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	 Abstract:	 Climate	change	is	affecting	ecosystems	across	the	globe,	and	shifts	in	the	timing	of	life	
hisClimate	change	is	affecting	ecosystems	across	the	globe,	and	shifts	in	the	timing	of	
life history events is one widely observed response. Species rely on temporal overlap with 
their resources, and phenological shifts may decouple interactions between interdepend-
ent species such as plants and pollinators. However, the relationship between phenology 
and	climate	change	is	complex	and	to	improve	our	understanding,	we	need	efficient	and	
reliable monitoring tools. This thesis provides insights into novel methods for studying plant-
pollinator interactions based on computer vision and deep learning. Among the results, I 
demonstrate	that	monitoring	of	individual-level	flower	phenology	can	be	automated	with	
time-lapse	cameras,	deep	learning-based	detection	and	counting	of	flowers,	and	algorith-
mic	tracking	of	individual	flowers	through	time.	I	show	that	image-based	monitoring	can	
capture	frequencies	of	insect	visits	to	individual	flowers,	in	a	study	that	couple	deep	learn-
ing	and	citizen	science	to	examine	several	millions	of	flower	images	for	insect	visitors.	My	
results demonstrate that methods based on computer vision and deep learning can return 
fine-grained	information	on	plants,	pollinators,	and	their	interactions.	Such	data	is	vital	if	
we are to understand the drivers of phenology and the sensitivity of plant-pollinator inter-
actions to environmental change.
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Preface

This thesis concludes a three year PhD project at Aarhus University. It includes six 
manuscripts (hereafter referred to as papers). Three papers were produced with 
the	undersigned	as	 first	 author,	 of	which	one	 is	published	and	 two	are	 submit-
ted. These are results of my work with data generated with time-lapse cameras 
at several Arctic locations. The three remaining papers were produced with the 
undersigned as co-author (two are published and one is in review). Preceding the 
papers	is	a	general	introduction	that	first	provides	a	brief	theoretical	description	of	
deep learning. Following is a review of common technology for ecological moni-
toring and the applications of deep learning in this regard. Finally, the observed 
effects	of	climate	change	on	the	phenology	of	species	is	reviewed	with	a	focus	
on plants and pollinators, and the particular relevance of automated monitoring 
in this context is discussed. The introduction relates each paper of the thesis to this 
context.

In accordance with Graduate School of Technical Sciences (GSTS) rules, parts of 
this thesis were also used in the progress report for the qualifying examination.

Hjalte M. R. Mann’s contributions to each paper is outlined below.

Paper I Mann contributed to all parts of the manuscript. Mann took part in research 
design	and	conceptualization	of	the	paper,	in	fieldwork	and	data	collection,	per-
formed all work regarding deep learning, performed all data analyses and visuali-
zations, and led the writing of the manuscript.

Paper II Mann contributed to all parts of the manuscript. Mann took part in research 
design	and	conceptualization	of	the	paper,	designed	and	developed	the	flower	
tracking algorithm and produced all code for the study, performed all data analy-
ses and visualizations, and led the writing of the manuscript.

Paper III Mann contributed to all parts of the manuscript. Mann took part in re-
search design and conceptualization of the paper, setting up and maintaining the 
citizen science project, produced all code for the study, performed all data analy-
ses and visualizations, and led the writing of the manuscript.

Paper IV Mann contributed to the literature review, production of visualizations, 
and writing of the manuscript.

Paper V Mann contributed to the writing of the manuscript.

Paper VI Mann contributed to development of the image analysis method and 
writing of the manuscript.
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English summary

With this thesis, I provide insights into the potential of automating ecological moni-
toring by coupling image-based data collection with deep learning and com-
puter vision methods. In particular, my focus has been on the monitoring of plants 
and	pollinators	and	their	interactions.	The	first	three	papers,	I,	II,	and	III,	are	based	
on time-lapse image series of permanent plots containing cushions of Dryas octo-
petala or D. integrifolia at remote Arctic locations. Paper IV is a perspectives paper 
that reviews the potential of deep learning methods within entomology. Paper 
V presents a camera system for insect monitoring tested on urban green roofs in 
Denmark. Paper VI uses image-based monitoring to capture previously neglected 
night-time pollination events of red clover by moths in an alpine grassland in Swit-
zerland.

Climatic	changes	are	affecting	ecosystems	across	 the	globe,	and	phenological	
responses have been widely documented. Phenological shifts have the potential 
to decouple interactions of interdependent species such as plants and pollinators, 
but the relationship between climate change and phenology is complex, and to 
disentangle it requires comprehensive studies. Yet, data for such studies are chal-
lenging to obtain and therefore often limited in spatial and temporal resolution, 
especially	for	remote	Arctic	locations	where	the	effects	of	climate	change	may	be	
drastic. Image-based monitoring allows for automated collection of observational 
data at very high frequency through extended time periods and cameras can be 
installed at sites that are logistically challenging to study with traditional methods. 
However, the challenge of extracting ecological information from vast amounts of 
image data can limit the use of image-based monitoring at extensive temporal 
and spatial resolution. Here, deep learning and computer vision methods may of-
fer a solution for high-throughput, automated image analysis.

Collection	 of	 flower	 phenology	 data	 requires	 continual	 observation	 of	 sample	
plots throughout seasons. The task is laborious and data collection is therefore of-
ten	limited	to	weekly	observations,	which	may	be	insufficient	to	reveal	responses	
to environmental change. In paper I, I demonstrate the use of time-lapse cameras 
for	monitoring	flower	phenology	at	three	sites,	Narsarsuaq	and	Thule,	Greenland	
and	Ny-Ålesund,	Svalbard.	I	find	that	detailed	flower	phenology	information	can	
be derived from image-based monitoring at a temporal resolution exceeding that 
of traditional methods. I present a deep learning model trained to detect Dryas 
flowers,	with	which	detection	and	counting	of	flowers	in	images	can	be	performed	
within	seconds,	ultimately	providing	detailed,	automated	mapping	of	flower	phe-
nology through the growing season.

Detailed	estimates	of	 flower	phenology	are	 important	 for	 our	 understanding	of	
the	effects	of	climate	change	and	the	potential	of	temporal	mismatches	between	
species. However, interactions such as pollination events occur at the level of indi-
viduals, and information at this level is ideally required to investigate the intricate 
dynamics of these interactions and their sensitivity to environmental change. Pa-
per II	explores	 the	potential	of	 tracking	 the	 timing	and	duration	of	flowering	 for	
individual	flowers	in	a	plot.	I	present	a	flower	tracking	algorithm	that	can	reliably	
track	individual	flowers	through	time-lapse	image	series	and	return	estimates	of	
individual	flower	phenology	despite	challenging	conditions.	I	provide	future	direc-
tions	 for	 the	development	and	 implementation	of	 image-based	flower	 tracking	
and discuss how the ability to derive such information can facilitate detailed stud-
ies	on	the	interplay	between	plant	flower	phenology,	insect	pollination,	and	plant	
reproductive success.
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Insect pollination events are ephemeral but may be captured with image-based 
monitoring. But, if automated methods are not readily available, the challenge of 
detecting	insect	visits	to	flowers	within	the	images	remains.	 In	paper III, I couple 
deep	learning	with	citizen	science	and	examine	3.7	million	flower	 instances	for	
insect	visitors.	 I	find	more	 than	3,000	flower	detections	containing	 insects,	and	 I	
demonstrate	how	insect	visits	can	be	mapped	to	individual	flowers.	The	results	re-
veal non-random visitation patterns - both between days and between individual 
flowers	within	plots.

In the light of recent reports of dramatic insect declines, this vastly diverse and 
mostly	undescribed	group	of	species	deserves	scientific	focus.	Paper IV is a per-
spectives paper where we review the immense potential of deep learning and 
computer	 vision	methods	within	entomology.	We	offer	 insights	 into	 recent	 suc-
cessful applications of deep learning that outperform traditional methods of study-
ing insects and discuss the challenges that we are to overcome to realize the full 
potential of these methods in entomology.

A	particular	benefit	of	image-based	monitoring	methods	is	the	possibility	of	con-
tinuous observation through day and night and across seasons. In paper V, we 
present an automated camera system for near-surface monitoring of insects. The 
system	 consists	 of	 off-the-shelf	 hardware	 coupled	with	 an	 algorithm	 for	 insect	
tracking	and	 species	 identification	 in	 recorded	 images.	We	present	 results	of	a	
test of the system on urban green roofs and reveal diel variation in visitation fre-
quencies among species. In paper VI, we present the results of a study on red 
clover in alpine grassland in Switzerland using day-and-night time-lapse images. 
We reveal that night-time visits by moths appear to complement daytime pollina-
tion.	We	argue	for	increased	scientific	focus	on	night-time	pollination	of	red	clover,	
which has historically been neglected, and emphasize the suitability of image-
based methods in this regard.
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Dansk resume

I denne afhandling bidrager jeg med ny viden om mulighederne for at automati-
sere overvågning af økologiske systemer ved at koble billedbaseret dataindsam-
ling med deep learning og computer vision. Mit fokus har været på overvågning af 
planter og bestøvere og disses interaktioner. De første tre artikler, I, II og III, er base-
ret på time-lapse billedserier af permanente plots fra arktiske lokaliteter, som inde-
holder blomsterne Dryas octopetala eller D. integrifolia. Artikel IV beskriver poten-
tialet ved deep learning-metoder inden for entomologi. Artikel V præsenterer et 
specialdesignet kamerasystem til insektovervågning, der er testet på grønne byt-
age i Danmark. Artikel VI anvender billedbaseret overvågning til at dokumentere 
natlig bestøvning af rødkløver af natsommerfugle i alpine engområder i Schweiz.

Klimaændringer påvirker økosystemer over hele kloden, og fænologiske reaktio-
ner er veldokumenterede. Fænologiske forskydelser kan potentielt afkoble inter-
aktioner mellem indbyrdes afhængige arter såsom planter og bestøvere, men for-
holdet mellem klimaændringer og fænologi er komplekst og kræver omfattende 
undersøgelser, hvis det skal forstås til fulde. Data til sådanne undersøgelser er imid-
lertid krævende at indsamle og er derfor ofte begrænset i rumlig og tidsmæssig 
omfang, især for fjerntliggende arktiske lokaliteter, hvor virkningerne af klimaæn-
dringer kan være drastiske. Billedbaseret overvågning giver mulighed for automa-
tiseret indsamling af observationsdata med meget høj frekvens gennem længere 
tidsperioder, og kameraer kan installeres på steder, der er logistisk udfordrende at 
studere med traditionelle metoder. Udfordringen med at analysere og udtrække 
økologisk information fra enorme mængder billeddata kan dog i vid udstrækning 
begrænse brugen af billedbaseret overvågning. Her kan automatiseret billedana-
lyse med metoder baseret på deep learning og computer vision være en løsning, 
der kan bruges til at processere de store mængder data.

Indsamling af blomsterfænologiske data kræver kontinuerlig observation af per-
manente plots gennem hele sæsoner. Opgaven er krævende, og dataindsamling 
er derfor ofte begrænset til ugentlige observationer, som kan være utilstrækkelige 
til at opdage reaktioner på ændringer i miljøet. I Artikel I demonstrerer jeg bru-
gen af time-lapse-kameraer til overvågning af blomsterfænologi på tre lokaliteter, 
Narsarsuaq	og	Thule,	Grønland,	og	Ny-Ålesund,	Svalbard.	Jeg	finder,	at	man	med	
billedbaseret overvågning kan dokumentere blomsterfænologi i tidslige opløsnin-
ger,	der	overstiger	hvad	der	kan	opnås	med	traditionelle	metoder.	Jeg	præsente-
rer en deep learning-model, der er trænet til at detektere Dryas-blomster, og som 
på	få	sekunder	kan	finde	og	tælle	blomster	i	billedserier.	Hermed	kan	blomsterfæ-
nologi automatisk kortlægges i høj detaljegrad over hele sæsoner.

Detaljeret kortlægning af blomsterfænologi er vigtige for at udvide vores forstå-
else	af	effekterne	af	klimaændringer	og	potentialet	for	tidsmæssige	forskydninger	
mellem arter. Interaktioner, såsom insektbestøvning af blomster, sker dog mellem 
individer, og for at undersøge den komplekse dynamik af disse interaktioner kræ-
ves information på individniveau. Artikel II	udforsker	potentialet	 i	at	kvantificere	
timing	og	længde	af	blomstringen	for	hver	enkelt	blomst	i	et	plot.	Jeg	præsenter	
en tracking-algoritme, der kan spore hver enkelt blomst igennem en billedserie 
og returnere fænologiske mål for hver enkelt blomst til trods for udfordrende be-
tingelser.	Jeg	giver	forslag	til	fremtidig	udvikling	og	implementering	af	billedbase-
ret blomstersporing og diskuterer, hvordan muligheden for at indsamle data om 
blomsterfænologi på individniveau kan bidrage til detaljerede undersøgelser af 
samspillet mellem blomsterfænologi, insektbestøvning, og planters reproduktive 
succes.
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Bestøvende	insekters	besøg	til	blomster	er	flygtige,	men	kan	fanges	med	billed-
baseret overvågning. Hvis automatiserede metoder ikke er tilgængelige, består 
dog udfordringen med at undersøge billederne for insektbesøg til blomster. I Ar-
tikel III undersøger jeg 3.7 millioner billeder af blomster for insektbesøg med en 
kombination	af	deep	 learning	og	citizen	science	og	finder	besøg	på	mere	end	
3.000	billeder.	 Jeg	demonstrerer	med	et	udvalg	af	disse,	hvordan	billedbaseret	
overvågning giver mulighed for at kortlægge insektbesøg til individuelle blomster, 
og resultaterne heraf afslører, at der er forskelle i besøgsrate både mellem dage 
og mellem individuelle blomster i et plot.

I lyset af den seneste tids artikler, der dokumenterer dramatisk tilbagegang af in-
sekter, fortjener denne mangfoldige og overvejende ubeskrevne gruppe af arter 
videnskabeligt fokus. Artikel IV gennemgår det enorme potentiale, som deep 
learning- og computer vision-metoder har inden for entomologi. Vi giver indsigt i 
eksempler på nyere tids succesfulde anvendelse af deep learning, der udkonkur-
rerer traditionelle metoder til studier af insekter, og diskuterer de udfordringer, der 
stadig består, før vi kan realisere det fulde potentiale af disse metoder i entomo-
logisk forskning.

En særlig fordel ved billedbaserede overvågningsmetoder er muligheden for kon-
tinuerlig observation på tværs af døgnet og gennem hele sæsoner. I Artikel V 
præsenterer vi et automatiseret kamerasystem til overvågning af insekter. Syste-
met er opbygget af bredt tilgængelige komponenter og er kombineret med en 
algoritme	 til	 sporing	og	artsidentifikation	af	 insekter	 i	billederne.	 Vi	præsenterer	
resultaterne af en test af systemet på grønne bytage og viser, at døgnvariation i 
besøgsfrekvenser varierer mellem arter. I Artikel VI præsenterer vi resultaterne af 
en billedbaseret undersøgelse af rødkløver i alpine græsarealer i Schweiz. Ved 
hjælp af billedindsamling på tværs af døgnet dokumenterer vi, at natlige besøg 
fra natsommerfugle ser ud til at supplere den bestøvning, der foregår i dagtimerne. 
Vi argumenterer for øget videnskabeligt fokus på natbestøvning af rødkløver, som 
historisk set er blevet forsømt, og understreger, at billedbaserede metoder er sær-
ligt egnede til dette formål.



In June as many as a dozen species may burst 
their buds on a single day. No man can heed 
all of these anniversaries; no man can ignore 
all of them.
Aldo Leopold, 1949
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1 Introduction

Collection of observational data is fundamental for studying nature. For this, adop-
tion of technology to ease and facilitate data collection is nothing new. In 1956, 
Gysel & Davis (1956) described an inexpensive apparatus for automated pho-
tography of wildlife. The unit captured a single image when an animal pulled on 
a	baited	wire	and	the	triggering	mechanism	involved	a	modified	mouse	trap.	Al-
most	40	years	later,	Griffiths	&	Schaik	(1993)	demonstrated	the	use	of	cameras	for	
the study of elusive rainforest mammals that were rarely captured with traditional 
methods.	Technology	offer	enormous	potential	for	refining	and	upscaling	the	col-
lection of ecological data (Allan et al., 2018), for example by facilitating auto-
mated collection of observational data with cameras or other sensors.

