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1  | INTRODUCTION

Over the course of just a few years, deep learning, a branch of ma-
chine learning, has permeated into various science disciplines and 
everyday tasks. This artificial intelligence discipline has become 
increasingly popular thanks to its high flexibility and performance. 
Deep learning algorithms became popular in 2012 when they broke 
accuracy records in image classification (Krizhevsky, Sutskever, & 
Hinton, 2012) and speech recognition (Hinton et al., 2012). Since 
then, this technology has expanded rapidly, revolutionizing the way 

we use computer power to automatically detect specific features in 
data and to perform tasks such as classification, clustering or predic-
tion (Olden, Lawler, & Poff, 2008). Applications for these tools now 
span scientific and technological fields as varied as medicine (e.g. 
Shen, Wu, & Suk, 2017), bioinformatics (e.g. Min, Lee, & Yoon, 2017) 
but also finance (e.g. Heaton, Witte, & Polson, 2016), or even video 
games (e.g. Lample & Chaplot, 2017).

Considering the complexity of ecological data and the ever-grow-
ing size of ecological datasets, a phenomenon recently amplified by 
the widespread use of automatic recorders (Rovero, Zimmermann, 
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Abstract
1. A lot of hype has recently been generated around deep learning, a novel group 

of artificial intelligence approaches able to break accuracy records in pattern rec-
ognition. Over the course of just a few years, deep learning has revolutionized 
several research fields such as bioinformatics and medicine with its flexibility and 
ability to process large and complex datasets. As ecological datasets are becoming 
larger and more complex, we believe these methods can be useful to ecologists as 
well.

2. In this paper, we review existing implementations and show that deep learning 
has been used successfully to identify species, classify animal behaviour and esti-
mate biodiversity in large datasets like camera-trap images, audio recordings and 
videos. We demonstrate that deep learning can be beneficial to most ecological 
disciplines, including applied contexts, such as management and conservation.

3. We also identify common questions about how and when to use deep learning, 
such as what are the steps required to create a deep learning network, which tools 
are available to help, and what are the requirements in terms of data and computer 
power. We provide guidelines, recommendations and useful resources, including a 
reference flowchart to help ecologists get started with deep learning.

4. We argue that at a time when automatic monitoring of populations and eco-
systems generates a vast amount of data that cannot be effectively processed 
by humans anymore, deep learning could become a powerful reference tool for 
ecologists.
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The ability to auto-detect features in complex, highly dimen-
sional data, with high predictive accuracy is what led to the fast ex-
pansion and ubiquity of deep learning methods (LeCun et al., 2015). 
And research at numerous levels in ecology (from individual to meta-
ecosystem scales) often furnishes the highly dimensional datasets 
with which deep learning is especially accurate and efficient.

In practice, there are multiple ways to achieve these results, with 
different deep learning architectures available (Box 1). Among them, 
the most widely used is the convolutional neural network (CNN), the 
architecture that helped popularize deep learning due to its perfor-
mance in image classification (Krizhevsky et al., 2012). However, as 
numerous implementations have emerged (Chollet, 2016; He, Zhang, 
Ren, & Sun, 2016; Simonyan & Zisserman, 2014), and because better 
performance can usually be obtained by adapting the implementa-
tion to the problem to solve (Wäldchen & Mäder, 2018), the inner 
workings of each tool go beyond the scope of this review.

3  | OVERVIEW OF APPLICATIONS IN 
ECOLOGY

To identify areas where deep learning could be beneficial to ecolo-
gists, we performed a review of articles that use deep learning meth-
ods for ecological studies or that describe methods that could be 
used in ecological studies such as animal or plant identification or 
behavioural detection.

3.1 | Review method

On December 13th, 2018, we interrogated four search engines—
Web of Science, Science Direct, arxiv.org and bioRxiv—with the fol-
lowing keywords: (a) ‘deep learning’ AND algorithm; (b) ‘deep neural 
network’; (c) ‘convolutional neural network’; and (d) ‘recurrent neural 

F I G U R E  1   Architecture of common deep neural networks. (a) Feedforward networks are unidirectional, from the input layer to the 
output layer and through hidden layers. Deep feedforward networks usually have at least three layers. (b) Simple recurrent neural networks 
get input from previous time steps and can be unfolded into feedforward networks

(a) (b)

F I G U R E  2   Repartition of deep learning 
implementations in ecology by year and 
architecture. Implementations were 
grouped in five categories: convolutional 
neural networks (CNN), recurrent neural 
networks (RNN) and unsupervised 
methods. The ‘Other’ category includes 
studies where classification of the type of 
algorithm was either difficult to identify 
or undisclosed. N/A includes studies that 
deal with but do not implement deep 
learning methods. Note that one study 
(Taghavi Namin, Esmaeilzadeh, Najafi, 
Brown, & Borevitz, 2018) was counted 
twice as it implemented a combination of 
CNN and RNN. The list of selected papers 
used (n = 87) to reproduce the figure can 
be found in supporting information 1
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network’ (see Box 1 for more information on deep learning imple-
mentations). When available, we restricted our search to categories 
relevant to ecology, otherwise we added ‘ecology’ to the search 
terms. To obtain the most up-to-date information, we included pre-
prints since deep learning is still very recent and the publishing pro-
cess can be long. We obtained 127 unique papers, 64 of which were 
deemed irrelevant and 24 were added after looking through the 
references. Overall, we therefore used 87 papers. The dominant im-
plementation was CNNs (n = 64) used for image processing (n = 59) 
(Figure 2). Other popular uses include sound processing (n = 10) or 
modelling (n = 11).

