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Abstract
While the technologies of the Information Age have produced staggering amounts of data about people, they are by and large failing
the world’s wildlife. Even the simplest and most critical piece of
information, the number of animals of a species, is either unknown
or is uncertain for most species. Here, we propose to use images
of wildlife posted on social media platforms, together with animal
recognition software and mark-recapture models, to estimate population sizes. We show that population size estimates from social
media photographs of animals can produce robust results, yet more
work is needed to understand biases inherent in the approach.
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Introduction

Of the 8.7 Million terrestrial species which are estimated to exist
on earth, humans have discovered and described a mere 14% [17].
The International Union for Conservation of Nature (IUCN) Red
List of Threatened Species™[23] is an internationally recognized
official body for tracking conservation status of species across the
world [25]. IUCN currently maintains and tracks conservation
status of over 79,000 species. Of those, over 23,000 species are
threatened with extinction [13, 25]. The Living Planet report, the
most comprehensive effort to track the population dynamics of
species around the world, includes 10,300 populations of just 3,000
species [10]. Such scarce data make it exceptionally difficult to
assess some of the most pressing problems in conservation - how
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healthy are wildlife populations, and are our conservation management actions having a positive effect? Answering those questions
is impossible without leveraging computational tools - the operational and financial burdens of large scale censuses sharply limit
their use. Today, one of the most abundant sources of information
about wildlife are images, taken by scientists, trail cameras, field
assistants, tourists, and opportunistic photographers. The latter
two image sources are available only if the photographs are shared,
directly with the scientists or publicly with the world. A promising
solution to tracking wildlife populations at large spatio-temporal
scales is to turn to an opportunistic form of citizen science: mining
publicly available social media photos of animals.
The current era is marked by extensive use and influence of
social media platforms in our day-to-day lives. The proportion
of total world population active on social media has seen a sharp
rise in the past five years and is likely to rise up to 2.67 billion by
the year 2018 [8]. One of the primary activities on social media
is sharing images; over 3 billion images are uploaded and shared
on various social networks every day [14]. While most of those
images do not pertain to wildlife, the amount that do still dwarfs the
information available from standard scientific surveys. However,
combining these new sources of data with traditional population
and range models is not straight-forward. In this paper, we discuss
how accurately can we estimate population of Grevy’s zebra (Equus
grevyi) from images that are scraped from Flickr1 and demonstrate a
proof of concept approach for using social media images for wildlife
population estimates.

2
2.1

Methods
Estimating population of wildlife species

A standard method of estimating population of a wildlife species
is using the Mark-Recapture approach [6, 22, 24]. Typically, it
proceeds in two stages. First, some number of animals are captured
and these animals are marked with some kind of unique identifiable
marking. At the second stage, considered to be independent of the
first, another set of animals from the same population is captured
and of those some already have been marked in the first stage.
The simplest mark-recapture approach assumes that the ratio of
animals with initial markings to the number of animals captured
in the second sample has to be proportional to number of animals
1 https://www.flickr.com
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captured in the first sample to the actual population of the species.
Thus, let n be the number of individuals captured during the first
stage (capture), K be the number of individuals captured during the
second stage, and k be the number of individuals with the unique
marking from first stage that were captured in the second stage (i.e.,
the animals that were re-captured). Then the estimated population
size, Nest , is computed using the simple ratio formula known as
the Lincoln Petersen estimator [20].
Kn
Nest =
.
k
There are several major assumptions that this method makes.
First, that every animal has an equal probability of being captured [15], that the sampling strategy is the same in the first and
second stages and they are independent of each other, and, finally,
that there are no new animals joining or animals leaving the population during the sampling period.
Animal population estimation using photographic data can be
done using a very similar approach. The marks and recaptures can
be transformed into sights and re-sights across different pictures [3,
12]. For the extent of our studies, we extend the same sight-resight
model but in a social media setting. All the pictures that are known
to be shared are divided into various time epochs and a population
size can be estimated across any (preferably consecutive) pair of
epochs. This method can be used not only for population size
estimation for a given period but can be used to observe trends and
dynamics of population changes over a longer period of time.
Note, however, that using the simple Lincoln Petersen estimator may not be appropriate as its assumptions may be violated by
the social media image data. It is not guaranteed that the population is closed and, more importantly, that every animal has the
same probability of being photographed (captured). However, more
sophisticated models of mark-recapture, such as Jolly-Seber [15],
require knowledge of more parameters of the sampling process
and the biases herein than we currently possess of the social media
image data. Thus, in absence of this information we use the simplest
method and leave the estimation of the biases of the social media
for future research (see Section 4).
2.2

the HotSpotter algorithm where it is compared to already labelled
annotations in the reference database to determine whether the
animal was previously sighted or not. Previously unseen animals
are assigned a new, unique ID, while previously sighted animals
are reassigned their existing IDs. Access to the photographic detection and identification modules is exposed as REST APIs within
Wildbook™ [21].