Conversely, nature has and still does inspire models of computation, such as ge-
netic algorithms, swarm intelligence, and neural networks (Mirjalili, 2019; Tang et 
al.,	2021).	 In	 recent	years,	artificial	 intelligence,	and	 in	particular	deep	 learning,	
has	gained	significant	attention	for	 its	astonishing	ability	 to	solve	complex	tasks	
by learning from data. As technological advances have moved ecology into the 
era of big data, the limiting factor has become not the collection of data but the 
resources	available	for	data	processing.	The	need	for	efficient	tools	for	data	man-
agement and analysis has grown (Farley et al., 2018), and an expanding arsenal 
of	artificially	intelligent	tools	together	with	raw	computational	power	are	already	
reducing this bottleneck (Barlow & O’Neill, 2020; Christin et al., 2019; Høye et al., 
2021; Tuia et al., 2022; Weinstein, 2018). Thus, developments in machine learning 
and computer vision have become central for ecology.

The aim of my PhD was to explore and develop methods for automated moni-
toring of plants and insect pollinators and their interactions using cameras and 
deep learning and computer vision. This introduction reviews commonly used 
techniques for automated ecological monitoring and how deep learning is aid-
ing the use of these. To aid the reader in regard to the concept of deep learn-
ing, I initiate with a brief theoretical overview of deep learning and its relevance 
for ecology. Following, I introduce the reader to the wide range of technologies 
available for monitoring nature, from satellite imagery with global coverage to 
ground-based sensors that capture signals at a local scale. I provide examples 
of how deep learning-based methods are being leveraged within each technol-
ogy. I put special emphasis on image-based monitoring since this is central to the 
manuscripts included in the thesis. Third, I review the impact of climate change 
on the phenology of species and the potential for temporal mismatches between 
interacting species. Following, I elaborate on the particular relevance of technol-
ogy	and	deep	learning	for	the	study	of	the	effects	of	climate	change	on	the	life	
histories of plants and pollinators, and discuss how my work has contributed in this 
context. Finally, I conclude the introduction with my suggestions for future direc-
tions for development and implementation of technological solutions for plant-
pollinator research.
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2 A deep dive into deep learning

2.1 Artificial Neural Networks

In machine learning, a computer algorithm progressively improves its ability to 
solve a task, without explicit instructions for the solution. Learning is done on train-
ing data and a training process based on trial and error. The term, machine learn-
ing, was coined by Arthur Samuel in a 1959 research paper on neural networks 
and the game of checkers (Samuel, 1959). He found that by using a, for our time, 
simple neural network, the computer could become better than him at the game 
through	self-learning,	a	major	milestone	for	artificial	intelligence.

Most	machine	learning	methods,	and	thus	most	artificial	intelligence,	are	based	on	
neural	networks	with	the	artificial	neuron	as	the	basic	component.	Artificial	neural	
networks	can	be	exceedingly	complex	(Iosifidis	&	Tefas,	2022),	but	 in	 its	simple	
form, it is constructed of a number of interconnected nodes (neurons) separat-
ed into layers, i.e., an input layer, a number of hidden layers, and an output layer 
(fig.	1A).	Deep	 learning	 refers	 to	a	neural	network	consisting	of	many	 layers.	To	
produce a prediction, input data, for example pixel values of an image, is fed to 
the input layer and propagates through the network. Each node in the subsequent 
layers receives inputs from the nodes of the previous layer and produces a single 
output value that is passed forward to the next layer. Each connection between 
nodes has a weight associated to it. The output of a node is produced by calculat-
ing the weighted sum of the inputs, adding a bias value, and passing the resulting 
value	through	an	activation	function	(fig.	1B).	A	typical	activation	function	is	the	
rectified	 linear	unit	 (ReLU),	which	passes	 the	 input	 if	 it	 is	above	zero	and	sets	 it	
to	zero	if	 it	 is	below	(Agarap,	2018).	The	final	layer	of	the	network	produces	the	
model	prediction	or	classification	for	the	original	input.
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Figure 1. A)	Schematic	represen-
tation	of	a	simple	artificial	neural	
network	with	five	affine	(fully	con-
nected)	layers.	Red	nodes	show	
the	input	layer,	orange	nodes	the	
hidden	layers,	and	green	nodes	
the	output	layer.	B)	Schematic	
representation	of	the	process-
ing	steps	involved	when	data	is	
passed	between	layers	in	a	nural	
network.	The	outputs	of	the	two	
nodes,	x1	and	x2,	as	well	as	the	
bias	node	are	weighted	and	then	
summed.	The	resulting	value	is	
passed	through	an	activation	
function	(here	the	rectified	linear	
unit	(ReLU))	and	then	passed	
on	to	the	nodes	of	the	next	layer	
(here	represented	by	a	single	
node,	y1).
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2.2 Convolutional Neural Networks
Convolutional neural networks (CNNs) are a special type of neural network com-
monly	used	for	tasks	involving	image	data,	such	as	image	classification	(assign-
ing a class to an image), object detection (locating and classifying objects in an 
image), and image segmentation (classifying every pixel in an image so that it 
is	 partitioned	 into	 classified	 segments)	 (Chumachenko	 et	 al.,	 2022;	 Raitoharju,	
2022). In contrast to standard neural networks, CNNs accept two-dimensional (or 
higher) input data (e.g. a channel of an image), and regularize (i.e., simplify) data 
and extract features by convolutions. With several convolutional layers, the model 
can hierarchically learn spatial features of the image, from simple patterns such 
as	edges	and	corners	in	the	first	layers	to	complex	features	such	as	objects	in	the	
final	layers.

The three basic building blocks of a simple CNN are the convolutional layer, the 
pooling layer, and the fully connected layer. The convolutional layer produces a 
set	of	feature	maps	of	its	input	by	applying	a	filter	on	the	input	pixel	grid.	The	filters	
used in a convolutional layer commonly have a size of 3x3 (times the number 
of channels in the layer’s input) values, and is applied by sliding it over the im-
age	and	calculating	the	dot	product	of	the	filter	and	the	given	area	in	the	image	
(i.e.,	convolving	 the	 image	and	the	filter).	A	bias	 is	added	to	 the	resulting	value	
and these are then mapped into a pixel grid, the feature map. The values of the 
filters	are	optimized	during	training	through	backpropagation.	The	feature	maps	
are typically passed through an activation function and to the pooling layer, which 
compresses it by summarizing grids of pixels. For example, a grid of 2×2 pixels 
in the feature map could be summarized to a single value. Here, max pooling 
and	average	pooling	are	common	methods.	Lastly,	the	pooled	layer	is	flattened	
and	passed	to	input	nodes	of	the	fully	connected	layer,	which	produces	the	final	
output. The architecture of the CNN reduces the vast number of inputs from an im-
age (number of pixels multiplied by the number of channels, i.e. three for an RGB 
image)	to	much	fewer	inputs	for	the	final	fully	connected	layer	while	maintaining	
spatial correlations between pixels, making them very suitable for image data.

2.3 Learning from data
The	aim	of	a	machine	learning	system	is	to	produce	a	classification	or	prediction	
based on input data. During training, the model will optimize its ability to produce 
correct predictions for the training data by adjusting the weights of the nodes in 
the neural network. This is done based on an error function in a process known as 
backpropagation. If learning is done with labelled data, the error will be calculat-
ed based on comparison of predictions to labels. The model is optimized through 
continuous iterations of this process. Ultimately, the model can learn to associate 
the label classes with features in the training data and can hereafter classify input 
data that has not been part of the training data.

There	are	different	approaches	for	learning	depending	on	the	data	available	to	
the network, the three most common being supervised, unsupervised, and rein-
forcement learning (Goodfellow et al., 2016; Sutton & Barto, 2018). In supervised 
learning, the network is trained on labelled data, thus it has available both in-
puts and corresponding targets (i.e., desired outputs). For image recognition, this 
could be images of insects that are labelled with species names. The task for the 
algorithm is then to learn to classify an image of an insect to the correct species 
and ultimately to do this for images not seen during training. Two subcategories 
of supervised learning focus on training with limited availability of labels: In semi-
supervised learning, the network is trained on data for which only some propor-
tions are labelled, while in weakly supervised learning, the labels are imprecise 
or of low accuracy, but the task remains the same. Unsupervised learning have 
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applications in data clustering and dimensionality reduction (e.g. autoencoders). 
Here, no labels are available for the training data, and the task becomes to iden-
tify patterns in the data and group or summarize it accordingly. Finally, in rein-
forcement learning, an intelligent agent learns to perform a task through trial and 
error. Here, the agent is rewarded for actions that approach the desired outcome 
and/or punished for the opposite, and the agent learns by repeating actions and 
maximizing the reward, analogous to the human dopamine reward system. This 
learning type is commonly used in robotics, for example to have robots learn to 
manipulate physical objects.

2.4 Relevance for ecology
Currently, we are investigating and documenting only a fraction of the conse-
quences	of	climate	change	and	other	anthropogenic	effects	for	species,	ecosys-
tems, and biodiversity (Callaghan et al., 2021; Metcalfe et al., 2018; Wägele et al., 
2022). Additionally, estimates suggest that we have yet to even document and de-
scribe the majority of existing species (Mora, 2011). Estes et al. (2018) argued that 
ecological	phenomena	are	not	studied	at	sufficient	spatial	and	temporal	scales,	
mainly	because	ecologists	rely	on	conventional	field	techniques,	and	technologi-
cal solutions have the potential to solve this problem (Pimm et al., 2015). However, 
the natural world is complex and noisy and so is the data we collect from it. Con-
sider a recording of a few minutes of sound from a forest. It may capture vocaliza-
tions from many bird species, buzzing insects, noises from vegetation moving in 
the wind and more. Similarly, a single image of the forest could hold a plethora 
of ecological information. Capturing a recording or an image the next day would 
not produce identical results. Other species of birds may be heard or seen and 
so	on.	Surely,	the	results	would	also	differ	between	day	and	night	or	summer	and	
winter. The complexity of natural systems makes ecological studies challenging 
to automate. Sure, one can set up an acoustic recorder or a camera in a land-
scape and record data every day of a year and it would capture much interesting 
ecological information. Seasonal changes in vegetation and species distributions 
might be seen or heard, as might changing behavior and activity patterns of birds, 
mammals, and insects across days, weeks, and months. But automatically extract-
ing this ecological information from the large amounts of images or soundscapes 
collected, and translating it into a format that can be analyzed and interpreted is 
a major challenge. For example, we might be interested in the diversity and abun-
dance of bees in the images and would want to extract this information program-
matically. Howver, writing software with the simple objective of detecting bees in 
images and distinguish between species would be immensely challenging. The 
noise and variation in the images would be much to great, and manually identify-
ing and hardcoding distinguishing features of individual species would be close 
to	impossible.	Here,	machine	learning,	and	particularly	CNNs,	offer	a	solution.	By	
providing	a	neural	network	with	sufficient	training	examples	of	bees	of	different	
species, it can extract distinguishing features and learn to tell them apart. This au-
tomatic feature extraction and self-learning ability is immensely valuable in the 
context of ecology, where data are often big and complex.

As automated sensing technologies are implemented and data quantities in-
crease, the task of analysis can become a major bottleneck. Advances in com-
putational solutions, especially deep learning and, for image-based monitoring, 
computer vision, hold huge potential for resolving this bottleneck (Høye et al., 
2021). From the recent surge of these methods in ecological publications, it is clear 
that deep learning and related methods are already widely aiding in resolving the 
bottlenecks	of	data	management	and	analysis	within	ecology	(fig.	2).	 In	this	re-
gard, insects represent a particular challenge. The insect class contains formidable 
diversity and account for more than half of the described living species on Earth 
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(Mayhew, 2007). However, recent studies report drastic insect population declines 
and more than 40% of insect species have been estimated to be in risk of extinc-
tion, with climate change being one potential driver (Hallmann, 2017; Sánchez-
Bayo	&	Wyckhuys,	2019;	Wagner	et	al.,	2021).	Thus,	efficient	and	scalable	tools	for	
studying insects and their interactions with their abiotic and biotic environment are 
much needed and automated monitoring is arguably particularly relevant in that 
regard (Barlow & O’Neill, 2020; Høye et al., 2021 (Paper IV); Wägele et al., 2022).
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Figure 2.	The	number	of	articles	in	the	field	of	ecology	that	apply	a	deep	learning	method.	
Methods	are	grouped	according	to	type:	CNN:	Convolutional	neural	network;	RNN:	Recur-
rent	neural	network;	Unsupervised:	Unsupervised	training	method;	Other:	Type	not	possible	to	
identify;	N/A:	Studies	that	covered	a	deep	learning	method	but	did	not	implement	it.	N	=	87.	
Christin	et	al.	(2019).



18 PhD thesis by Hjalte Mads Rosenstand Mann

3 Automated collection of ecological data

Increased awareness of the potential consequences of climate change has un-
derlined	the	need	for	efficient	tools	for	reliable	collection	of	ecological	data.	This,	
together with concurrent advancements in hardware and computational meth-
ods, has fueled a wide interest in the development and application of automat-
ed methods for big data collection and analysis in ecology (Farley et al., 2018). 
Thus, automatic sensor technology can collect data at large temporal and spatial 
scales, and automated handling and analysis of collected data make this upscal-
ing feasible.

Any	biological	system	is	affected	by	its	surrounding	abiotic	conditions,	and	meas-
uring	environmental	variables	is	a	first	step	to	understanding	the	system	dynamics.	
For the ecologist, a diverse and well-developed remote sensing toolset is read-
ily available for collecting abiotic data. These tools range from spaceborne mul-
tispectral sensor arrays with global coverage over land-based weather stations 
capturing regional and local data to small, battery-powered sensors that can 
be	installed	at	a	specific	site	to	capture	microclimatic	conditions	of	a	small	area.	
Naturally, collection of biotic data in similar automated fashions as is possible for 
abiotic	data	has	great	potential	within	the	field	of	ecology	(Besson	et	al.,	2022)	
(fig.	3).	While	 specialized	sensors	are	 required	 for	 some	use-cases,	 in	many,	al-
ready	running	systems	or	off-the-shelf	components	can	be	used	to	capture	biotic	
signals. For example, satellite imagery can capture spatial and temporal dynamics 
of vegetation, weather radars capture regional and local migratory movements of 
animals, audio recorders can capture sound from animals, and standard cameras 
can record photos or video that capture the presence, abundance, and behaviour 
of animals.

Figure 3.	Graphical	representation	of	how	different	sensors	can	be	used	to	automatically	monitor	parts	of	an	ecosystems.	1:	Micro-
phones	can	capture	sound	from	terrestrial	animals.	2:	Hydrophones	can	record	aquatic	sound-producing	animals.	3:	Geophones	
can	capture	vibrations	from	animal	locomotion	on	land.	4:	Sonar	can	detect	aquatic	animals.	5:	Organisms	can	be	detected	by	
eDNA	traces	sampled	with	an	automated	environmental	sampling	processor	(ESP).	6:	Camera	traps	can	capture	the	presence	of	
animals.	7:	Forest	species	compositions	can	be	measured	with	hyperspectral	cameras.	8:	Drones	mounted	with	LiDAR	sensors	can	
capture	forest	canopy	structure.	9:	Flow	cytomters	can	detect	the	presence	and	composition	of	plankton.	10:	Night-time	observa-
tions	of	animals	can	be	captured	with	thermal	and	infrared	cameras.	11:	Radar	can	detect	presence	and	movement	of	animals	
(Modified	from	Besson	et	al.,	2022).
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Below, I review a range of technologies that are used for collection of ecological 
data, both abiotic and biotic. Further, I exemplify how deep learning methods fa-
cilitate automated data analysis of captured data in ways and at scales that have 
otherwise been impossible. With the wide range of sensor systems available, it is 
useful to divide them into categories. Here, I distinguish between 1) remote sens-
ing, being space- or airborne systems, such as satellite, and ground-based long-
range systems such as radar, and 2) proximal sensing, covering near-surface or 
ground-based methods as well as aquatic and animal-borne systems.

3.1 Remote sensing
Common for remote sensing systems is that they collect data with some distance 
to the area or object of interest. They are applied widely in the Earth science disci-
plines and the ability to capture variation in the physical properties of a landscape 
or ecosystem makes them particularly relevant for ecology. While these systems 
generally	benefit	from	large	spatial	coverage,	this	can	come	at	a	cost	of	spatial	
and temporal resolution.