The vast majority of the selected papers (n = 69, 78%) were pub-
lished in 2017 or after, showing the recent surge in interest for the 

method (Figure 2). Four papers available online were already planned 
for publication in 2019 at the time of the literature search.

Deep learning methods have already obtained good results in 
a wide range of applications (Figure 3). The next sections provide 
examples of ecological disciplines that can benefit from such tools.

3.1.1 | Identification and classification

With the advent of automatic monitoring, ecologists are now able 
to accumulate a large amount of data in a short amount of time. 
Data can be gathered from devices such as camera traps, sound re-
corders, smartphones or even drones (Gray et al., 2019; Knight et 
al., 2017; Wäldchen & Mäder, 2018). However, extracting relevant 

F I G U R E  3   Overview of deep learning applications in ecology depending on the study scale. Symbols courtesy of the Integration and 
Application Network, University of Maryland Center for Environmental Science (ian.umces.edu/symbo ls/). The numbers in brackets refer to 
references as provided in supporting information 1
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Automatitzar la identificació
o per a futurs estudis

o per ajudar a la monitorització de la 
distribució geogràfica 

o per entendre la seva diferenciació

Qui soc?

Catarina Pinho
Universidade do Porto
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2 fotografies

Keras with TensorFLow; InceptionV3, ResNet50, InceptionResNetV2
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PRECISIÓ DE LA CLASSIFICACIÓ

DORSAL CAP LATERAL ENSEMBLE

MASCLES 85.3% 
(InceptionResNetV2)

88.6% (Ensemble)

84.0% (InceptionResNetV2)

87.6% (Ensemble)

93.5% (6 models)

90.7% (2 best)

FEMELLES 81.9% 
(InceptionResNetV2)

85.4% (Ensemble)

80.4% (InceptionV3)

83.0% (Ensemble)

91.2% (6 models)

88.6% (2 best)
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o per a futurs estudis
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o per entendre la seva diferenciació

o funciona igual o millor que els mètodes 
tradicionals d’identificació

o es podria fer disponible al públic

o la informació que donen aquest tipus d’algoritmes 
no és interpretable en un marc evolutiu

✓

✓
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Katerina Sioumpoura

Que faig?

Classificar dades de accelerometria
en activitat / inactivitat
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Brown et al. (2013) Anim. Biotelemetry, 1:20.

Quan considerem que els animals 
son immòbils?

clustering no supervisat (CLARA)

1 posició / 0.1sec
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Albert Miralles Carreras 
& Joan Lluis Pretus
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o donar una eina de control a les 
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Qui soc?
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Substituir els mètodes tradicionals de inspecció metabòlica

EINES TRADICIONALS EINES NOVEDOSES
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inspecció de riquesa i abundància (1x1m) 

caracterització ecofisiològica

fotografies multiespectrals

eines de regressió avançada + deep learning

✓
les noves eines permeten ampliar la 
resolució espacio-temporal de la informació

Disturbio físico (llaurar) Disturbio químico (fertilitzant) Sequera
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Explicar la coloració a partir de imatges RGB
distribució nativa

Perquè soc 
vermell?
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quantificació en el laboratori de la pigmentació (betalaïnes)

aprox. 4000 fotografies en diferents posicions

reproductius i no-reproductius

Gradient Boosting
Position 1 Position 4 Position 1 Position 4

Non-reproductive Reproductive

R2 = 0.732 ± 0.02
RMSE = 0.441 ± 0.01
N = 546 
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TOP 15 features importance

RGB Huea*

o molt eficient en la predicció

o molt més econòmic

o relacionat amb la senescència

5 SIGNIFICAT DE LA COLORACIÓ EN UNA ESPÈCIE INVASORA

✓



L’ESTUDI - FUTUR

o scale-up a drones

o per poder identificar l’espècie i 
monitoritzar el seu estat

5 SIGNIFICAT DE LA COLORACIÓ EN UNA ESPÈCIE INVASORA
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Preveure la distribució de una espècie

Entendre els factors que afavoreixen la seva invasió

On soc?
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→ RANDOM FOREST



OVERVIEW: PROS I CONS DE LA IA PER A ESTUDIS DE LA BIODIVERSITAT

o perquè siguin útils, s’ha de fer un disseny integral

o l’accessibilitat dels resultats depèn de la transparència de l’algoritme

o molt útils per recollir i processar big data

o encara falta camí per poder fer interpretacions ecològiques i evolutives


