., ImageNet and Kaggle).

4.2 | Algorithms and outcomes

Most (~94%) algorithms applied a neural network approach to recognise and / or classify animals.
Neural Networks or other machine leaning algorithms were used for all six different tasks: 1)
species recognition/classification, 2) individual recognition, 3) counting the number of individuals,
4) tracking individuals, 5) detecting behaviour at a given time and 6) classifying behaviours over
time (in order of the usage; Nazir & Kaleem, 2021). the second most popular machine learning
algorithm, Support Vector Machines, was only found in 26 studies. However, the observed
dominance of the literature by Neural Networks is not surprising. This is due to the recent
resurrection of Deep Neural Networks, initially proposed in 1943 (Mcculloch & Pitts, 1990),
associated with the increased processing power provided by GPU, the availability of big data for
training (LeCun, Bengio & Hinton, 2015; Webb, 2018) and the development of more advanced

algorithms in the field of computer vision, e.g. Convolutional Neural Networks.

Our mapping effort elucidated future directions in the use of machine learning in wildlife imagery.
The clear next step is to increase the use of Neural Networks to detect and track animals and
classify their behaviour, with relevant algorithms already developed for human behaviour detection
and tracking (e.g., Al-Faris et al., 2020; Bendali-Braham ef al., 2021). Therefore, a challenge for

ecologists and environmental scientists is to co-opt such algorithms for wildlife imagery. This
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challenge requires cross-disciplinary collaborations between computer and environmental scientists,

which we discuss further in the next section.

4.3 | Geographical origin, affiliations, and journal types

In many studies, the geographical origin of wildlife images and the first author affiliation country
are congruent (Fig. 4 A, B). Australia, China, India and the USA are four clear hot spots in both
origins of wildlife images and authors, reflected in the top three species, tigers, koalas and pandas
(Fig. 1 C). However, many wildlife images from Africa were usually analysed elsewhere (apart
from South Africa; e.g., Butgereit & Martinus, 2018). Such incongruence could be related to
scientific colonialism, initiating discussions on the ways to decolonise science (Baker, Eichhorn &
Griffiths, 2019; Trisos, Auerbach & Katti, 2021). Building capacity and involving local
collaborators including indigenous peoples could be a first step towards resolving this
incongruence, increasing representation of underrepresented nations and their wildlife imagery.
There is also considerable scope for more international collaborations, given only three studies had

authors from multiple countries.

This field was entirely dominated by computer scientists five years ago (in 2017), reflected in
almost all articles being published in computer science journals or conference proceedings. Later,
numbers shifted dramatically towards more ecological / environmental journals (Fig. 5 A). As a
result, the top two highest-ranked journals most recently represent these disciplines (the third-
ranked was a ‘computer science’ journal, Fig. 5 B). Disciplinary diversity is increasing, along with
the accessibility of machine learning for non-computer scientists (Christin, Hervet & Lecomte,
2019; Lamba et al., 2019) and interdisciplinary collaborations between ecologists and computer

scientists are also on the rise (e.g., Tabak et al., 2019; Willi et al., 2019).

4.4 | Reporting and open practices

Although we could identify basic study information for our survey, about 10 — 20% of the papers

lacked critical information, required for replication, such as study species (not just taxa), and details
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of image sources or locations (Fig. 6 A). This may still be underestimated, with generally poor
reporting, exemplified by much of the coded survey information based on example images provided
in figures and dataset descriptions from other publications or the Internet (e.g., when the study only
mentioned the use of publicly available datasets, often not even naming which dataset). With an
increasing number of studies applying machine learning to wildlife images, creating formal
reporting guidelines may be useful. Reporting guidelines are common in (bio)medical research
(e.g., du Sert et al., 2020; Page et al., 2021) and can improve reporting quality (Sun et al., 2018). In
our literature survey, we were particularly surprised that research (analysis) code was not published
in approximately 80% of the studies, given the importance of computational reproducibility and
code sharing within computer sciences (Cadwallader et al., 2021). Where code was shared,
researchers often used GitHub repositories (e.g., classification accuracy; Akcay et al., 2020; Allken
et al., 2021). Surprisingly, articles published ecological journals tended to have better reporting
practices than papers published in computer science / technology-related journals. Overall, there is a
slow improvement in reporting practices in the recent years, potentially driven by the journals
increasingly mandating code and data sharing. We recommend that the code and relevant data be
made available according to the FAIR principles (findable, accessible, interoperable & reusable;

Wilkinson et al., 2019).