3.1.1 Satellite

Satellite data can provide abiotic and biotic patterns ranging from global to local 
scales, albeit with a limit to spatial resolution. The multispectral extent of satel-
lite sensors allows for collection of a wide range of environmental variables. For 
example, carbon dioxide concentrations can be captured in the middle infrared 
range, soil moisture and snow cover in the microwave spectrum, and crop water 
stress and sea surface temperatures in the thermal infrared spectrum (Chuvieco, 
2020). Depending on their orbital attributes, satellites collect repeat observations 
ranging in frequency from several weeks to only minutes for geostationary satel-
lites, making it possible to study seasonal changes of the abiotic system for exam-
ple in relation to plant growing seasons. Through continuous data collection over 
years, longer-term dynamics can be observed. A common application of satellite 
imagery	is	quantification	of	green	vegetation	with	the	normalized	difference	veg-
etation index (NDVI). With this, shifts in phenology (Zeng et al., 2011; Zhao et al., 
2015) and spectral greening (Bhatt et al., 2013; Keenan & Riley, 2018) have been 
widely observed at northern latitudes. Although, proximal data collection, for ex-
ample with drones, has demonstrated that the crude resolution of satellite images 
fails	 to	 capture	fine-scale	 spatial	 variation	 in	 landscape	greenness	 through	 the	
season (Assmann et al., 2020; Myers-Smith et al., 2020).

The vast amounts of satellite data available means that the extent of studies may 
be limited by the methods applied for analysis and the resources that are availa-
ble. Here, deep learning has proved very useful and especially convolutional neu-
ral networks have been applied to automatically process satellite imagery and 
detect and classify objects of interest (Reichstein et al., 2019). For example, deep 
learning models can be used to map ecosystems by detecting and distinguish 
between land cover types such as forest, meadow, desert, wetland, and farmland 
(Cheng et al., 2017). While the resolution of satellite imagery limits its applicability 
at the local scale, very-high resolution satellite imagery coupled with deep learn-
ing has been used for detection and counting of animals of large body sizes that 
stand out from the background, for instance whales (Corrêa et al., 2022; Cubaynes 
et al., 2019), and to detect penguin colonies and estimate population abundanc-
es based on colony size (Lynch et al., 2012). In fact, Duporge et al. (2021) used 
deep learning to locate African elephants in heterogeneous landscapes in satel-
lite images with an accuracy comparable to human capabilities.
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3.1.2 Radar

Radar systems, ranging from spaceborne systems with global coverage to small 
systems with local extent, are widely applied in collection of weather data. This 
extensive and long-term data collection has proven very relevant for climatologi-
cal	studies	(Saltikoff	et	al.,	2019).	However,	the	technology	has	proved	useful	also	
for collection of biotic data on airborne animal movements (Shamoun-Baranes et 
al., 2014). For example, Stepanian & Wainwright (2018) revealed advancement 
in spring migration of a bat species using long-term weather radar data. Also 
daily cycles of common orientation movement of migratory insects have been 
observed and related to weather patterns (Rennie, 2014) and radar entomology 
is	considered	an	advancing	field	(Noskov	et	al.,	2021).	Radar	technology	benefits	
from large monitoring ranges, but, in general, it is a challenge to distinguish bio-
logical signal (so-called bioscatter) from noise and to infer species identities and 
abundances in radar data (Chilson et al., 2012). By rendering the vast amounts 
of radar data as images, CNNs can be leveraged to segment captured data, for 
example to monitor large-scale migration of birds and insects (Cui et al., 2020). 
Ground-based vertical looking radars(VLRs), another type of radar system, detect 
objects passing through a vertical narrow conical beam emitted upwards. Such 
systems	are	good	for	observation	of	flying	birds	(Nilsson	et	al.,	2018)	and	insects	
(Chapman et al., 2003) owing to the high vertical range. VLRs can thus be used 
to	study	the	migratory	flight	of	insects	several	hundreds	of	meters	above	ground,	a	
phenomenon that would be unfeasible to capture with most other tools. The data 
can give information on the speed and direction of travel, mass and morphology, 
and even the wingbeat frequency of the organism (Chapman et al., 2003; Milan-
esio et al., 2020; Nilsson et al., 2018). At low altitude, where landscape variation 
generally prevents use of pulse radar detection of organisms, harmonic radars that 
track passive electronic diodes can be used. The location of the tags can be de-
tected	within	a	range	of	~1	km,	and	tags	are	sufficiently	small	and	lightweight	to	
be	used	for	tracking	both	walking	and	flying	insects	[Milanesio	et	al.	(2020);	Rho-
des et al. (2021); Mascanzoni (1986); O’Neal et al. (2004)). For example, harmonic 
radar	has	been	used	 to	 track	butterfly	flight	paths	 in	an	agricultural	 landscape	
(Cant et al., 2005).

3.1.3 LiDAR

Light Detection and Ranging (LiDAR) can produce detailed point cloud mappings of 
an environment. The technology is similar to radar, but uses pulsed laser emissions 
instead	of	radio	waves	to	measure	ranges	to	a	surface	or	an	object.	One	benefit	
of LiDAR is that it can penetrate holes in vegetation, for example in the uppermost 
forest canopy (Guo et al., 2021), which allows for estimation of vegetation height, 
something that is not possible with e.g. satellite imagery. Another advantage of Li-
DAR, compared to radar, is that it can be used close to the ground and within veg-
etation (Dwivedi et al., 2020; Rydhmer et al., 2022). Both ground-based and air-
borne LiDAR systems have been extensively used for mapping ecosystem structure, 
for example of forest canopy (Guo et al., 2021; Nelson et al., 1984; Simonson et al., 
2014). The detailed 3D representations of ecosystems have facilitated studies on 
animal-habitat relationships across ecosystems (Davies & Asner, 2014). For exam-
ple, Vierling et al. (2011) showed that habitat measurements derived from LiDAR 
could be used to predict single-species occurrences of spiders. Similarly, Vries et al. 
(2021) demonstrated that variation in vegetation structure captured with country-
wide	LiDAR	could	explain	habitat	preferences	of	threatened	butterfly	species	at	a	
national level. Although primarily used for the study of vegetation or vertebrate spe-
cies,	LiDAR	has	found	use	in	entomology,	and	systems	specifically	aimed	at	monitor-
ing	of	flying	insects	have	been	presented.	Such	systems	can	have	monitoring	ranges	
of several kilometres and be used to count thousands of insects per hour (Bryde-
gaard	et	al.,	2016;	Brydegaard	&	Jansson,	2019).		Kirkeby	et	al.	(2016)	used	LiDAR	
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to measure insect abundance and explore the temporal dynamics of insect move-
ment in relation to insect size by clustering insects into three size categories.In LiDAR 
data, the species identity of detected individuals can be derived from melanization, 
body-wing ratio, and wing-beat frequency (Rydhmer et al., 2022). Among the more 
curious examples of use of LiDAR in entomology, Mullen et al. (2016) presented a 
system	capable	of	automated	detection,	 tracking,	 identification,	and	eradication	
of insect pest species, while Shaw et al. (2005) used LiDAR to derive a density map 
of honey bees trained to locate land mines through odor. While LiDAR can provide 
detailed ecosystem maps in a non-destructive fashion, it remains a challenge to 
translate and segment complex points clouds into actual ecological structures (Xu 
et	al.,	2021).	Here,	deep	learning	techniques	can	offer	a	solution.	For	example,	Ayrey	
& Hayes (2018) used a three-dimensional CNN to estimate biomass and tree counts 
in forest data and found that the approach outperformed standard methods in ac-
curacy.

3.2 Proximal sensing
For the study of ecological systems, local or even microhabitat conditions are of-
ten relevant. Stand-alone sensors installed at relevant sites are routinely used for 
real-time sampling of abiotic variables such as temperature of air/soil/water, hu-
midity, barometric pressure, and light intensity. Similarly, near-surface or ground-
based	sensor	systems	can	capture	fine-scale	biotic	variation,	 for	example	using	
cameras	or	microphones.	Such	automated	data	collection	facilitates	cost-efficient	
monitoring	of	specific	locations	of	interest	at	high	temporal	and	spatial	resolution.	
The spatial coverage of data can be increased, while maintaining high temporal 
frequency, by either moving single sensors between locations in order to collect 
information over a larger area or from several sites, or by deploying multiple sen-
sors in an an area. As sensor technology has undergone cost reduction and minia-
turization, the potential applications for data collection with animal-borne sensors 
have increased.

3.2.1 Animal-borne sensors

Animal-borne biotelemetry sensors can record information on the location and 
behavior of an individual, abiotic conditions surrounding the organism, such as 
temperature, salinity, depth, physiological parameters such as body temperature, 
heart rate, and caloric expenditure, and interactions with the abiotic and biotic 
environment (Williams et al., 2020; Wilmers et al., 2015). These sensors have fa-
cilitated in situ data collection in remote and harsh environments with minimal 
disturbance to the study system and individual. Especially within movement ecol-
ogy,	animal-borne	sensors	have	become	pivotal	(Joo	et	al.,	2020).	For	example,	
historically, bird movement studies relied on marking an individual with a tag, 
e.g. an aluminum leg band, and deriving movement patterns when the individual 
was later recaptured (capture-mark-recapture) (Marion & Shamis, 1977). Today, 
GPS-enabled tags permit real-time long-term location tracking of an individual 
across the globe and real-time transmission of data to relevant end-users (Bouten 
et al., 2013; Rotics et al., 2018). Animal-borne GPS tags have been used to docu-
ment diel and seasonal dynamics of activity patterns and spatial utilization, for ex-
ample migratory timing and routes, for various species (Hedenström & Lindström, 
2014;	Joly	et	al.,	2019;	Kays	et	al.,	2015;	Owen-Smith	et	al.,	2020;	H.	J.	Williams	
et al., 2020). Various other animal-borne sensor types can be used to investigate 
ecological and physiological questions. Tri-axial accelerometers and magnetom-
eters can be used to monitor movement and behavior, such as foraging activity 
(Magowan	et	al.,	2022;	Wang	et	al.,	2015),	and	even	track	finer-scaled	behavior	
such	as	 jaw	movement	 in	 fish	 (Viviant,	 2014).	Animal-borne	acoustic	 recorders	



22 PhD thesis by Hjalte Mads Rosenstand Mann

have been used to monitor activity patterns of the Gape cannet, a large seabird 
(Thiebault et al., 2021), and to document how bats adapt their echolocation calls 
when hunting (Stidsholt et al., 2021). Casey et al. (2014) showed how leather-
back sea turtles increased their metabolism to maintain body temperature by us-
ing stomach temperature pills coupled with an external animal-borne transmitter 
that communicated via satellite. Biotemeletry facilitates high-frequency sampling 
while the animal is in its natural environment. However, inferring animal activity 
from data captured by multi-sensor recordings using, for instance, gyroscopes, 
depth sensors, and accelerometers, can be challenging. Here, deep learning can 
be leveraged to classify behaviour from the complex data captured (Chambers et 
al.,	2021;	Jeantet	et	al.,	2021;	Liu	et	al.,	2019).

3.2.2 Acoustic recorders

Sound-producing animals can be monitored by detection of their audio signals 
(Blumstein et al., 2011). Passive acoustic monitoring can be performed with in-
expensive equipment, and recent advances have made autonomous long-term 
collection of acoustic data possible (Sugai, Silva, et al., 2019). One example is 
the AudioMoth, a small and lightweight, open-source device for unattended 
acoustic monitoring (Hill et al., 2018). Relatedly, the HydroMoth was recently re-
leased	specifically	for	acoustic	monitoring	in	aquatic	environments	(Lamont	et	al.,	
2022). While acoustic monitoring can produce reliable estimates of biodiversity 
(Smith	et	al.,	2020),	applications	have	been	centered	around	specific	groups	of	
animals. The most common targets are bats, birds, and amphibians (Sugai, Silva, 
et al., 2019) but also include other soniferous fauna such as terrestrial mammals 
(Markolf et al., 2022; Wrege et al., 2017) and cetaceans (Rice et al., 2021; Todd 
et al., 2020). For insects, owing to their stridulating behavoior producing species-
specific	sounds,	ortheopterans	have	been	a	main	focus	of	entomological	acoustic	
biomonitoring	(Jeliazkov	et	al.,	2016;	Sugai,	Desjonquères,	et	al.,	2019).	As	for	most	
remote sensing technologies, the analysis of captured data can be challenging 
(Riede, 2018). Especially obtaining spatio-temporal information of sound signals 
remains a challenge especially for monophonic data. For this, multichannel data 
collection is useful (i.e., arrays of several microphones) (Sumitani et al., 2020), but 
extraction of meaningful ecological knowledge from captured soundscapes re-
mains a bottleneck (Sugai, Silva, et al., 2019). Many studies have demonstrated 
the use of deep learning techniques to detect and classify birdsong in sound-
scapes. The publicly available neural network BirdNET can identify >900 North 
American and European bird species (Kahl et al., 2021) in sound recordings. Its 
use for occupancy modelling for birds, in which the probability of occurrence of 
a species in a given area is estimated while accounting for false negatives, has 
been demonstrated (Cole et al., 2022), a technique especially relevant for analy-
sis of citizen science data (Altwegg & Nichols, 2019). Also for marine soundscapes, 
deep learning techniques have also proved useful. Mishachandar & Vairamuthu 
(2021) showed that a neural network could classify ocean noises with high ac-
curacy,	including	sound	emissions	from	marine	mammals,	fish,	and	invertebrates.	
It is even possible to discriminate between healthy and degraded coral reefs with 
analysis of marine soundscapes with a machine learning algorithm, reducing the 
need for labor-intensive expert surveys (Williams et al., 2022). Within entomology, 
whole-year acoustic monitoring coupled with deep learning has been used to 
capture the phenology of insects by their buzzing sounds, revealing seasonal and 
diel variations in insect activity as well as sensitivity to weather conditions (Folliot 
et	al.,	2022).	Even	detection	(Kiskin	et	al.,	2017)	and	fine-grained	classification	of	
species and gender (Vasconcelos et al., 2019) have been demonstrated for mos-
quitoes based on analysis of wingbeat sounds with neural networks.



23PhD thesis by Hjalte Mads Rosenstand Mann

3.2.3 Cameras

Cameras are used extensively for ecological monitoring across ecosystems (Burton 
et al., 2015; Glover-Kapfer et al., 2019; Kays et al., 2020; Wearn & Glover-Kapfer, 
2019) and also proved of proximal image-based monitoring methodologies exits. 
These include animal-borne video-recorders, ground-based time-lapse cameras 
that	take	images	at	fixed	intervals,	camera	traps	where	image	capture	is	triggered	
by, for example, movement, and airborne cameras, e.g. on planes or drones, for 
surveying	at	large	spatial	scale.	Cost	efficiency,	ease	of	implementation	and	scal-
ability, and the directly interpretable output have fueled image-based monitoring 
in ecology. Cameras are a natural substitute for direct observation and facilitate 
upscaling of the spatial and temporal coverage of data collection (Depauw et 
al., in press.; Wearn & Glover-Kapfer, 2019). Thus, cameras may capture ecologi-
cal events that would likely be missed if relying on human observation methods. 
For example, with day-and-night image-based monitoring, Alison et al. (in press, 
Paper VI) revealed that nocturnal moth visits may contribute to red clover pol-
lination, something that has previously been overlooked in the typical daytime 
observations. With cameras, observation can be done automatically and cost ef-
ficiently	with	minimal	disruption	to	the	natural	system	(Houa	et	al.,	2022;	although	
see Meek, 2014), thereby obtaining ecologically relevant information on variables, 
such	as	presence,	abundance,	and	behavior	of	animals	(Jachowski	et	al.,	2015;	
Karanth et al., 2011; Luo et al., 2019), plant phenology (Brown et al., 2016; Mann et 
al., in press; Richardson et al., 2009), and interactions between plants and animals 
(Hofmeester et al. (2020); Paper III). For example, Villette et al. (2015) used cam-
eras to study population densities of small mammals in a boreal forest. They found 
that	cameras	were	an	effective	 substitute	 for	 the	 typical	 intensive	 live	 trapping,	
which involves considerable labor and may stress the animals. Camera trapping 
may be particularly well suited for abundance monitoring of low-density species 
that are dispersed over large areas such as wolves (Ausband et al., 2022) or in-
sects whose presence may be ephemeral (Bjerge et al., 2022 (Paper V)). One 
challenge of using camera trap data for abundance estimates of animals is that 
photographic rates may confound abundance with detectability (Foster & Harm-
sen, 2012; Sollmann, 2018). For animals that are individually recognizable in the 
images,	capture-recapture	models	can	be	applied	(Jacques	et	al.,	2019).	For	ani-
mals where this is not the case, several alternative methods for estimating popula-
tion	sizes	exist	(Howe	et	al.,	2017;	Jiménez	et	al.,	2017).	In	any	case,	photographic	
rates represent a measure of activity (Sollmann, 2018; Tambling et al., 2015).