3
3.1

Experiment
Grevy’s Zebra

For the purpose of our study we chose the species of the Grevy’s
zebra. The population of Grevy’s zebra in the wild is limited to
only some parts of Kenya and Ethiopia [26]. This gives us a unique
opportunity to estimate global population of a species and, also, the
chance to validate the accuracy of the results since the ground truth
population of Grevy’s zebra is known and is a closed population.
In addition, the stripe pattern on Grevy’s zebra provides the unique
marking which allows HotSpotter to uniquely identify individuals.
The ground truth population size, as well as the images for the
reference database of the existing population of Grevy’s zebra,
come from the massive citizen science event, The Great Grevy’s
Rally [1, 21], which took place in central and northern Kenya in
January 2016. The Great Grevy’s Rally spanned over two days,
about 160 people participated in the rally and over 40,000 images
were captured in the event. Using HotSpotter 1,942 individuals were
uniquely identified and named. The population of Grevy’s zebra
was then calculated using standard Lincoln-Petersen estimator
dividing the animal sights and resights across day 1 and day 2 of
the rally. These estimates are also used as the official population
size estimates by the IUCN Redlist [26].
We use the population estimation stated on the IUCN’s Redlist
as the ground truth population against which our estimates are
compared. The ground truth population as of year 2016 is 2250 ±
93 [26]. The number is from January 2016 and previous population
size estimates indicate higher numbers in years prior to 2014 (albeit
with a much lower confidence level).
3.2

Data

Identifying individual animals using computer vision

A population estimation method for wildlife species requires an
ability to detect and identify individual animals, in our case, in
photographic data. HotSpotter [7] is a fast and accurate algorithm
for identifying individual animals of species with unique markings
on their bodies, from their pictures. HotSpotter algorithm can
identify species such as Grevy’s zebra, Plains zebra, Reticulated
giraffe, Masai giraffe, Humpback Whales (using flukes), Bottlenose
dolphins (using dorsal fins), Iberian lynx, Giant sea bass, Geometric
tortoises, Hawksbill sea turtles, Giant mantas, Ragged tooth nurse
sharks, and many others.
Wildbook™ [29] is an open source (GPL v2) software system that
starts with images of animals and connects the image analysis with
a data-management layer to enable queries about animals. Wildbook™ provides an interface for citizen scientists to report their
sightings of animals and upload animal images. These images are
passed through a detection algorithm where species of the animal,
a bounding box of where the animal is located in the picture, and
other aspects are determined. Every detection is assigned a unique
annotation ID. Every annotation in an image is then passed through

Figure 1. Snapshot of images results returned by searching using
the search term “zebra” on www.flickr.com
Using Flickr’s image search API’s [9], we scraped publicly shared
images that were tagged as “zebra”. These images were then uploaded to the HotSpotter instance and then detections and identifications were performed on these images. Out of all the images that
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were obtained, we used the images that had at least one Grevy’s
zebra in it and then used those images to estimate the population
size of the species. Thus, 1,701 images taken between 2004—2015
were scraped from Flickr. Both Plains zebra and Grevy’s zebra images were found in this sample. A total of 2,047 annotations were
detected and 1,080 unique individuals were identified and named.
For the images scraped from Flickr, we also extract spatio-temporal
information about every image, i.e. when and where each image
was taken. Only images of wild Grevy’s zebras (not zoo) taken
in Kenya were used for analysis. The images were then divided
into sets on the basis of the year in which the image was taken.
Table 1 summarizes the images that were obtained from scraping
the publicly shared albums on Flickr.
Search query
zebra
Number of images
1701
Number of annotations 2047
Species detected
Grevy’s zebra, Plains zebra
Individuals identified
1080
Date range
2004-2015
Table 1. Search query, total number of images, annotations, species
detected and individuals identified from the images scraped from
Flickr.