4.5 | Limitations and future opportunities

Our work had three notable limitations. First, we focused on vertebrate species, although we were
aware that machine learning has been used to process images of invertebrates in the wild (e.g.,
Hoye et al., 2021). Detecting small animals, such as many invertebrates, is more difficult with
camera traps, especially with variations in light conditions. Future deep learning algorithms may
resolve this by techniques such as small object detection (Liu, Yang, et al., 2021) and low-light
detection (Chen and Shah, 2021). Second, we excluded satellite imagery since we focused on
wildlife images where individual-level recognition was possible. For some large wildlife species,

such as whales and elephants, individuals could be detected and followed using satellite images
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(Guirado et al., 2019; Duporge et al., 2021). As the quality of images increases, satellite imagery
will become an increasingly important tool for wildlife conservation (Tuia et al., 2022). Finally, we
acknowledge that the relevant literature is rapidly increasing and changing: our map will inevitably
be obsolete in a few years. However, this study provides some current insights, providing new
perspectives, revealing gaps and clusters of current work and areas for improvement, especially in

terms of reporting practices.

4.6 | Conclusions

In this study, we revealed the recent trends, knowledge clusters and gaps in the use of machine
learning in processing wildlife imagery. Future applications could aim to mitigate the current
taxonomic bias, the limited use of deep learning in behaviour detection and tracking, and
collaborate internationally to tackle incongruency between image origins and author affiliations. We
hope our knowledge maps will guide future studies to fill the gaps, resolve biases, and increase

diversity in research in as many ways as possible.

ACKNOWLEDGEMENTS

SN and ML were supported by an ARC (Australian Research Council) Discovery Project
(DP200100367), RK by ARC Linkage Project LP180100159) and the Vonwiller Foundation. This

research was also supported by the Taronga Conservation Society Australia.

CONFLICT OF INTEREST

The authors declare they have no conflict of interest relating to the content of this article.

DATA AND CODE AVAILABILITY

Unprocessed data and meta-data are included as a Supplementary File 2. All Supplementary
Information, data, meta-data and processing code are also freely available on GutHub

24



456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

https://github.com/mlagisz/SM_machine learning_animals and on Zenodo

https://doi.org/10.5281/zenodo.7502948 (Lagisz & Nakagawa, 2023).

SUPPLEMENTARY INFORMATION

Supplementary File 1 — supplementary methods and results in .pdf format (also available on GitHub

and Zenodo)

Supplementary File 2 — unprocessed data and meta-data in .xIsx format (also available on GitHub

and Zenodo)

AUTHOR CONTRIBUTIONS

All authors contributed to the conceptualization of the project and discussed the ideas and study
design. ML, RF, JT and XL conducted the survey with inputs from the others. SN and ML wrote

the first draft and all authors contributed to editing versions of the manuscript.

FUNDING

No specific funding is associated with this work.

ORCID

Shinichi Nakagawa: 0000-0002-7765-5182

Malgorzata Lagisz: 0000-0002-3993-6127

Roxane Francis: 0000-0003-3172-5445

Jessica Tam: 0000-0003-3655-1974

Xun Li: 0000-0002-1717-0669

25



475

476

477

478

479

480

481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514

Benjamin J. Pitcher: 0000-0002-8580-0343

Justine O’Brien 0000-0003-2011-9626

Neil R. Jordan: 0000-0002-0712-8301

Arcot Sowmya 0000-0001-9236-5063 .

Richard Kingsford: 0000-0001-6565-4134

REFERENCES

Akcay, H.G., Kabasakal, B., Aksu, D., Demir, N., Oz, M. & Erdogan, A. (2020) Automated Bird
Counting with Deep Learning for Regional Bird Distribution Mapping. Animals, 10.

Al-Faris, M., Chiverton, J., Ndzi, D. & Ahmed, A.L. (2020) A Review on Computer Vision-Based
Methods for Human Action Recognition. Journal of Imaging, 6.

Allan, B.M., Nimmo, D.G., Ierodiaconou, D., VanDerWal, J., Koh, L.P. & Ritchie, E.G. (2018)
Futurecasting ecological research: the rise of technoecology. Ecosphere, 9.

Allken, V., Rosen, S., Handegard, N.O. & Malde, K. (2021) A real-world dataset and data
simulation algorithm for automated fish species identification. Geoscience Data Journal, 8,
199-2009.