By deriving vegetation indices from images, cameras can be used to study plant 
phenology in a landscape (Richardson et al., 2007). This is particularly relevant 
in the context of phenological responses to global change. The phenocam net-
work uses canopy-level cameras to record plant phenology at the landscape level 
(Richardson, 2019). The cameras typically capture images every day and thus pro-
vide accurate estimates of phenological transition dates. Near-surface observa-
tions of vegetation phenology can serve as validation of remote sensing methods 
(i.e. satellites) and provide information at higher spatial resolution such that indi-
viduals	can	be	identified	and	fine-scale	variation	can	be	detected	(Beamish	et	al.,	
2016;	Browning	et	al.,	2017).	For	example,	Spafford	&	MacDougall	(2022)	found	
evidence	of	species-specific	leaf	phenology	triggers	among	hemiboreal	trees	in	
maritime Canada using 34 phenocam stations.

An important aspect of image-based methods is the digitization of museum speci-
mens. Many millions of specimens, e.g. insects (Short et al., 2018) and plants (La-
voie, 2013), are stored in the world’s museums and herbariums, many pre-dating 
the acceleration of climate change. Thus, these collections are immensely valu-
able for global change research, including measuring ecological responses to 
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climate change and investigating the drivers of biodiversity loss (Meineke et al., 
2018). Using herbarium specimens, Meineke, Classen, et al. (2019) found that 
signs of herbivory had increased in the past ~100 years and that herbivory was 
positively correlated with winter temperatures, suggesting that these species inter-
actions may be sensitive to climate change. Digitization of specimen collections 
will	allow	the	wide	scientific	community	access	to	data	that	has	previously	been	
reserved for the few, which will undoubtedly lead to new understandings of global 
change (Meineke, Davies, et al., 2019). Further, it will allow researchers to include 
a much higher number of samples in their studies (Lavoie, 2013). Also for the dis-
covery of new species herbarium collections are of relevance as they are likely to 
contain a high number of undescribed species (Bebber et al., 2010).

Image-based	monitoring	can	provide	cost-efficient	and	systematic	collection	of	ob-
servational data, but manual examination of recorded image and video data may 
be intensely time-consuming (Farley et al., 2018; Weinstein, 2018; Yousif et al., 2019), 
especially since the vast majority of collected material may be negatives (images 
that do not contain the organism of interest) (Gregory et al., 2014). Thus, it comes as 
no	surprise	that	automatic	filtering	of	negatives	is	one	of	the	most	desired	features	for	
the method (Glover-Kapfer et al., 2019). While adoption of image-based monitoring 
has	far	outpaced	the	development	of	efficient	methods	for	analysis	of	image	data,	
deep learning and computer vision techniques are being increasingly developed 
and	applied	to	solve	the	challenge	of	automatically	filtering	the	vast	amounts	of	
image data and extracting ecologically relevant information. This transition is occur-
ring widely within ecology and across species groups (Weinstein, 2018) (e.g. birds: 
Ferreira et al., 2020; mammals: Norouzzadeh et al., 2021; Willi et al., 2019; insects: 
Høye et al., 2021 (paper IV); Bjerge et al., 2022 (paper V); plants: Mann et al., in press 
(Paper I); herbarium specimens: Carranza-Rojas et al., 2017; Soltis et al., 2020). The 
advent of deep learning technology and the availability of powerful smartphones 
have made it possible to capture images of plants or animals and perform automat-
ic	species	identification	in	an	instant.	One	such	example	is	the	iNaturalist	app	(avail-
able from https://www.inaturalist.org. Accessed 2022/05/31). Concurrently, this has 
given rise to large, public image inventories captured by citizen science volunteers, 
giving researchers access to otherwise inaccessible observational data (Rosa, 2022; 
Wilson et al., 2020). Similarly, platforms, such as Zooniverse (available from https://
www.zooniverse.org. Accessed 2022/05/31) are available and provide researchers 
access to crowd-sourced assistance for annotation and analysis of images at scales 
that are infeasible for small research teams (Paper III).

Image-based monitoring can be at the landscape level to document larger scale 
dynamics such as leaf-out or at a local level to capture phenology at species or 
organism level as well as interactions between species. While near-surface cam-
eras are somewhat limited in the spatial extent they can monitor, they can provide 
very high-frequency observational data at high spatial resolution. As monitoring 
with cameras can be almost entirely automated and performed at low cost, it is a 
method very suitable for long-term data collection. With such data, trends in, for 
example, phenology can be investigated and compared between geographical 
areas, which makes it particularly interesting in the context of climate change and 
the	effects	on	ecosystems.

https://www.inaturalist.org.
https://www.zooniverse.org/
https://www.zooniverse.org/
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4 Climate change and phenology

4.1 The world is rapidly changing

Rising	greenhouse	gas	concentrations	in	the	atmosphere	are	affecting	the	climate,	
and, compared to pre-industrial time terrestrial temperatures have increased by 

1.5°C (Pörtner, 2022). For the Arctic, the climatic changes are particularly 
severe with a reported increase of the annual mean surface tem-

perature of 3.1°C between 1979 and 2019, three times that of the 
global	average	(AMAP,	2021)	(fig.	4A).	This	changing	climate	is	
affecting	the	structure	of	 the	Arctic	 landscapes.	Permafrost	 is	

thawing, sea ice thickness is decreasing, coastlines are erod-
ing, snow cover is declining, and the tundra is greening by 
shrub expansion (Box et al., 2019; Martin et al., 2017; Over-
land et al., 2019). These changes may feed back into the 
climate	system	through	the	regulatory	effects	of	the	Arctic	
tundra (Overland et al., 2014; Richardson et al., 2013). The 
dramatic	warming	 is	 projected	 to	 continue	 (fig.	 4B)	 and	
what is now considered extreme weather events, such as 

heat spells, will become more common (AMAP, 2021).

4.2 Organismal responses to environmental change
There are three fundamental ways by which a species can respond to suboptimal 
environmental conditions in order to adapt its climatic niche: it can shift its geograph-
ical distribution, adapt its phenology, or adapt its physiology (Bellard et al., 2012).

Physiology
Shifts in body sizes with increasing temperature have been observed across spe-
cies (Møller et al., 2018; Polidori et al., 2020; Tseng et al., 2018). For ectotherms, 
the common response is a shift towards smaller body size, but the relationship is 
complex	(Hill	et	al.,	2018).	For	example,	the	effect	of	increased	temperature	may	
interact with other drivers and even depend on the phenological stage in which it 
occurs	(Davies,	2019).	Further,	changes	in	body	size	could	conflict	with	other	fac-
tors such as dispersal (Hill et al., 2018). Also for plants, changes in environmental 
conditions may induce physiological responses, and temperature has been found 
to	have	effects	on	flower	sizes	and	on	the	number	of	flowers	produced	(Antala	et	
al., 2022; Borghi et al., 2019; Van Etten & Brunet, 2013).
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Figure 4. A)	Trend	patterns	of	Arctic	
surface	temperature	(from	both	ob-
served	and	modeled	data)	between	
1971	and	2019	(AMAP,	2021).	B) 
Future	winter	surface	temperatures	for	
the	Arctic	(60–90°N)	averaged	over	
36	global	climate	projection	models	
(CMIP5)	presented	as	departures	
from	the	mean	(ensemble	mean	±	
one	standard	deviation)	for	the	period	
between	1981-2005.	Red	line	is	the	
RCP8.5	projection	and	the	blue	line	is	
the	RCP4.5	projection(adapted	from	
AMAP,	2017;	Overland	et	al.,	2014).
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Distribution
Changes in range and phenology have been a widely observed response to climate 
change across taxa (Lenoir et al., 2020). In a review of 1598 species, including birds, 
amphibians, and insects, Parmesan & Yohe (2003) found evidence of shifts in range 
and/or phenology for more than half of these. Observed shifts are non random and 
correspond to what is expected from observed climatic changes. For example, spe-
cies may move their distributions to higher elevations or poleward to mitigate the 
effects	of	increasing	temperatures	(Freeman	et	al.,	2021;	Parmesan	&	Hanley,	2015).	
Importantly, Corlett & Westcott (2013) concluded that many plants may not be able 
to shift their ranges at a pace that can keep up with the rate of climate change. Simi-
larly, a study by Hällfors et al. (2021) concluded that boreal Lepidoptera species in 
Finland may need to change both their phenology and distribution in order to adapt 
to climate change, something that only a small proportion of the species included in 
the	study	was	able	to	do.	For	a	species	that	is	unable	to	adapt	at	a	sufficient	rate	or	is	
limited in its potential range, such as montane species, population declines or even 
extinction may be the outcome (Parmesan, 2006).

Phenology
Changes in the timing and duration of life-history events are a well-substantiated 
response to climate warming and one that has been observed across ecosys-
tems and species (Collins et al., 2021; Hällfors et al., 2020; Parmesan, 2006). Shifts 
have	been	observed,	 for	example,	 in	 the	 timing	of	 leafing,	flowering,	and	 fruit-
ing of plants (Collins et al., 2021; Menzel, 2006) and migration of birds (Conklin 
et al., 2021; Liebezeit et al., 2014) and mammals (Mallory et al., 2020). A com-
mon phenological response is spring advancement (Hällfors et al., 2020; Menzel 
et	al.,	 2020),	 but	 there	are	 large	 interspecific	and	often	 unexplained	 variations	
in the magnitude and direction of responses (Assmann et al., 2019; Prevéy et al., 
2017;	Rafferty	et	al.,	2020;	Thackeray	et	al.,	2016).	Species	vary	in	their	sensitivity	
to environmental change and in the cues that they react upon, and exposure to 
environmental change may be heterogeneous in space and time, even within 
a species (Antão et al., 2022). Indeed, responses may vary between life history 
events within a single species as documented for bird breeding and migration 
(Tomotani et al., 2018) and vegetative and reproductive stages of tundra plants 
(Collins et al., 2021). Further, changes in phenology are not a one-to-one response 
to warming but to a complex of interacting environmental cues. For example, both 
flowers	and	pollinators	have	been	found	to	react	on	soil	moisture	levels	as	well	as	
temperature	(Olliff-Yang	&	Mesler,	2018)	and	snow	melt	date	has	been	found	to	
be	a	better	predictor	of	onset	of	flowering	than	vernal	temperature	(Assmann	et	
al., 2019; MacDougall et al., 2021).

Considering the drastic ongoing changes in the Arctic climate, it is a reasonable 
assumption that Arctic species responses may also be particularly strong. Indeed, 
extreme phenological shifts have been observed across plants, arthropods, and 
birds in the High Arctic (Høye et al., 2007; Post et al., 2018). Responses of Arctic 
vegetation, e.g. Arctic greening, to global changes are widely documented (Ass-
mann et al., 2019; CaraDonna et al., 2014), but the responses are not uniform and 
unidirectional across species. For 14 Arctic tundra plant species, Assmann et al. 
(2019) found considerable variation in both the magnitude and direction of shifts 
in	the	timing	of	leaf-out	and	flowering,	with	snow	melt	date	being	a	better	predic-
tor	of	change	than	spring	temperature.	Such	interspecific	differences	in	responses	
may have consequences at the ecosystem level. For example, Prevéy et al. (2018) 
found	that	the	flowering	seasons	of	tundra	plant	communities	are	contracting	be-
cause	flowering	is	advancing	more	for	late-flowering	than	for	early-flowering	spe-
cies. Unravelling the drivers of phenology and the reasons for inter- and intraspe-
cific	 variations	 in	 sensitivity	 is	 a	necessity	 if	we	are	 to	understand	 the	potential	
consequences for communities, ecosystems, and biodiversity (Prevéy et al., 2017).
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However,	typically,	trends	in	flowering	or	leaf-out	are	measured	as	change	in	the	
timing	of	onset	of	flowering	captured	as	 the	date	 for	first	flowering	or	 the	date	
when	10%	of	the	flowers	in	a	plot	have	emerged,	based	on	information	derived	
from	e.g.	weekly	visits	to	sample	plots	(Jabis	et	al.,	2020;	König	et	al.,	2018;	Miller-
Rushing	et	al.,	2008;	Prevéy	et	al.,	2018).	Thus,	onset	of	flowering	is	often	based	
on rather crude estimates, which could mask true trends. Further underlining the 
complexity	of	the	subject,	key	variables	for	flowering	phenology,	onset,	peak,	and	
end	of	flowering	may	respond	independently	to	climatic	cues,	and	relying	on	first	
flowering	as	a	sole	predictor	of	phenological	change	may	lead	to	inaccurate	esti-
mates of magnitude and extent of change (CaraDonna et al., 2014; Kudo, 2020). 
Thus,	 trends	of	change	 in	flowering	phenology	should	 ideally	be	studied	based	
on	full	flowering	distributions;	yet,	extensive	work	required	for	collecting	such	data	
most often prevents this. Collecting data at remote Arctic sites is a particular chal-
lenge	and	consequently	 existing	 field	data	 is	 scarce,	 patchy,	 and	biased	 (Cal-
laghan et al., 2021; Metcalfe et al., 2018). Here, automated sensing of phenology 
is an obvious potential solution (Dronova & Taddeo, in press). Recently, image-
based monitoring coupled with deep learning has been shown to be a promising 
avenue	for	automated	and	cost-efficient	collection	of	full-season	flower	phenol-
ogy data (Mann et al. (in press) (Paper I); Paper II).

4.3 Temporal mismatches of biotic interactions
A species relies on synchrony of life history events with those of its resources. An 
insect	must	 overlap	 in	 time	with	 its	 host	 plant,	 a	 flowering	plant	must	 overlap	 in	
time with its pollinators, and a predator must overlap in time with its prey. Thus, it 
is common for species to act on environmental cues such as temperature, snow 
melt, and photoperiod to time life history stages with optimal conditions (Watts et 
al., 2022). A species that is unable to track any phenological shifts of its resource 
may	pay	 the	price	 in	fitness	 (Visser	&	Gienapp,	2019).	 If	 interdependent	 species	
differ	in	their	response	to	a	change	in	climate	or	respond	to	different	cues	that	are	
changing asynchronously, their interactions may be decoupled, causing a trophic 
mismatch (Renner & Zohner, 2018; Visser et al., 1998; Visser & Both, 2005). Recently, 
Weaver & Mallinger (2022) found that a specialist bee and its host plants responded 
to	increased	spring	temperature	with	shifts	in	their	phenology	but	at	different	rates,	
creating	a	potential	for	future	phenological	mismatch.	Similarly,	Olliff-Yang	&	Mesler	
(2018) found that a plant species had a weaker response to warming than its main 
pollinator, a ground-nesting bee species. While such studies demonstrate that cli-
mate change can lead to trophic mismatch in single systems, the large variation in 
the magnitude and direction of species responses underlines the need for improved 
understanding in this area.
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5 Monitoring plants and pollinators with 
cameras and deep learning

In a recent meta-analysis, Kharouba et al. (2018) documented considerable shifts 
in synchrony between interacting species since the 1980s, with some pairs show-
ing opposite directions of responses. While there is increasing evidence of climate 
change causing mismatches between interacting species, the intricate dynam-
ics of responses and their consequences at the level of communities, ecosystems, 
and	 ultimately	 biodiversity	 are	 difficult	 to	 disentangle	 (CaraDonna	et	 al.,	 2014;	
Rafferty	et	al.,	2020).	For	example,	while	some	species	suffer	detrimental	conse-
quences	of	the	changing	climate,	others	may	benefit	(Hill	et	al.,	2021).	If	we	are	
to understand the sensitivity of biotic interactions to environmental change and 
the consequences of their decoupling, we must be able to reliably quantify those 
interactions	directly	and	not	rely	on	simplistic	variables	such	as	first	events.	This	is	a	
major challenge, however, especially when interactions are ephemeral such as for 
plants and insect pollinators. Here, the long-term, yet high-frequency observations 
that	image-based	methods	provide	may	be	a	significant	advantage.