The population was then estimated using Lincoln-Petersen estimator by assigning the images taken in a particular year as marks
and the images taken on the subsequent year as recaptures. This
process is then repeated for all the years starting from 2004 to 2015.
3.3

Analysis details

Population estimate of Grevy’s zebra does not take into account
animals in zoos. This is primarily because of the higher likelihood
of zoo animals to be photographed in comparison to the animals
in the wild. A higher likelihood of capture means a higher recapture rate. A higher recapture rate in the mark-recapture model
indicates lower population size. Thus, inclusion of zoo animals in
the corpus of images used for population estimation will lead to
an underestimate of the population size. Therefore we removed all
images of zoo animals from the corpus.
Let P be the ground truth population, P̂ be the estimated population and ϵ be the percent estimation error or simply, error. We
assume the value of P to be equal to the upper limit of known
ground truth population to simplify our calculations. We then compute the error in population estimate ϵ using the below formula.
ϵ=
3.4

P̂ − P
× 100.
P

Results

We computed population size estimates from Flickr images from
years 2004—2015, using sight-resight estimates on pairs of consecutive years. Table 2 summarizes the results and the error against
the Januray 2016 population size estimate. In the years 2014 and
2015, the estimate is very accurate, with 3.8 and 0.9 percent error,
respectively. The population of the Grevy’s zebra is considered to
have been roughly stable over the last 10 years [26].
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Sight year Resight Year Population Estimate Error
2004
2005
No resights
N/A
2005
2006
No resights
N/A
2006
2007
2035
-9.5%
2007
2008
1842
-18.13%
2008
2009
1521
-32.4%
2009
2010
2782
23.64%
2010
2011
6580
192.4%
2011
2012
3624
61.1%
2012
2013
4447
97.6%
2013
2014
2336
3.8%
2014
2015
2272
0.9%
Table 2. Population size estimates calculated annually using simple
sight-resight model for Grevy’s zebra using Flickr images.

4

Discussion and Future Work

The results of our experiment and analysis, as summarized in Table 2, provide evidence that population estimation from social media
images is a viable and reasonable approach. While there are errors
in some years, we have a good estimate from the pictures that were
taken in the years 2014 and 2015 and the estimates for prior years
may, too, be accurate when compared to the actual population
numbers in those years. The census event for Grevy’s zebra took
place in the January of year 2016, thus giving us a good benchmark
against which we can compare our estimates for the years 2014 and
2015.
The next steps in our research involves repeating the experiments
and estimating population of more species. In principle, for every
species that can be detected and identified using Wildbook™ image
analysis tools, we can estimate the population of that species using
images from social media. While Flickr has been an important
source for all publicly shared images, we are currently extracting
images from Bing and exploring options to scrape images from
other social media platforms such as Twitter, Facebook, and others.
While estimating population of a species from social media directly, we completely neglected bias in any form that influences the
type of image samples we scraped from the Flickr database. There
are multiple biases that influences the final outcome of estimating
population of a certain species from images that are obtained from
social media. Some of the most prominent biases which influence
the data we obtain from social media are outlined in Figure 2. There
are several layers of biases, accumulating in the resulting bias of
estimating animal population properties from images. First, there
are biases in the types of animals that people typically photograph
in sufficient numbers in the first place. These may be charismatic
or endangered species, or simply the ones easily observed. Second,
there are biases in what images people take versus which ones
they decide to share publicly on social media. These range from
the Hawthorne Effect [2, 19, 27, 28] of changing behavior when
knowing to be observed, to biases introduced by the demographics
of the person sharing [4, 19] and the choice of the social media
platform [5, 11, 18]. There are biases of our notions of beauty and
aesthetics and cultural differences. Any mark-recapture model used
to estimate the population size makes many assumptions and introduces its own biases. The fundamental question, however, is: Do
any of these actually affect the estimates of the population size and
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Figure 2. High level schematic representation of the problem of population estimation of wildlife species using images from social media,
its challenges and biases in play.
other parameters and if so, how? Menon has begun to answering
this question [16] but a lot of work remains to be done.
Once we find out a way to quantify some of these biases and
investigate the effects of biases on a particular species of animals,
we can build an accurate population estimator and adjust the results
of the estimator for the known biases. Moreover, social media data
can serve as an augmenting source to more traditional data sources
or provide the first baseline where none exists.
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