Baker, K., Eichhorn, M.P. & Griffiths, M. (2019) Decolonizing field ecology. Biotropica, 51, 288-
292.

Bendali-Braham, M., Weber, J., Forestier, G., I[doumghar, L. & Muller, P.-A. (2021) Recent trends
in crowd analysis: A review. Machine Learning with Applications, 4, 100023.

Bonnet, X., Shine, R. & Lourdais, O. (2002) Taxonomic chauvinism. Trends in Ecology &
Evolution, 17, 1-3.

Borah, R., Brown, A.W., Capers, P.L. & Kaiser, K.A. (2017) Analysis of the time and workers
needed to conduct systematic reviews of medical interventions using data from the
PROSPERO registry. BMJ Open, 7, 012545.

Bowley, C., Mattingly, M., Barnas, A., Ellis-Felege, S. & Desell, T. (2017) Toward Using Citizen
Scientists to Drive Automated Ecological Object Detection in Aerial Imagery. 2017 leee
13th International Conference on E-Science (E-Science), 99-108.

Bowley, C., Mattingly, M., Barnas, A., Ellis-Felege, S. & Desell, T. (2018) Detecting Wildlife in
Unmanned Aerial Systems Imagery Using Convolutional Neural Networks Trained with an
Automated Feedback Loop. Computational Science - Iccs 2018, Pt 1, 10860, 69-82.

Brunson, J.C. (2020) Ggalluvial: layered grammar for alluvial plots. Journal of Open Source
Software, 5,2017.

Butgereit, L. & Martinus, L. (2018) On Safari with TensorFlow: Assisting Tourism in Rural
Southern Africa using Machine Learning. 2018 International Conference on Advances in
Big Data, Computing and Data Communication Systems (Icabcd).

Cadwallader, L., Papin, J.A., Mac Gabhann, F. & Kirk, R. (2021) Collaborating with our
community to increase code sharing. Plos Computational Biology, 17.

Caravaggi, A., Banks, P.B., Burton, A.C., Finlay, C.M.V., Haswell, P.M., Hayward, M.W.,
Rowcliffe, M.J. & Wood, M.D. (2017) A review of camera trapping for conservation
behaviour research. Remote Sensing in Ecology and Conservation, 3, 109-122.

26



515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557

558
559
560
561
562
563

Chen, W., & Shah, T. (2021). Exploring Low-light Object Detection Techniques. arXiv preprint
arXiv:2107.14382.

Christin, S., Hervet, E. & Lecomte, N. (2019) Applications for deep learning in ecology. Methods in
Ecology and Evolution, 10, 1632-1644.

Cobo, M.J., Lopez-Herrera, A.G., Herrera-Viedma, E. & Herrera, F. (2011) Science Mapping
Software Tools: Review, Analysis, and Cooperative Study Among Tools. Journal of the
American Society for Information Science and Technology, 62, 1382-1402.

Donaldson, M.R., Burnett, N.J., Braun, D.C., Suski, C.D., Hinch, S.G., Cooke, S.J. & Kerr, J.T.
(2016) Taxonomic bias and international biodiversity conservation research. Facets, 1, 105-
113.

du Sert, N.P., Hurst, V., Ahluwalia, A., Alam, S., Avey, M.T., Baker, M., Browne, W.J., Clark, A.,
Cuthill, I.C., Dirnagl, U., Emerson, M., Garner, P., Holgate, S.T., Howells, D.W., Karp,
N.A., Lazic, S.E., Lidster, K., MacCallum, C.J., Macleod, M., Pearl, E.J., Petersen, O.H.,
Rawle, F., Reynolds, P., Rooney, K., Sena, E.S., Silberberg, S.D., Steckler, T. & Wurbel, H.
(2020) The ARRIVE guidelines 2.0: Updated guidelines for reporting animal research. PLoS
Biology, 18.

Duporge, 1., Isupova, O., Reece, S., Macdonald, D.W. & Wang, T.J. (2021) Using very-high-
resolution satellite imagery and deep learning to detect and count African elephants in
heterogeneous landscapes. Remote Sensing in Ecology and Conservation, 7, 369-381.

Emer, C., Galetti, M., Pizo, M.A., Jordano, P. & Verdu, M. (2019) Defaunation precipitates the
extinction of evolutionarily distinct interactions in the Anthropocene. Science Advances, 5.