The aim of my PhD project was to explore and develop applications of deep 
learning and computer vision in relation to image-based monitoring of plants 
and pollinators and their interactions. The majority of my work has been based 
on monitoring of permanent plots with time-lapse cameras at a number of Arctic 
field	sites,	with	the	main	focus	being	two	plant	species	of	the	genus	Dryas, D. oc-
topetala and D. integrifolia	(Murray,	1997)	and	their	flower	visitors	(fig.	5).	The	two	
Dryas species are perennial, cushion-forming dwarf-shrubs with insect-pollinated 
flowers.	They	thrive	in	nutrient-poor	gravel	substrates	and	are	native	to	Arctic	and	
alpine regions of North America, Asia, and Europe. Following pollination, the pis-

Figure 5.	A	patch	of	Dryas	in	
Narsarsuaq,	Greenland,	with	a	
Syrphid	fly	visiting	a	flower	(right)	
and	a	flower	with	the	conspicu-
ous	styles	that	are	produced	dur-
ing	seed	set	(left).	Photos:	Hjalte	
M.R.	Mann.
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tils	stay	attached	to	the	flower	and	as	the	fruits	mature,	the	styles	elongate	into	
feathery objects that are caught by the wind and dispersed. The physical prop-
erties	of	the	flowers	make	them	particularly	well	suites	for	monitoring	with	near-
surface cameras. Further, their wide geographical range makes these species 
relevant	for	studying	the	effects	of	climate	change	on	plant	phenology	and	the	
species	are	often	included	in	long-term	flower	phenology	monitoring.	From	the	
Arctic	field	 sites,	 images	were	collected	with	near-surface	 time-lapse	cameras	
each mounted above Dryas cushions. The cameras recorded images of the plot 
below at high temporal frequency through full growing seasons. The main objec-
tive of this work was to develop automatized methods for extracting information 
on	the	flowering	phenology	of	the	Dryas	flowers	and	to	quantify	flower	visits	to	
the	flowers	at	a	high	temporal	and	spatial	resolution	using	computer	vision	and	
deep learning methods.

5.1 Plants
Capturing	 flower	 phenology	 requires	 season-wide	monitoring	 of	 sample	 plots;	
thus, crude estimates are often used to represent phenological distribution such 
as	the	date	for	first	flowering	(Fox	&	Jönsson,	2019;	Prevéy	et	al.,	2021).	In	Mann	
et al. (in press) (Paper I), I show that time-lapse cameras are a viable substitute for 
traditional	methods	of	observation	of	flower	phenology,	and	 I	demonstrate	 that	
object	detection	with	deep	learning	can	be	used	to	count	individual	flowers	in	im-
ages,	resulting	in	detailed	quantification	of	flower	phenology	across	full	growing	
seasons.	The	increased	accuracy	in	estimates	of	flower	phenology	with	the	pre-
sented method can help document variation between populations and responses 
to environmental change.

Accurate	distributions	of	flowering	phenology	can	help	document	shifts	in	phenol-
ogy over time and temporal mismatches between species. However, population-
level phenological distributions may not reveal dynamics occurring at the level of 
individuals (Inouye et al., 2019). For example, responses to environmental change 
may	 depend	 on	 the	 timing	 or	 duration	 of	 flowering	 for	 the	 individual	 flower.	
Further, interactions, such as pollination events, occur between individuals, and 
studying the dynamics of these interactions and their sensitivity to environmental 
change	should	ideally	be	based	on	direct	quantification.	High-frequency	image-
based observations of sample plots across full seasons make it possible to derive 
the	timing	and	duration	of	flowering	for	the	individual	flower.	The	method	requires	
automation	to	be	feasible	at	scales	that	are	sufficient	to	capture	trends	in	varia-
tion, but automatically tracking multiple unmarked individuals outside of labora-
tory	settings	represent	a	major	challenge	(Ratnayake,	2021).	Additionally,	flowers	
in image series do no comply with common assumptions of tracking methods, 
which prevents their application (Chen & Chen-Song, 2022). In Paper II, I present 
a	flower	tracking	algorithm	that	is	capable	of	tracking	individual	flowers	through	
image series. The method can accurately estimate phenological variables for in-
dividual	flowers	and	is	a	step	towards	plant-pollinator	research	at	the	level	of	in-
dividual	flowers.

5.2 Pollinators
Insect	visits	to	flowers	are	transient	and	require	high-frequency	observation	to	cap-
ture. Cameras can provide continuous observational data and especially time-
lapse cameras are suitable for monitoring plant-pollinator interactions, as they 
don’t rely on triggering by motion (Naqvi et al., 2022). However, as the time-lapse 
frequency is increased, the challenge of dealing with empty images becomes sig-
nificant.	If	no	reliable,	automatic	method	for	detection	of	insects	and	discarding	of	
empty images is available, the scale of studies is limited to what can be manually 
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processed.	In	Paper	III,	I	combine	deep	learning-based	detection	of	flowers	with	
the	power	of	citizen	science	to	examine	more	than	3.7	million	flower	detections	for	
insect	visitors.	The	results	reveal	substantial	variation	in	flower	visit	duration,	as	well	
as	visitor	frequencies	between	days	and	between	the	individual	flowers	within	a	
plot.	We	find	an	extreme	bias	towards	empty	images	and	underline	that	our	meth-
od	can	be	a	necessary	first	step	to	generate	training	data	for	automated	methods.

An	obvious	benefit	of	monitoring	with	cameras	is	the	possibility	of	extending	moni-
toring outside of what is done with traditional methods. In Paper VI, we present the 
results of a study on day-and-night camera surveillance of pollinator visits to red 
clover.	We	find	that	night-time	visits	by	moths	seem	to	contribute	to	the	pollination	
of this plant, something that has previously been overlooked.

While	insect	monitoring	with	off-the-shelf	cameras	is	a	cost-efficient	and	scalable	
approach,	systems	specifically	designed	for	this	use-case	can	come	with	several	
benefits	(Droissart	et	al.,	2021).	For	example,	with	these	it	is	possible	to	combine	
optimal hardware with on-board software for handling and analysing captured 
images (Pegoraro et al., 2020). This makes it possible to perform real-time detec-
tion of insects as images are captured, whereby empty images can be discarded 
as the system is running. Consequently, the systems can run at high frame-rate 
which allows for tracking of individual insects through time. Hereby, not only visita-
tion frequencies but duration of visits can be estimated. Further, accurate tracking 
links multiple instances of the same individual, which can improve species clas-
sification	accuracy.	In	Bjerge	et	al.	(2022)	(Paper	V),	we	present	an	image-based	
monitoring system for detecting and classifying insects as well as tracking their 
movements. We show that the system can quantify the duration of visits for indi-
vidual	insect	taxa	and	find	substantial	variation	among	these.
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6 Future directions

The results of the papers included in this thesis underline the potential for expand-
ing the scope of ecological research with hardware and software solutions. There 
is still much left to understand about the relationship between climate change and 
the	responses	of	the	biotic	world,	from	individuals	to	ecosystems.	For	this,	efficient,	
automated methods for collecting and analyzing data are crucial.

Monitoring with cameras and deep learning is increasingly applied in ecological 
research, including the studies of plants and pollinators (Høye et al., 2021 (Paper 
IV)).	While	such	studies	offer	valuable	proof	of	concepts,	the	methods	and	espe-
cially trained deep learning models are rarely generally applicable because of 
the limited spatial, technical, and taxonomic extent on which they were devel-
oped. As methodologies advance, we should have increased focus not just on de-
veloping methods for niche applications but on how these methods can be used 
in larger contexts and on what ecological questions they can help us answer. In 
this	regard,	I	offer	some	suggestions	for	future	directions	for	image-based	monitor-
ing of ecosystems, with focus on plants and pollinators.

6.1 Fully automated plant-pollinator monitoring
The papers included in this thesis all contribute towards development of novel 
methods for the study of plants and pollinators and their interactions. I have dem-
onstrated	that	flowers	can	be	automatically	monitored	at	the	level	of	individuals	
and	that	insect	visitors	can	be	detected,	identified	and	tracked.	I	have	also	docu-
mented	considerable	variation	in	visitation	frequencies	between	individual	flow-
ers and variation in durations of visits between species. These results highlight the 
relevance of moving towards automated monitoring of plant-pollinator interac-
tions at the level of individuals. The next step should be to combine methods into 
systems	that	can	handle	the	full	set	of	tasks,	i.e.,	monitoring	flower	phenology	at	
the	 level	of	 individuals,	quantifying	 insect	 visits	 to	 individual	 flowers,	 identifying	
visiting species, and tracking individual insects to capture duration of visits. Ideally, 
such systems should be based on widely available and open-source hardware to 
increase customizability and keep costs low (Droissart et al., 2021; Geissmann et 
al., 2021). This will facilitate large-scale implementations of the systems that in turn 
can generate data across geographical regions and ecosystems. Additionally, the 
possibility of developing autonomous biomonitoring stations equipped with mul-
tiple complimentary sensors deserves focus. Use of multiple sensors will allow for 
capture of a wider range of species as well as cross-validation of results between 
sensor data. In the near future, biomonitoring stations perform comprehensive, au-
tomated biodiversity inventories (Wägele et al., 2022). Continuous development 
and implementation of intelligent monitoring methods will surely facilitate a much 
improved understanding of ecological systems, and many approaches will be-
come ubiquitous for ecological monitoring as they will allow us to base our studies 
on larger datasets of higher quality.

As we increasingly rely on automated methods for ecological monitoring, we 
should be attentive to the errors of the methods and what they mean for our eco-
logical questions. For example, a model trained to distinguish between 10 species 
of bees may reach a mean average precision of 0.90. This may be an interesting 
result	demonstrating	the	potential	of	automated	classification	of	bees.	Yet,	 for	a	
specific	ecological	 research	question,	 the	errors	and	shortcomings	of	 the	model	
deserve as much focus as the accuracy. For example, what happens to the indi-
viduals	that	are	classified	incorrectly	by	the	model?	Are	there	patterns	in	the	er-
roneous	classifications	that	can	explain	why	they	are	wrongly	classified?	If	we	are	
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to apply the model in a new setting where species that were not included in the 
training	data	occur,	how	do	we	deal	with	this?	The	significance	of	these	problems	
depends on the research question. For example, in some cases it may not be a 
problem	if	rare	species	not	included	in	the	training	data	are	wrongly	classified	to	
one of the existing classes. In other cases, it may be vital that these outlier species 
are detected. An important point here is that with rigorous study designs, we can 
test and quantify errors of the models and take these into account when analyz-
ing and interpreting results. Wide availability of annotated and curated data will 
facilitate easier initial testing of new methods and help us identify problems.

6.2 Collecting data for the future ecologist
The applications for deep learning and image-based monitoring in ecology are 
vast and we are just beginning to see the potential of these methods. As tech-
nologies advance, it is pivotal that they can be developed and tested on relevant 
ecological data. Thus, when new methods are published, associated data, such 
as images and annotations, should be made publicly available. Images should 
be accompanied with comprehensive metadata such as image time stamps, and 
camera type and settings. Additionally, supplementary data, for example informa-
tion on study design and any data collected in parallel with images, e.g. abiotic 
variables, should be included. Ideally, publication of these data will be done to 
global	repositories	developed	specifically	for	this	purpose.	This	will	allow	for	syn-
thesis of large, varied datasets for training and testing of new methods and will 
surely accelerate development of reliable monitoring systems.

Simultaneously with the development and implementation of automated meth-
ods, we should continuously collect supplementary data for validation of results. 
This	could	be	manual	field	measurements,	collection	of	specimens	for	subsequent	
morphological	or	genetic	species	identification,	or	flowers	to	derive	flower	visitor	
species with eDNA barcoding (Thomsen & Sigsgaard, 2019), but also data from 
complimentary sensors (Wägele et al., 2022). Such data can be used for cross 
validation of results and correction of annotations for later models. For monitoring 
with near-surface cameras, relating results to those obtained with other proximal 
and remote sensing methods, such as drone and satelitte imagery is important 
(Assmann et al., 2020). This allows for validation of results but also investigation of 
how	the	results	differ	across	spatial	resolution.

6.3 Advances in computational intelligence
The	fields	of	computer	vision	and	deep	learning	are	advancing	very	rapidly.	And		
new deep learning architectures or improvements of established models are regu-
larly	published.	These	offer	improved	performance	in,	for	example,	computational	
speed	and	efficiency,	higher	accuracy	of	benchmarks,	and	more.	However,	rarely	
are these methods developed with ecological applications in mind, and they may 
require adaptations in order to solve tasks in ecology, and most often image rec-
ognition models will at least require retraining with appropriate data. This means 
that adoption of new methods may be challenging and comes with a cost and risk 
associated, and whether to adopt new technologies or stick with known-to-work 
techniques	requires	careful	consideration	of	the	potential	benefits	that	a	method	
may	offer.

Labelled ecological data can be very time consuming to produce; thus, methods 
that	can	reduce	the	effort	required	for	this	should	be	explored.	Here,	semi-super-
vised and weakly supervised image recognition methods are particularly relevant 
as is the possibility of generating fake training data with generative adversarial 
networks. Further, exploration of open-set recognition methods is of particular rel-
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evance	to	ecology.	In	open-set	recognition,	the	task	is	to	flag	samples	that	were	
not included in the training (Bodesheim et al., 2013; Vaze et al., 2021). As ecologi-
cal communities generally consist of many common and few rare species, it is very 
challenging to obtain comprehensive and balanced training data, and it is gener-
ally infeasible to train methods on data covering all species in a given area, espe-
cially since the full distribution of species is most often unknown a priori. Open-set 
recognition models and related methods may be leveraged for detection of previ-
ously unseen and perhaps rare species, which can then be processed manually.

Finally, increased and continued focus on collaboration between engineers, com-
puter	scientists,	and	ecologists	 is	vital.	Efficient	and	reliable	methods	are	crucial	
for increasing the quality and scale of ecological data collection and technologi-
cal experts are essential for the development of these methods. In turn, the major 
challenges involved in developing methods applicable in an ecological setting 
can lead to new discoveries and breakthroughs in the technological research 
fields.	 It	 is	 important	 to	emphasize,	however,	 that	 implementation	of	automated	
data collection and analysis methods it not a substitute for expert ecologists such 
as	 taxonomists	 and	 field	 biologists.	 As	 the	methods	 advance	and	ecology	be-
comes	increasingly	a	big	data	research	field,	we	need	experts	perhaps	more	than	
ever. Not only will they be a necessity for the development and validation of new 
methods, they are also essential for interpreting and understanding ecosystem dy-
namics within the context of big data.
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Abstract

The advancement of spring is a widespread biological response to climate

change observed across taxa and biomes. However, the species level responses

to warming are complex and the underlying mechanisms are difficult to disen-

tangle. This is partly due to a lack of data, which are typically collected by

direct observations, and thus very time-consuming to obtain. Data deficiency is

especially pronounced in the Arctic where the warming is particularly severe.

We present a method for automated monitoring of flowering phenology of

specific plant species at very high temporal resolution through full growing sea-

sons and across geographical regions. The method consists of image-based

monitoring of field plots using near-surface time-lapse cameras and subsequent

automated detection and counting of flowers in the images using a convolu-

tional neural network. We demonstrate the feasibility of collecting flower phe-

nology data using automatic time-lapse cameras and show that the temporal

resolution of the results surpasses what can be collected by traditional observa-

tion methods. We focus on two Arctic species, the mountain avens Dryas octo-

petala and Dryas integrifolia in 20 image series from four sites. Our flower

detection model proved capable of detecting flowers of the two species with a

remarkable precision of 0.918 (adjusted to 0.966) and a recall of 0.907. Thus,

the method can automatically quantify the seasonal dynamics of flower abun-

dance at fine scale and return reliable estimates of traditional phenological vari-

ables such as the timing of onset, peak, and end of flowering. We describe the

system and compare manual and automatic extraction of flowering phenology

data from the images. Our method can be directly applied on sites containing

mountain avens using our trained model, or the model could be fine-tuned to

other species. We discuss the potential of automatic image-based monitoring of

flower phenology and how the method can be improved and expanded for

future studies.

Introduction

Climate change is influencing phenology across taxa and

ecosystems and a trend towards advancement of spring is

widely observed (Collins et al., 2021; H€allfors et al., 2020;

Menzel et al., 2020; Parmesan, 2006). However, species

vary in their responses to climate change and some spe-

cies and populations elicit seemingly counterintuitive phe-

nological responses (Cook et al., 2012; Prev�ey et al., 2019;

Rafferty et al., 2020; Thackeray et al., 2016). For instance,
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tangle. This is partly due to a lack of data, which are typically collected by

direct observations, and thus very time-consuming to obtain. Data deficiency is

especially pronounced in the Arctic where the warming is particularly severe.

We present a method for automated monitoring of flowering phenology of

specific plant species at very high temporal resolution through full growing sea-

sons and across geographical regions. The method consists of image-based

monitoring of field plots using near-surface time-lapse cameras and subsequent

automated detection and counting of flowers in the images using a convolu-

tional neural network. We demonstrate the feasibility of collecting flower phe-

nology data using automatic time-lapse cameras and show that the temporal

resolution of the results surpasses what can be collected by traditional observa-

tion methods. We focus on two Arctic species, the mountain avens Dryas octo-

petala and Dryas integrifolia in 20 image series from four sites. Our flower

detection model proved capable of detecting flowers of the two species with a

remarkable precision of 0.918 (adjusted to 0.966) and a recall of 0.907. Thus,

the method can automatically quantify the seasonal dynamics of flower abun-

dance at fine scale and return reliable estimates of traditional phenological vari-

ables such as the timing of onset, peak, and end of flowering. We describe the

system and compare manual and automatic extraction of flowering phenology

data from the images. Our method can be directly applied on sites containing

mountain avens using our trained model, or the model could be fine-tuned to

other species. We discuss the potential of automatic image-based monitoring of

flower phenology and how the method can be improved and expanded for

future studies.

Introduction

Climate change is influencing phenology across taxa and

ecosystems and a trend towards advancement of spring is

widely observed (Collins et al., 2021; H€allfors et al., 2020;

Menzel et al., 2020; Parmesan, 2006). However, species

vary in their responses to climate change and some spe-

cies and populations elicit seemingly counterintuitive phe-

nological responses (Cook et al., 2012; Prev�ey et al., 2019;

Rafferty et al., 2020; Thackeray et al., 2016). For instance,

ª 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and

distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.

1

species that are apparently non-respondent to warming

can have opposite responses to fall/winter and spring

warming, and observed trends in first flowering dates

across species may thus depend on their relative sensitiv-

ity to these variables (Cook et al., 2012). Differential

responses between interacting and interdependent species,

for example flowers and their pollinators, to climate

changes may disrupt their temporal synchrony (Visser &

Both, 2005). To disentangle and quantify the intricate

effects of climate change on phenology, we must study

phenology at the species level. However, recording phe-

nology is logistically challenging and is mostly done at a

coarse temporal resolution with potentially poor change

detection ability as a consequence (Arft et al., 1999).

Flower phenology is often described by a single variable

related to the date of first flowering (Fox &

J€onsson, 2019; Miller-Rushing et al., 2008; Prev�ey

et al., 2019). Such data may be too simplistic to capture

how flowering seasons change in relation to climate

change (Iler et al., 2013b; Inouye et al., 2019; Myers-

Smith et al., 2020). For example, first, peak, and last flow-

ering may not shift uniformly, and relying solely on the

date of first flowering may overestimate shifts in peak

flowering and fail to predict shifts in the last flowering,

and hence fail to adequately detect responses to climate

change (CaraDonna et al., 2014). Recording flower phe-

nology across full growing seasons may remedy this, but

this is rarely feasible within traditional sampling schemes

relying on human observations (Koide et al., 2019; Prev�ey

et al., 2017; Rafferty et al., 2020). For manual sampling,

data collection is limited by the frequency with which

field sites and sampling plots can be visited. With the

magnitude of reported trends in phenology at a few days

per decade (CaraDonna et al., 2014; Menzel et al., 2020;

Post et al., 2018; Thackeray et al., 2016), even weekly

observations of individual plots introduce substantial

uncertainty in the estimates of long-term trends. Further,

manual sampling is prone to observer bias (Richardson

et al., 2007). Recording species-specific flower phenology

at sufficient temporal and spatial resolution, such that

effects are not masked by sampling error or insufficient

sampling frequency, requires efficient and preferably auto-

mated methods.

The Arctic is warming at three times the rate of the

global average (AMAP, 2021), and responses of Arctic

species to climatic changes can be particularly dramatic

(Høye, Post, et al., 2007; Post et al., 2018). Yet, phenol-

ogy data for the Arctic have been limited (Diepstraten

et al., 2018; Metcalfe et al., 2018), though recent synthesis

efforts have produced a broader foundation using tradi-

tional methods (Prev�ey et al., 2021). Long-term monitor-

ing data are immensely valuable for studying phenology

dynamics, particularly for investigating the complex

responses to climate change (Iler et al., 2013b; Oberbauer

et al., 2013). However, maintaining long-term monitoring

schemes is challenging, especially in the Arctic (Post &

Høye, 2013). Non-permanent funding, evolving method-

ologies, changing study priorities and observer error can

have negative effects on data integrity and complicate

analyses and interpretation of long-term datasets. Thus,

methods that can facilitate reliable and efficient long-term

data collection in remote and challenging locations are in

high demand.

Image-based monitoring of phenology based on green-

ness analyses has been demonstrated both on the land-

scape level (Brown et al., 2016) as well as for specific

species, such as Dryas integrifolia (Beamish et al., 2016).

These studies have highlighted the effectiveness of image-

based monitoring in reducing the load of fieldwork while

increasing the resolution of the obtained data. However,

image-based methods often still require substantial man-

ual efforts in order to extract ecologically relevant data,

which limits the scale at which they can be applied. In

recent years, artificial intelligence systems, particularly

deep learning, have undergone rapid advancement, but

despite the great potential of especially image-based meth-

ods such as convolutional neural networks (CNNs), they

are not yet well established within the field of ecology

(Christin et al., 2019; Høye et al., 2021; Weinstein, 2018).

Adapting and implementing such methods would facili-

tate a temporal and spatial upscaling of ecological data

and allow ecologists to study ecological phenomena at the

scale at which they occur (Estes et al., 2018; Pimm

et al., 2015; Weinstein, 2018).

Our aim for this work was to investigate the feasibility

of automating the monitoring of species-specific flower

phenology at a large spatial scale and high temporal reso-

lution using near-surface time-lapse cameras. Further, we

explored the potential for using deep learning for the

extraction of phenology data from the image series by

automated detection and counting of flowers. We tested

the method on two plant species, Dryas octopetala and D.

integrifolia (Murray, 1997). The species are among the

most common in tundra plant phenology monitoring

programs (Welker et al., 1997) and automated methods

would therefore be particularly relevant for them. Previ-

ous studies showed promising results for the detection of

Dryas flowers (€Arje et al., 2019; Tran et al., 2018),

although individual separation of flowers was poor, which

is a requirement for accurate estimation of flower phenol-

ogy based on automatic flower counts. We expect that a

standardized and automated monitoring workflow will

facilitate a better understanding of flower phenology and

the effects of climate change through large and accurate

datasets. Further, image-based monitoring has great

potential for expansion and could be leveraged, for

2 ª 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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example, in studies on plant reproductive phenology and

interactions with flower-visiting insects. Image series can

hold a great deal of information and as methodologies for

image analysis evolve, existing image datasets can be re-

analyzed and new results can be derived.

Materials and Methods

Study sites and study species

For this study, we collected 20 images time-lapse image

series from three different locations. From one location

images were collected over two seasons. We hereafter refer

to each location/year combination as a site. Five image

series were collected from each of the following sites

(sampling years given in parentheses): Narsarsuaq, South

Greenland (2018 and 2019), Thule, North-West Green-

land (2018), and Ny-�Alesund, Svalbard (2019). The cam-

eras were permanently positioned above cushions of D.

integrifolia (Narsarsuaq, Thule) or D. octopetala (Ny-�Ale-

sund) before the start of the flowering season and

recorded images throughout the season.

The two species of Dryas are widespread, perennial,

cushion-forming evergreen dwarf-shrubs and are native to

arctic and alpine regions of Europe, Asia, and North

America with a geographically separated distribution

except for a likely hybrid zone in Northeast Greenland

(Høye, Ellebjerg, & Philipp, 2007; Philipp & Siegis-

mund, 2003). The insect-pollinated flowers have white

petals and a yellow center and are held erect above the

cushion. Flowers of D. octopetala are characterized by

having eight petals, while D. integrifolia have up to 11.

Since the two species are very similar in appearance and

each of our sites only contains one species, we treated the

two species as one.

Image collection

We used consumer-grade wildlife cameras (Moultrie

Wingscapes TimelapseCam Pro, Moultrie Products, Birm-

ingham, AL, USA) positioned above cushions of Dryas.

The cameras were mounted facing toward the ground on

custom-made metal mounting frames (Fig. 1). Images

were recorded at the highest possible resolution (20 MP).

The cameras allow for manual focusing at a short range

(down to 15 cm) and are equipped with a LED flash for

photography in low lighting. We powered the cameras by

either solar power using a central solar panel, a 12 V

100 Ah lead battery, and a power distributor for a clutch

of six cameras, or by lithium AA batteries. On AA batter-

ies and with a time-lapse interval of 1 min, a camera can

run continuously for more than 2 weeks and record

24 000 images at 20 MP, which typically fits on a 128 GB

SD memory card. Decreasing the time-lapse interval

reduces power consumption and increases runtime. On a

continuous power source, such as solar power, the run-

time of the cameras is restricted purely by the memory.

We successfully ran the cameras with 512 GB SD memory

cards allowing for storage of almost 100 000 images and a

constant runtime of around 70 days with 1-min imaging

frequency.

Image preprocessing

While the original time-lapse frequency was higher to

allow for potential detection of flower visitors at a later

stage, here we subsampled the time-lapse image series to

1-h intervals. Maintaining a relatively high temporal reso-

lution of 1 h ensures that any diurnal variation in the

images is captured. As some cameras ran for an extending

period before and after the flowering season, we truncated

the tails of each series to a maximum of flowering season

length � 50%. These series are hereafter referred to as

the 1-h series. All series spanned full growing seasons,

meaning the image collection was initiated before the first

flowering and terminated after the last flowering, except

for three series: NARS 2019 D and E failed to capture the

onset of flowering and had one and 22 flowers in bloom,

respectively, in the first image of each series. THUL 2018

A failed to capture the end of the flowering and had one

flower in bloom in the last image of the series. Two series

had missing data spanning more than a full day within

the flowering season: THUL 2018 E: 5 days (DOY 190–
194); NYAA 2019 D: 1 day (DOY 194). The cameras col-

lected images for a total of 1274 days.

To create a set of images on which to test the manual

and automatic derivation of phenology variables, we iden-

tified the images containing the first and the last flower,

respectively, for each series and randomly sampled a set

of images from each series within these limits. The images

from the time-lapse series vary in lighting conditions

throughout the day and the flowers can change appear-

ance across the day and the flowering season. Further, the

background varies between the different sites and

throughout the season. In order to train a flower detec-

tion model with high generalization ability, the training

data should cover the full variation in the appearance of

the flowers. As manual flower annotations were to be

used for both manual derivation of phenology variables

as well as for training an automatic flower detection

model, we ensured that this variation was captured in the

annotated images by sampling images in batches across

all series and sequentially annotating them. Each batch

contained 25 randomly sampled images from each 1-h

series. If <25 images were left for a given image series,

sampling from that series was skipped. Images that did
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example, in studies on plant reproductive phenology and

interactions with flower-visiting insects. Image series can

hold a great deal of information and as methodologies for

image analysis evolve, existing image datasets can be re-

analyzed and new results can be derived.

Materials and Methods

Study sites and study species

For this study, we collected 20 images time-lapse image

series from three different locations. From one location

images were collected over two seasons. We hereafter refer

to each location/year combination as a site. Five image

series were collected from each of the following sites

(sampling years given in parentheses): Narsarsuaq, South

Greenland (2018 and 2019), Thule, North-West Green-

land (2018), and Ny-�Alesund, Svalbard (2019). The cam-

eras were permanently positioned above cushions of D.

integrifolia (Narsarsuaq, Thule) or D. octopetala (Ny-�Ale-

sund) before the start of the flowering season and

recorded images throughout the season.

The two species of Dryas are widespread, perennial,

cushion-forming evergreen dwarf-shrubs and are native to

arctic and alpine regions of Europe, Asia, and North

America with a geographically separated distribution

except for a likely hybrid zone in Northeast Greenland

(Høye, Ellebjerg, & Philipp, 2007; Philipp & Siegis-

mund, 2003). The insect-pollinated flowers have white

petals and a yellow center and are held erect above the

cushion. Flowers of D. octopetala are characterized by

having eight petals, while D. integrifolia have up to 11.

Since the two species are very similar in appearance and

each of our sites only contains one species, we treated the

two species as one.

Image collection

We used consumer-grade wildlife cameras (Moultrie

Wingscapes TimelapseCam Pro, Moultrie Products, Birm-

ingham, AL, USA) positioned above cushions of Dryas.

The cameras were mounted facing toward the ground on

custom-made metal mounting frames (Fig. 1). Images

were recorded at the highest possible resolution (20 MP).

The cameras allow for manual focusing at a short range

(down to 15 cm) and are equipped with a LED flash for

photography in low lighting. We powered the cameras by

either solar power using a central solar panel, a 12 V

100 Ah lead battery, and a power distributor for a clutch

of six cameras, or by lithium AA batteries. On AA batter-

ies and with a time-lapse interval of 1 min, a camera can

run continuously for more than 2 weeks and record

24 000 images at 20 MP, which typically fits on a 128 GB

SD memory card. Decreasing the time-lapse interval

reduces power consumption and increases runtime. On a

continuous power source, such as solar power, the run-

time of the cameras is restricted purely by the memory.

We successfully ran the cameras with 512 GB SD memory

cards allowing for storage of almost 100 000 images and a

constant runtime of around 70 days with 1-min imaging

frequency.

Image preprocessing

While the original time-lapse frequency was higher to

allow for potential detection of flower visitors at a later

stage, here we subsampled the time-lapse image series to

1-h intervals. Maintaining a relatively high temporal reso-

lution of 1 h ensures that any diurnal variation in the

images is captured. As some cameras ran for an extending

period before and after the flowering season, we truncated

the tails of each series to a maximum of flowering season

length � 50%. These series are hereafter referred to as

the 1-h series. All series spanned full growing seasons,

meaning the image collection was initiated before the first

flowering and terminated after the last flowering, except

for three series: NARS 2019 D and E failed to capture the

onset of flowering and had one and 22 flowers in bloom,

respectively, in the first image of each series. THUL 2018

A failed to capture the end of the flowering and had one

flower in bloom in the last image of the series. Two series

had missing data spanning more than a full day within

the flowering season: THUL 2018 E: 5 days (DOY 190–
194); NYAA 2019 D: 1 day (DOY 194). The cameras col-

lected images for a total of 1274 days.

To create a set of images on which to test the manual

and automatic derivation of phenology variables, we iden-

tified the images containing the first and the last flower,

respectively, for each series and randomly sampled a set

of images from each series within these limits. The images

from the time-lapse series vary in lighting conditions

throughout the day and the flowers can change appear-

ance across the day and the flowering season. Further, the

background varies between the different sites and

throughout the season. In order to train a flower detec-

tion model with high generalization ability, the training

data should cover the full variation in the appearance of

the flowers. As manual flower annotations were to be

used for both manual derivation of phenology variables

as well as for training an automatic flower detection

model, we ensured that this variation was captured in the

annotated images by sampling images in batches across

all series and sequentially annotating them. Each batch

contained 25 randomly sampled images from each 1-h

series. If <25 images were left for a given image series,

sampling from that series was skipped. Images that did
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not contain flowers were removed in the annotation pro-

cess (72 images did not contain flowers and were

removed before training and testing the automatic flower

detection model). The sampling approach ensures a fair

evaluation of the automatic detection method in the sense

that the annotator cannot use information from the pre-

vious or following images which is also the case for the

detection model. However, in cases where the manual

approach for quantifying phenology from images is

adopted, leveraging information from flanking images is

likely to ease the annotation workflow and reduce the risk

of noise in the annotations. In total, eight batches,

amounting to 3771 images were sampled and annotated

for flowers. These images are hereafter referred to as the

sampled series. The number of images per day depends

on the length of the flowering season for a given series.

The sampled series contained a minimum of 4.6 images

on average per day (NARS 2018 C) and maximum of

18.8 images on average per day (THUL 2018 A). The

sampling approach ensures a dataset that is balanced in

regards to the total number of images sampled from each

series, which is important for a fair assessment of the

automatic flower detection model.