Guirado, E., Tabik, S., Rivas, M.L., Alcaraz-Segura, D. & Herrera, F. (2019) Whale counting in
satellite and aerial images with deep learning. Scientific Reports, 9.

Gomez, J., Gordo, O. & Minias, P. (2021) Egg recognition: The importance of quantifying multiple
repeatable features as visual identity signals. Plos One, 16, €0248021.

Guyatt, G.H., Oxman, A.D., Kunz, R., Atkins, D., Brozek, J., Vist, G., Alderson, P., Glasziou, P.,
Falck-Ytter, Y. & Schunemann, H.J. (2011) GRADE guidelines: 2. Framing the question
and deciding on important outcomes. Journal of Clinical Epidemiology, 64, 395-400.

Haddaway, N.R., Bernes, C., Jonsson, B.G. & Hedlund, K. (2016) The benefits of systematic
mapping to evidence-based environmental management. Ambio, 45, 613-620.

Haddaway, N.R., Macura, B., Whaley, P. & Pullin, A.S. (2018) ROSES RepOrting standards for
Systematic Evidence Syntheses: pro forma, flow-diagram and descriptive summary of the
plan and conduct of environmental systematic reviews and systematic maps. Environmental
Evidence, 7.

Hoye, T.T., Arje, J., Bjerge, K., Hansen, O.L.P., losifidis, A., Leese, F., Mann, H.M.R., Meissner,
K., Melvad, C. & Raitoharju, J. (2021) Deep learning and computer vision will transform
entomology. Proceedings of the National Academy of Sciences of the United States of
America, 118.

Koh, L.P. & Wich, S.A. (2012) Dawn of drone ecology: low-cost autonomous aerial vehicles for
conservation. Tropical Conservation Science, 5, 121-132.

Lagisz, M.,& Nakagawa, S. (2023). Data, statistical scripts, command lines and simulation code.
mlagisz/SM_machine learning_animals: first release updated (v1.0.1). Zenodo.
https://doi.org/10.5281/zenodo.7502948

Lagisz, M., Vasilakopoulou, K., Bridge, C., Santamouris, M. & Nakagawa, S. (2022) Rapid
systematic reviews for synthesizing research on built environment. Environmental
Development, 43, ARTN 100730.

Lamba, A., Cassey, P., Segaran, R.R. & Koh, L.P. (2019) Deep learning for environmental
conservation. Current Biology, 29, R977-R982.

LeCun, Y., Bengio, Y. & Hinton, G. (2015) Deep learning. Nature, 521, 436-444.

27



564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615

Liu, Y., Sun, P., Wergeles, N., & Shang, Y. (2021). A survey and performance evaluation of deep
learning methods for small object detection. Expert Systems with Applications, 172,
114602.

Loos, A., Weigel, C. & Koehler, M. (2018) Towards Automatic Detection of Animals in Camera-
Trap Images. 2018 26th European Signal Processing Conference (Eusipco), 1805-1809.

Mcculloch, W.S. & Pitts, W. (1990) A Logical Calculus of the Ideas Immanent in Nervous Activity
(Reprinted from Bulletin of Mathematical Biophysics, Vol 5, Pg 115-133, 1943). Bulletin of
Mathematical Biology, 52,99-115.

Meek, P.e., Fleming, P.e., Ballard, G.e., Banks, P.e., Claridge, A.W.e., Sanderson, J.e. & Swann,
D.e. (2014) Camera trapping : wildlife management and research.

Michonneau, F., Brown, J.W. & Winter, D.J. (2016) rotl: an R package to interact with the Open
Tree of Life data. Methods in Ecology and Evolution, 7, 1476-1481.

Miralles, A., Raymond, M. & Lecointre, G. (2019) Empathy and compassion toward other species
decrease with evolutionary divergence time. Scientific Reports, 9.

Mo, J., Frank, E. & Vetrova, V. (2017) Large-scale automatic species identification. Australasian
Joint Conference on Artificial Intelligence, pp. 301-312. Springer.

Morgan, R.L., Whaley, P., Thayer, K.A. & Schunemann, H.J. (2018) Identifying the PECO: A
framework for formulating good questions to explore the association of environmental and
other exposures with health outcomes. Environment International, 121, 1027-1031.

Nacchia, M., Fruggiero, F., Lambiase, A. & Bruton, K. (2021) A Systematic Mapping of the
Advancing Use of Machine Learning Techniques for Predictive Maintenance in the
Manufacturing Sector. Applied Sciences-Basel, 11.