Manually deriving flower phenology from
time-lapse images

We focused on three key phenological variables; onset,

peak, and end of flowering, defined as the times when

10%, 50%, and 90% of the flowers in bloom had been

recorded, respectively. To manually derive these, we

annotated all flowers in bloom (a total of 33 548) in the

sampled image series using the rectangular annotation

tool in the VIA VGG annotation software (Dutta &

Zisserman, 2019). Flowers were defined as in bloom from

when the yellow reproductive organs were visible in the

opening bud until the moment the flower had lost >50%
of its petals or when the petals had changed color to yel-

low/brown. Flowers that crossed the edge of the image

frame or that were covered by other flowers were only

annotated when >40% of the flower was visible. This

decision was taken by considering the standard practice

in object detection methods, where performance is

derived based on the overlap, calculated as the intersec-

tion over union (IoU), between bounding boxes from

manual annotations and detections. Overlap above a cer-

tain threshold is considered a correct detection. Standard

threshold choices for generic object recognition are IoU-

50%, IoU-70%, and IoU-90%. We calculated the cumula-

tive sum of annotated flowers across the season for each

of the 20 series and extracted the time points for the

observation closest to each of the phenology variables

(10%, 50%, and 90%). Owing to the high temporal reso-

lution of the data, there was no need for linear interpola-

tion between observations.

Automatically deriving flower phenology
from time-lapse images

For automatically deriving the phenology variables from

the images, we trained a CNN to detect the flowers in

the images. There are many deep learning networks for

object detection publicly available, with You Only Look

Once (YOLO) and the Faster Region-based Convolu-

tional Neural Network (Faster R-CNN) (Redmon

et al., 2016; Ren et al., 2017) being among the most

well-known. Generally, YOLO has the advantage of fast

processing times, while Faster R-CNN obtains higher

Figure 1. A cluster of six time-lapse cameras mounted above cushions of Dryas integrifolia and a solar panel in Narsarsuaq, Greenland, 2019.

Photo: HMRM.
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detection accuracy (Redmon & Farhadi, 2018). As we

prioritized accuracy rather than the speed we imple-

mented the Mask R-CNN (He et al., 2017), an extension

of the Faster R-CNN, for the detection of flowers in

images. We used an open-source implementation of

Mask R-CNN based on Tensorflow (Abadi et al., 2016)

and Keras (Chollet, 2015) and written in Python. The

code is publicly available on GitHub (https://github.com/

matterport/Mask_RCNN) (Abdulla, 2017). The Matter-

port Mask R-CNN repository provides pre-trained

weights for the COCO dataset (328 k images and

2.5 million labeled instances) (T. Y. Lin et al., 2015).

Before training, we tested the influence of adjusting key

hyperparameters on the detection accuracy of the Mask

R-CNN model (Fig. S1) and found a model with stan-

dard settings but with an extended image augmentation

pipeline performed the best, and we used this approach

for our model. We trained our model by fine-tuning the

pre-trained weights on our dataset of annotated flowers,

a process referred to as transfer learning (Girshick

et al., 2014). Transfer learning leverages large datasets for

training the model to detect and discriminate features in

images, and the model is then subsequently adapted to a

specific use case by fine-tuning on a smaller dataset. The

training was continued until overfitting, detected by a

rise in the validation error, and early stopping was used,

that is, the model that was output at the epoch step

returning the lowest validation error was chosen as the

final model. This approach ensures that the model with

the best ability to generalize is chosen. We tested the

influence of image resolution on detection accuracy and

inference speed when running detections (Fig. S2) and

found that downscaling the images to a resolution of

760 9 427 pixels from the original 6080 9 3420 pixels

gave the best detection accuracy while also vastly increas-

ing inference speed compared to higher resolution

images. We used this image resolution for flower detec-

tion with our model.

Training and testing the flower detection
model

Training a neural network to detect a specific type of

object requires a set of training and validation data,

specifically a set of images in which the objects have been

annotated. The model learns the features of the object of

interest from the training data and repeatedly measures

its prediction performance on the validation data. The

performance achieved on the validation set is used to

decide when to stop the training process. Additionally, a

test set, an independent set of annotated images to evalu-

ate the generalization ability of the deep learning model

(i.e., its ability to perform well on images that are not

included in the training process) is required. We used the

set of manually annotated images from the 20 sampled

series to train and test our flower detection model. To

ensure independency between images used for training,

validation, and testing, all images from a single camera

were used in only one of these sets. Three image series

from each of the four sites were used for training, one

from each site for validation, and one from each site for

testing, yielding a total of 12 training series, four valida-

tion series, and four test series. The decision on which

specific series from a site would be assigned to training,

validation, and testing was based on minimizing the devi-

ation from a 5:2:3 split in terms of number of individual

flower annotations. The split was chosen to ensure suffi-

cient data in all three sets. The final training set contained

18 008 annotations in 2183 images from 12 image series,

the validation set contained 6468 annotations in 752

images from four image series (NARS 2018 E, THUL

2018 C, NARS 2019 A, NYAA 2019 D), and the test set

contained 9073 annotated flowers in 764 images from

four image series (THUL 2018 A, NARS 2018 D, NARS

2019 B, and NYAA 2019 C). Including images from all

four sites in the training maximizes the degree of varia-

tion in the training data. Similarly, including image series

from each site in the test set ensures that the generaliza-

tion capability of the model is tested.

To evaluate the accuracy of our flower detection model,

we compared the model detections in the test set of

images with the manual annotations in the same images.

We present the precision (ratio of the number of true

positives to the total number of predictions), recall (ratio

of the number of true positives to the actual number of

objects), and F1 score (weighted average of precision and

recall) using an IoU threshold value of 0.5 to determine

satisfactory overlap between bounding boxes of the man-

ual flower annotations and the detections. Thus, the man-

ual annotations represent a ground truth on which the

automatic detections are evaluated. Note that any discrep-

ancies between the detections and ground truth are

always considered an error of the CNN and not an error

of the manual annotations. Collectively, the method of

evaluating the precision of the flower detection model is

therefore conservative. For practical reasons, the shift

between flowering stages was considered instant during

the annotation process. However, as it is in reality grad-

ual, we hypothesized that the false-positive predictions

produced by the flower detection model could be biased

toward flowers in stages before and after what we consid-

ered a flower in bloom. Further, only flowers where more

than 40% of the flower was visible were annotated, but

the flower detection model may be capable of recognizing

flowers even if they are only partly visible, which would

also be counted as false positives. To investigate these
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detection accuracy (Redmon & Farhadi, 2018). As we

prioritized accuracy rather than the speed we imple-

mented the Mask R-CNN (He et al., 2017), an extension

of the Faster R-CNN, for the detection of flowers in

images. We used an open-source implementation of

Mask R-CNN based on Tensorflow (Abadi et al., 2016)

and Keras (Chollet, 2015) and written in Python. The

code is publicly available on GitHub (https://github.com/

matterport/Mask_RCNN) (Abdulla, 2017). The Matter-

port Mask R-CNN repository provides pre-trained

weights for the COCO dataset (328 k images and

2.5 million labeled instances) (T. Y. Lin et al., 2015).

Before training, we tested the influence of adjusting key

hyperparameters on the detection accuracy of the Mask

R-CNN model (Fig. S1) and found a model with stan-

dard settings but with an extended image augmentation

pipeline performed the best, and we used this approach

for our model. We trained our model by fine-tuning the

pre-trained weights on our dataset of annotated flowers,

a process referred to as transfer learning (Girshick

et al., 2014). Transfer learning leverages large datasets for

training the model to detect and discriminate features in

images, and the model is then subsequently adapted to a

specific use case by fine-tuning on a smaller dataset. The

training was continued until overfitting, detected by a

rise in the validation error, and early stopping was used,

that is, the model that was output at the epoch step

returning the lowest validation error was chosen as the

final model. This approach ensures that the model with

the best ability to generalize is chosen. We tested the

influence of image resolution on detection accuracy and

inference speed when running detections (Fig. S2) and

found that downscaling the images to a resolution of

760 9 427 pixels from the original 6080 9 3420 pixels

gave the best detection accuracy while also vastly increas-

ing inference speed compared to higher resolution

images. We used this image resolution for flower detec-

tion with our model.

Training and testing the flower detection
model

Training a neural network to detect a specific type of

object requires a set of training and validation data,

specifically a set of images in which the objects have been

annotated. The model learns the features of the object of

interest from the training data and repeatedly measures

its prediction performance on the validation data. The

performance achieved on the validation set is used to

decide when to stop the training process. Additionally, a

test set, an independent set of annotated images to evalu-

ate the generalization ability of the deep learning model

(i.e., its ability to perform well on images that are not

included in the training process) is required. We used the

set of manually annotated images from the 20 sampled

series to train and test our flower detection model. To

ensure independency between images used for training,

validation, and testing, all images from a single camera

were used in only one of these sets. Three image series

from each of the four sites were used for training, one

from each site for validation, and one from each site for

testing, yielding a total of 12 training series, four valida-

tion series, and four test series. The decision on which

specific series from a site would be assigned to training,

validation, and testing was based on minimizing the devi-

ation from a 5:2:3 split in terms of number of individual

flower annotations. The split was chosen to ensure suffi-

cient data in all three sets. The final training set contained

18 008 annotations in 2183 images from 12 image series,

the validation set contained 6468 annotations in 752

images from four image series (NARS 2018 E, THUL

2018 C, NARS 2019 A, NYAA 2019 D), and the test set

contained 9073 annotated flowers in 764 images from

four image series (THUL 2018 A, NARS 2018 D, NARS

2019 B, and NYAA 2019 C). Including images from all

four sites in the training maximizes the degree of varia-

tion in the training data. Similarly, including image series

from each site in the test set ensures that the generaliza-

tion capability of the model is tested.

To evaluate the accuracy of our flower detection model,

we compared the model detections in the test set of

images with the manual annotations in the same images.

We present the precision (ratio of the number of true

positives to the total number of predictions), recall (ratio

of the number of true positives to the actual number of

objects), and F1 score (weighted average of precision and

recall) using an IoU threshold value of 0.5 to determine

satisfactory overlap between bounding boxes of the man-

ual flower annotations and the detections. Thus, the man-

ual annotations represent a ground truth on which the

automatic detections are evaluated. Note that any discrep-

ancies between the detections and ground truth are

always considered an error of the CNN and not an error

of the manual annotations. Collectively, the method of

evaluating the precision of the flower detection model is

therefore conservative. For practical reasons, the shift

between flowering stages was considered instant during

the annotation process. However, as it is in reality grad-

ual, we hypothesized that the false-positive predictions

produced by the flower detection model could be biased

toward flowers in stages before and after what we consid-

ered a flower in bloom. Further, only flowers where more

than 40% of the flower was visible were annotated, but

the flower detection model may be capable of recognizing

flowers even if they are only partly visible, which would

also be counted as false positives. To investigate these
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issues further, we quantified what proportion of the false

positives (i.e., bounding boxes from the automatic flower

detections that did not overlap with manual annotations)

were actually flowers in any stage or size. We obtained an

adjusted precision score for the model by including these

as correct positives. False-positive detections that could

not be recognized as a flower with certainty were not

included and neither were single petals lost from flowers.

Applying the model to the test set and comparing it to

the manual annotations in the same images accurately

measures its ability to detect flowers. However, in order

to test the feasibility of automatically deriving the phenol-

ogy variables from image series without preprocessing, we

also ran the flower detection model on the 1-h image ser-

ies and compared the derived phenology variables to the

sampled series.

Results

Manually derived flowering phenology

The manual flower annotations gave detailed information

on the phenology of the flowers in each plot. With several

images annotated for flowers per day for each series, we

obtain flower counts across the season in very high tem-

poral resolution. In Figure 2, we present the phenology

variables obtained for each series as well as the distribu-

tion of flowers through the season represented as the

mean number of flowers annotated per day (number of

flowers annotated per image through the season is given

in Fig. S3).

Automatic flower detection

Our flower detection model reached a precision of 0.918

and a recall of 0.907. Thus, 8.2% (N = 738) of the

detected flowers were false positives and 9.3% (N = 843)

of the 9073 annotated flowers in the test set were not

detected (i.e., false negatives). The performance corre-

sponds to an F1 score of 0.912. However, we found that

58.8% (N = 434) of the 738 false positives produced by

the model actually constituted flowers, but that these were

either categorized in a stage other than bloom or were

<40% visible and hence not considered valid observations

during annotation. Including these as correct detections

increased the precision of the flower detection model to

0.966 (F1 = 0.936). Figure 3 shows example images from

each of the four test series with the corresponding results

obtained with the flower detection model.

Automatically-derived flowering phenology

The automatic flower detections on the sampled images

as well as on the 1-h image series from the test set closely

resembled the seasonal flowering dynamics derived by the

manual annotations (Fig. 4A presents the mean number

of flowers per day while the number of flowers per image

is given in Fig. S4). Consequently, the cumulative sum of

flower counts followed very similar trajectories for the

annotations of the sampled series, the detections on the

sampled series, and the detections on the 1-h series for

the four test series (Fig. 4B). The derived onset, peak, and

end of flowering showed much more variation between

Figure 2. (A) The phenology variables extracted from the flower detections for each of the 20 image series. Black dots show time for the first

and last flower in the series. (B) Mean number of flowers annotated per day through the season for each image series.
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the four test series than between detections and ground

truth observations. The deviation between the ground

truth onset of flowering and those derived from the auto-

matic detections on the sampled series was 5.0 � 6.7 h

(mean � SD). For peak flowering, the deviation was

8.0 � 4.4 h, and for end flowering the deviation was

21.5 � 18.0 h. The deviation between ground truth val-

ues and those derived from the automatic detections on

the full series was 11.0 � 7.1, 8.0 � 7.5, and

46.5 � 13.0 h for onset, peak, and end flowering, respec-

tively.

Discussion

In this study, we demonstrate how time-lapse cameras

can be used for detailed monitoring of flowering phenol-

ogy of specific plant species across the length of growing

seasons. Image-based monitoring with time-lapse cameras

allows for automatic data collection at a much-needed

increased temporal resolution compared to traditional

methods. Depending on the time-lapse frequency of the

cameras and assuming a constant power source and suffi-

cient memory, the cameras can run through full growing

Figure 3. Example image from each of the four test series with bounding boxes for positives (correct flower detections) as green rectangles, false

negatives (flowers that were not detected) as blue rectangles, and false positives (incorrect flower detections) as red rectangles. Top left: NARS

2019 B, top right: NYAA 2019 C, bottom left: NARS 2018 D, bottom right: THUL 2018 A.

Figure 4. (A) Mean number of flowers annotated (sampled images) and detected (sampled series and 1-h series) per day through the season for

each of the four image series in the test set. Hatched lines show the times for the first and last flower in the series. (B) Cumulative sum of the

number of flowers annotated (sampled images) and detected (sampled series and 1-h series) through the season for each of the four image

series. Hatched lines mark 10%, 50%, and 90%.
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the four test series than between detections and ground

truth observations. The deviation between the ground

truth onset of flowering and those derived from the auto-

matic detections on the sampled series was 5.0 � 6.7 h

(mean � SD). For peak flowering, the deviation was

8.0 � 4.4 h, and for end flowering the deviation was

21.5 � 18.0 h. The deviation between ground truth val-

ues and those derived from the automatic detections on

the full series was 11.0 � 7.1, 8.0 � 7.5, and

46.5 � 13.0 h for onset, peak, and end flowering, respec-

tively.

Discussion

In this study, we demonstrate how time-lapse cameras

can be used for detailed monitoring of flowering phenol-

ogy of specific plant species across the length of growing

seasons. Image-based monitoring with time-lapse cameras

allows for automatic data collection at a much-needed

increased temporal resolution compared to traditional

methods. Depending on the time-lapse frequency of the

cameras and assuming a constant power source and suffi-

cient memory, the cameras can run through full growing

Figure 3. Example image from each of the four test series with bounding boxes for positives (correct flower detections) as green rectangles, false

negatives (flowers that were not detected) as blue rectangles, and false positives (incorrect flower detections) as red rectangles. Top left: NARS

2019 B, top right: NYAA 2019 C, bottom left: NARS 2018 D, bottom right: THUL 2018 A.

Figure 4. (A) Mean number of flowers annotated (sampled images) and detected (sampled series and 1-h series) per day through the season for

each of the four image series in the test set. Hatched lines show the times for the first and last flower in the series. (B) Cumulative sum of the

number of flowers annotated (sampled images) and detected (sampled series and 1-h series) through the season for each of the four image

series. Hatched lines mark 10%, 50%, and 90%.