Nakagawa, S., Samarasinghe, G., Haddaway, N.R., Westgate, M.J., O'Dea, R.E., Noble, D.W.A. &
Lagisz, M. (2019) Research Weaving: Visualizing the Future of Research Synthesis. Trends
in Ecology & Evolution, 34, 224-238.

Nazir, S. & Kaleem, M. (2021) Advances in image acquisition and processing technologies
transforming animal ecological studies. Ecological Informatics, 61.

Norouzzadeh, M.S., Nguyen, A., Kosmala, M., Swanson, A., Palmer, M.S., Packer, C. & Clune, J.
(2018) Automatically identifying, counting, and describing wild animals in camera-trap
images with deep learning. Proceedings of the National Academy of Sciences of the United
States of America, 115, E5716-E5725.

Ouzzani, M., Hammady, H., Fedorowicz, Z. & Elmagarmid, A. (2016) Rayyan-a web and mobile
app for systematic reviews. Systematic Reviews, 5.

Page, M.J., McKenzie, J.E., Bossuyt, P.M., Boutron, 1., Hoffmann, T.C., Mulrow, C.D., Shamseer,
L., Tetzlaff, J.M., Akl, E.A., Brennan, S.E., Chou, R., Glanville, J., Grimshaw, J.M.,
Hrobjartsson, A., Lalu, M.M., Li, T.J., Loder, E.-W., Mayo-Wilson, E., McDonald, S.,
McGuinness, L.A., Stewart, L.A., Thomas, J., Tricco, A.C., Welch, V.A., Whiting, P. &
Moher, D. (2021) The PRISMA 2020 statement: An updated guideline for reporting
systematic reviews. Plos Medicine, 18.

Picek, L., Durso, A., De Castafieda, R.R. & Bolon, I. (2021) Overview of SnakeCLEF 2021:
Automatic snake species identification with country-level focus. Working Notes of CLEF.

Prosser, R.S., Deeth, L.E., Humeniuk, B.W., Jeyabalan, T. & Hanson, M.L. (2021) Taxonomic
Chauvinism in Pesticide Ecotoxicology. Environmental Toxicology and Chemistry, 40,
3223-3225.

Ragib, K.M., Shithi, R.T., Haq, S.A., Hasan, M., Sakib, K.M. & Farah, T. (2020) PakhiChini:
Automatic Bird Species Identification Using Deep Learning. Proceedings of the 2020
Fourth World Conference on Smart Trends in Systems, Security and Sustainability (Worlds4
2020), 1-6.

Rey, N., Volpi, M., Joost, S. & Tuia, D. (2017) Detecting animals in African Savanna with UAV's
and the crowds. Remote Sensing of Environment, 200, 341-351.

Rosenthal, M.F., Gertler, M., Hamilton, A.D., Prasad, S. & Andrade, M.C.B. (2017) Taxonomic
bias in animal behaviour publications. Animal Behaviour, 127, 83-89.

28



616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667

Sayed, G.I., Hassanien, A.E., Gamal, A. & Ella, H.A. (2018) An Automated Fish Species
Identification System Based on Crow Search Algorithm. International Conference on
Advanced Machine Learning Technologies and Applications (Amlta2018), 723, 112-123.

Schunemann, H.J. & Moja, L. (2015) Reviews: Rapid! Rapid! Rapid! ...and systematic. Systematic
Reviews, 4, Artn 4.

South, A. (2011) rworldmap: A New R package for Mapping Global Data. R Journal, 3, 35-43.

Sun, X., Zhou, X.B., Yu, Y. & Liu, H.H. (2018) Exploring reporting quality of systematic reviews
and Meta-analyses on nursing interventions in patients with Alzheimer's disease before and
after PRISMA introduction. Bmc Medical Research Methodology, 18.

Tabak, M.A., Norouzzadeh, M.S., Wolfson, D.W., Sweeney, S.J., Vercauteren, K.C., Snow, N.P.,
Halseth, J.M., Di Salvo, P.A., Lewis, J.S., White, M.D., Teton, B., Beasley, J.C.,
Schlichting, P.E., Boughton, R.K., Wight, B., Newkirk, E.S., Ivan, J.S., Odell, E.A., Brook,
R.K., Lukacs, P.M., Moeller, A.K., Mandeville, E.G., Clune, J. & Miller, R.S. (2019)
Machine learning to classify animal species in camera trap images: Applications in ecology.
Methods in Ecology and Evolution, 10, 585-590.

Tam, J., Lagisz, M., Cornwell, W. & Nakagawa, S. (2021) Quantifying research interests in 7,521
mammalian species with h-index: a case study.

Team, R.C. (2022) R: A language and environment for statistical computing.

Trisos, C.H., Auerbach, J. & Katti, M. (2021) Decoloniality and anti-oppressive practices for a
more ethical ecology. Nature Ecology & Evolution, 5, 1205-1212.

Troudet, J., Grandcolas, P., Blin, A., Vignes-Lebbe, R. & Legendre, F. (2017) Taxonomic bias in
biodiversity data and societal preferences. Scientific Reports, 7.

Tuia, D., Kellenberger, B., Beery, S., Costelloe, B.R., Zuffi, S., Risse, B., Mathis, A., Mathis,
M.W., van Langevelde, F., Burghardt, T., Kays, R., Klinck, H., Wikelski, M., Couzin, [.D.,
van Horn, G., Crofoot, M.C., Stewart, C.V. & Berger-Wolf, T. (2022) Perspectives in
machine learning for wildlife conservation. Nature Communications, 13, 792.

Turvey, S.T. & Crees, J.J. (2019) Extinction in the Anthropocene. Current Biology, 29, R982-R986.

Villa, A.G., Salazar, A. & Vargas, F. (2017) Towards automatic wild animal monitoring:
Identification of animal species in camera-trap images using very deep convolutional neural
networks. Ecological Informatics, 41, 24-32.

Webb, S. (2018) Deep Learning for Biology. Nature, 554, 555-557.

Weinstein, B.G. (2018) A computer vision for animal ecology. Journal of Animal Ecology, 87, 533-
545.

Wickham, H. (2016) ggplot2 : Elegant Graphics for Data Analysis. Use R/, , pp. 1 online resource
(XVI, 260 pages 232 illustrations, 140 illustrations in color. Springer International
Publishing : Imprint: Springer,, Cham.

Wilkinson, M.D., Dumontier, M., Aalbersberg, 1.J., Appleton, G., Axton, M., Baak, A., Blomberg,
N., Boiten, J.W., Santos, L.B.D., Bourne, P.E., Bouwman, J., Brookes, A.J., Clark, T.,
Crosas, M., Dillo, 1., Dumon, O., Edmunds, S., Evelo, C.T., Finkers, R., Gonzalez-Beltran,
A., Gray, A.J.G., Groth, P., Goble, C., Grethe, J.S., Heringa, J., Hoen, P.A.C., Hooft, R.,
Kuhn, T., Kok, R., Kok, J., Lusher, S.J., Martone, M.E., Mons, A., Packer, A.L., Persson,
B., Rocca-Serra, P., Roos, M., van Schaik, R., Sansone, S.A., Schultes, E., Sengstag, T.,
Slater, T., Strawn, G., Swertz, M.A., Thompson, M., van der Lei, J., van Mulligen, E.,
Velterop, J., Waagmeester, A., Wittenburg, P., Wolstencroft, K., Zhao, J. & Mons, B.
(2019) The FAIR Guiding Principles for scientific data management and stewardship (vol
15, 160018, 2016). Scientific Data, 6.

Willi, M., Pitman, R.T., Cardoso, A.W., Locke, C., Swanson, A., Boyer, A., Veldthuis, M. &
Fortson, L. (2019) Identifying animal species in camera trap images using deep learning and
citizen science. Methods in Ecology and Evolution, 10, 80-91.

Williams, H.M. & DeLeon, R.L. (2019) Deep learning analysis of nest camera video recordings
reveals temperature-sensitive incubation behavior in the purple martin (Progne subis).
Behavioral Ecology and Sociobiology, 74.

29



668
669
670
671
672
673
674

675

Wyner, Y. & DeSalle, R. (2020) Distinguishing Extinction and Natural Selection in the
Anthropocene: Preventing the Panda Paradox through Practical Education Measures We
Must Rethink Evolution Teaching to Prevent Misuse of Natural Selection to Biologically
Justify Today's Human Caused Mass Extinction Crisis. Bioessays, 42.

Zhao, L.C., Pedersen, M., Hardeberg, J.Y. & Dervo, B. (2019) Image-Based Recognition of
Individual Trouts in the Wild. 2019 8th European Workshop on Visual Information
Processing (Euvip 2019), 82-87.

30