ª 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 7

H. M. R. Mann et al. Automatic Phenology With Cameras and Deep Learning

seasons, only requiring attendance at setup and data

retrieval. This makes the image-based methodology opti-

mal for monitoring at logistically challenging sites, espe-

cially for long-term monitoring, as equipment can be

continually used across multiple seasons. Across the 20

cameras, we collected images for a total of 1274 days. We

obtained detailed information on flower phenology in 20

sample plots at four different sites from manual flower

annotations of a randomly sampled subset of images. For

large-scale monitoring covering many sites, the produc-

tion of manual flower annotations becomes unfeasible.

Our dedicated deep learning model resolves the challenge

of extracting relevant data from the image series and can

compute very accurate flowering phenology curves. Col-

lectively, the presented method is an automated pipeline

for detailed, species-specific recording of flowering phe-

nology across seasons.

Phenology variables are traditionally derived by inter-

polation between flower counts from, typically, weekly

observations of permanent plots (Iler et al., 2013a), which

introduces considerable uncertainty to the estimates. We

derived the onset and end of flowering based on 10% and

90%, respectively, of the flower counts instead of, for

example, the timings of the first and last single flower

observation. This avoids excessive emphasis on extreme

outliers and reduces sensitivity to flower abundance in

the plot. The high temporal resolution of our image-

based method means that we can identify these variables

based on much more well-defined distributions of obser-

vations. Therefore, it is reasonable to assume that the true

date of events can be more accurately estimated by high-

frequency time-lapse image series than by traditional

direct observation methods. Such increased accuracy will

facilitate an improved understanding of the relationship

between phenology and the drivers of phenological

change and potentially the role of phenology in biotic

interactions.

CNNs are most often trained and evaluated on large

and diverse standard datasets such as the COCO dataset

and the ImageNet dataset (3.2 million images) containing

many everyday objects such as people, electronic con-

sumer products, food products, animals, vehicles, etc.

(Deng et al., 2009; He et al., 2017; Lin et al., 2015; Red-

mon & Farhadi, 2018). Such benchmarks demonstrate the

capabilities of the CNNs but are perhaps less relevant for

specific in situ applications in ecology. Here, we trained

and applied the CNN on images collected in the field to

test the feasibility of automatic monitoring of flower phe-

nology. We used all images from a single camera for

either training, validation, or testing, ensuring that the

ability of the CNN to generalize and detect flowers in

images with unique backgrounds was tested. This

approach increases the risk of detection errors compared

to using images from the same camera for both training

and testing, but the ability to generalize is relevant in the

context of large-scale ecological monitoring. Despite the

difficult setting, the model detected flowers with high

accuracy and the detections represented the true flowering

phenology closely. Further, we were able to accurately

estimate traditional key phenological variables on the

basis of the cumulative sum of flower detections. This,

together with the fact that the image series were collected

with consumer-grade time-lapse cameras, makes the

method relevant and accessible for many research pro-

grams.We treat the transitions between flower stages (e.g.,

from bud to flower or from flower to senesced flower) as

abrupt, while they are in reality gradual. The high tempo-

ral resolution of the image series exacerbates the risk of

errors during this transition phase. We note that similar

problems may occur for both manual flower annotations

and automatic detections as well as for manual observa-

tion in the field. Naturally, basing the flower count on

images makes it possible to confirm results at any time by

inspecting the images. On a related note, flowers that

were partly occluded and where <40% of a flower was

visible were not annotated. However, the model proved

capable of detecting many of these flowers, which were

the cause of a large proportion of the false positives. We

count these as errors, but in fact, it shows that the model

is able to generalize and should be considered a quality.

These issues should be taken into account when assessing

the precision of flower detection models.

We treat the transitions between flower stages (e.g.,

from bud to flower or from flower to senesced flower) as

abrupt, while they are in reality gradual. The high tempo-

ral resolution of the image series exacerbates the risk of

errors during this transition phase. We note that similar

problems may occur for both manual flower annotations

and automatic detections as well as for manual observa-

tion in the field. Naturally, basing the flower count on

images makes it possible to confirm results at any time by

inspecting the images. On a related note, flowers that

were partly occluded and where <40% of a flower was

visible were not annotated. However, the model proved

capable of detecting many of these flowers, which were

the cause of a large proportion of the false positives. We

count these as errors, but in fact, it shows that the model

is able to generalize and should be considered a quality.

These issues should be taken into account when assessing

the precision of flower detection models.

Our method can still be further improved. Visually

inspecting the false-positive detections revealed that the

model had a tendency to falsely detect stones as flowers,

especially when they were overexposed. In some cases, a

single stone was the cause of a high proportion of the

false positives within a series. For example, 78% of the
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false positives in the sampled THUL 2018 A series were

repeated detections of a single stone, which due to over-

exposure might resemble petals of the flowers. Cameras

with greater flexibility in the settings, better optical prop-

erties, or a broader range of backgrounds in the training

data could alleviate this problem, which may also be less

pronounced for flowers that are not white. For our study,

we used a deep learning model based on the Faster R-

CNN framework. This framework has proven capable of a

wide variety of detection problems (Jiang & Learned-

Miller, 2017; Lin & Chen, 2018; Wan & Goudos, 2020)

and is thus a good candidate for novel applications. How-

ever, we note that object detection in computer vision is

an active research topic and new models may achieve

higher performance.

If a constant level of false-positive detections from the

detection model is assumed, the accuracy of the estima-

tion of onset, peak, and end of flowering will be sensitive

to the number of flowers within a plot. As the ratio

between correct positives and false positives will improve

with an increasing number of flowers, so will the preci-

sion of the detection model. Further, false positives affect

the cumulative sum of positives and thereby the accuracy

of the estimated phenology variables. For example, a long

tail of false positives before the actual flowering starts will

advance the estimated onset of flowering, while a long tail

of false positives after flowering has ended will delay the

estimated end of flowering. Finally, the estimate of phe-

nology variables is sensitive to the number of flowers on

which it is based, as few flowers may not represent the

true distribution of flowering in the population well. This

goes for traditionally collected phenology data as well as

for our automated method. Mounting the cameras higher

above the ground would allow for covering a larger area

and could ensure a minimum number of flowers, but

would reduce image resolution and possibly affect detec-

tion accuracy negatively. It is also possible to couple

near-surface cameras with drone surveys for phenological

context (Beamish et al., 2020). However, here we have

shown that even with tails at a maximum of 50% � the

length of the flowering season and for plots with few as

well as many flowers, the method produces accurate esti-

mates of the phenology metrics.

Image-based setups coupled with computer vision tech-

niques are increasingly being suggested for monitoring

flowers, especially in agricultural settings (Jiang

et al., 2020; Palacios et al., 2020; Wang et al., 2021). Such

methods can facilitate automated and efficient assessment

of phenology and crop yield forecasting, but often

requires human camera operators of custom-made mobile

imaging platforms. Here, we present a method for effi-

ciently obtaining flower phenology data in a logistically

challenging natural setting with permanently installed

cameras. To explore the current and future effects of cli-

mate change, standardized long-term image-based moni-

toring schemes should be implemented and maintained

to ensure rigorous and efficient data collection along with

the continuous development of methods to handle and

analyze the output of these schemes. Importantly, publicly

available high-quality and preferably annotated datasets

are very relevant for developing methods with high-

performance and broad applicability. In parallel, the focus

should be on continuous digitization and analysis of

herbarium specimens to create a historical context for

evaluating newly collected data. Computer vision tech-

niques have proven valuable for the analysis of herbarium

specimens (Pearson et al., 2020; Schuettpelz et al., 2017)

and the availability of large herbarium datasets will be

increasingly relevant as these techniques are refined. We

have focused our work on two species of Dryas, as these

are commonly included in the long-term monitoring of

flower phenology, but the overall methodology is generic

and we note that it would be suitable for many other

plant species. For the Arctic in particular, Silene acaulis,

Saxifraga oppositifolia, Rubus chamaemorus, and other

species with clearly defined flowers positioned close to the

ground are relevant candidate species. The automatic

detection and counting of other species require a fine-

tuning of the model to the species of interest using anno-

tated images.

In the present case, there were no flowering plant spe-

cies visually similar to the Dryas species within the sample

plots. In other settings, this might be the case. When

applying a pretrained model as the one presented here in

a new setting, the accuracy of the model detections

should be tested. In the case of our model, if other visu-

ally similar species are detected as Dryas, fine-tuning the

model with images containing other flower species in the

background included in the training data could help alle-

viate the issue. Alternatively, as deep learning methods

have proven capable of accurate species classification

despite low variation between classes, expanding the

training data to include annotations of other species

could facilitate multiclass detection and allow for compar-

ative studies between co-occurring species (Nilsback &

Zisserman, 2008; Spiesman et al., 2021). In any case, the

presented method can serve as a guideline for developing

and testing solutions for automatic flower phenology

monitoring in other settings.

We emphasize that there are many benefits to image-

based monitoring of phenology even without the deep

learning processing pipeline in place. Camera-based mon-

itoring elicits minimal disturbance to permanent plots

and image series constitute an archive of the phenology

of the captured species and contain additional relevant

information that can be extracted from the images, either
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false positives in the sampled THUL 2018 A series were

repeated detections of a single stone, which due to over-

exposure might resemble petals of the flowers. Cameras

with greater flexibility in the settings, better optical prop-

erties, or a broader range of backgrounds in the training

data could alleviate this problem, which may also be less

pronounced for flowers that are not white. For our study,

we used a deep learning model based on the Faster R-

CNN framework. This framework has proven capable of a

wide variety of detection problems (Jiang & Learned-

Miller, 2017; Lin & Chen, 2018; Wan & Goudos, 2020)

and is thus a good candidate for novel applications. How-

ever, we note that object detection in computer vision is

an active research topic and new models may achieve

higher performance.

If a constant level of false-positive detections from the

detection model is assumed, the accuracy of the estima-

tion of onset, peak, and end of flowering will be sensitive

to the number of flowers within a plot. As the ratio

between correct positives and false positives will improve

with an increasing number of flowers, so will the preci-

sion of the detection model. Further, false positives affect

the cumulative sum of positives and thereby the accuracy

of the estimated phenology variables. For example, a long

tail of false positives before the actual flowering starts will

advance the estimated onset of flowering, while a long tail

of false positives after flowering has ended will delay the

estimated end of flowering. Finally, the estimate of phe-

nology variables is sensitive to the number of flowers on

which it is based, as few flowers may not represent the

true distribution of flowering in the population well. This

goes for traditionally collected phenology data as well as

for our automated method. Mounting the cameras higher

above the ground would allow for covering a larger area

and could ensure a minimum number of flowers, but

would reduce image resolution and possibly affect detec-

tion accuracy negatively. It is also possible to couple

near-surface cameras with drone surveys for phenological

context (Beamish et al., 2020). However, here we have

shown that even with tails at a maximum of 50% � the

length of the flowering season and for plots with few as

well as many flowers, the method produces accurate esti-

mates of the phenology metrics.

Image-based setups coupled with computer vision tech-

niques are increasingly being suggested for monitoring

flowers, especially in agricultural settings (Jiang

et al., 2020; Palacios et al., 2020; Wang et al., 2021). Such

methods can facilitate automated and efficient assessment

of phenology and crop yield forecasting, but often

requires human camera operators of custom-made mobile

imaging platforms. Here, we present a method for effi-

ciently obtaining flower phenology data in a logistically

challenging natural setting with permanently installed

cameras. To explore the current and future effects of cli-

mate change, standardized long-term image-based moni-

toring schemes should be implemented and maintained

to ensure rigorous and efficient data collection along with

the continuous development of methods to handle and

analyze the output of these schemes. Importantly, publicly

available high-quality and preferably annotated datasets

are very relevant for developing methods with high-

performance and broad applicability. In parallel, the focus

should be on continuous digitization and analysis of

herbarium specimens to create a historical context for

evaluating newly collected data. Computer vision tech-

niques have proven valuable for the analysis of herbarium

specimens (Pearson et al., 2020; Schuettpelz et al., 2017)

and the availability of large herbarium datasets will be

increasingly relevant as these techniques are refined. We

have focused our work on two species of Dryas, as these

are commonly included in the long-term monitoring of

flower phenology, but the overall methodology is generic

and we note that it would be suitable for many other

plant species. For the Arctic in particular, Silene acaulis,

Saxifraga oppositifolia, Rubus chamaemorus, and other

species with clearly defined flowers positioned close to the

ground are relevant candidate species. The automatic

detection and counting of other species require a fine-

tuning of the model to the species of interest using anno-

tated images.

In the present case, there were no flowering plant spe-

cies visually similar to the Dryas species within the sample

plots. In other settings, this might be the case. When

applying a pretrained model as the one presented here in

a new setting, the accuracy of the model detections

should be tested. In the case of our model, if other visu-

ally similar species are detected as Dryas, fine-tuning the

model with images containing other flower species in the

background included in the training data could help alle-

viate the issue. Alternatively, as deep learning methods

have proven capable of accurate species classification

despite low variation between classes, expanding the

training data to include annotations of other species

could facilitate multiclass detection and allow for compar-

ative studies between co-occurring species (Nilsback &

Zisserman, 2008; Spiesman et al., 2021). In any case, the

presented method can serve as a guideline for developing

and testing solutions for automatic flower phenology

monitoring in other settings.

We emphasize that there are many benefits to image-

based monitoring of phenology even without the deep

learning processing pipeline in place. Camera-based mon-

itoring elicits minimal disturbance to permanent plots

and image series constitute an archive of the phenology

of the captured species and contain additional relevant

information that can be extracted from the images, either
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manually or automatically. For instance, our method

could be expanded to include the detection of flower visi-

tors to count and classify pollination events through the

season. This would facilitate monitoring of interactions

between flowers and their visitors in very high temporal

and spatial resolution. To discern the effects of climate

change on the phenology and abundance of flowers and

how changes may affect interactions within the commu-

nity, we need such species-level knowledge (Prev�ey

et al., 2019; Tang et al., 2016). With our method, flower

visits could even be pinpointed to the individual flower

with manual or automatic tracking of single flowers

through the season and these data could be coupled to

the reproductive success of the flowers.

In conclusion, we have presented an automated pipeline

for monitoring flower phenology of specific species at high

temporal resolution and across regions. We have shown

how state-of-the-art computer vision and deep learning

methods can be applied to images collected in situ and

used to extract ecologically relevant data. The methodol-

ogy is easily expandable to new sites and optimal for long-

term monitoring of plots. Archived images can ensure

reproducibility of results and can be re-analyzed as new

questions arise or new methods are developed. The system

facilitates cost-efficient monitoring of vegetation plots at

unprecedented temporal resolution across full growing

seasons and our results demonstrate the great potential

of automatic image-based long-term monitoring of

flower phenology. The presented flower detection model

and associated code is available at https://github.com/

TECOLOGYxyz/AutomaticFlowerPhenology.
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Figure S1. Flower detection performance on the test set

for the standard model (1) and four modified models. Q:

Extended augmentation, R: Extended augmentation and

increased number of regions of interest (ROIs), S:

increased number of ROIs but without extended augmen-

tation, T: ResNet50 as backbone instead of ResNet101.

Model Q returns the highest F1 score and was used as the

flower detection model.

Figure S2. Left: The time required to process one image

at different levels of downscaling of the original image

dimensions (x and y).

Figure S3. Number of flowers manually annotated per

image through the season for each of 20 image series.

Figure S4. Number of flowers annotated (sampled

images) and detected (sampled series and 1-h series) per

image through the season for each of the four image ser-

ies in the four image series in the test set.
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Abstract
A fundamental challenge in pollination ecology is to understand how successful pollination is af-
fected by the timing of flowering, the timing and frequency of pollinator visits, and the abundance 
and diversity of visitors. Since plant-pollinator interactions concern individual flowers, deciphering 
the consequences of e.g. shifts in the frequency of flower visits for plant reproductive success should 
ideally be based on observations of individual flowers throughout their entire flowering period. Due 
to the overwhelming logistical challenge of collecting such data by direct observation, it has rarely 
been done. Here, we show that image-based monitoring of field plots at very high temporal resolution 
can return information on flowering phenology at the level of individual flowers. Further, we present 
a framework for automatically tracking flowers in time-lapse image series, evaluating tracking accu-
racy, and identifying unreliable tracks. Our results on individual flower phenology suggest that tra-
ditional weekly observations of flower plots are insufficient to capture details in flowering dynamics. 
We show that the results of our automated method are reliable by comparing with manual tracking of 
individual flower phenology. Our method could facilitate fine-grained studies on flower phenology 
and could be an important tool for estimating the sensitivity of plant-pollinator interactions to climate 
change.
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Introduction

The Arctic is characterized by short growing seasons 
and for the individual plant, timing of flowering is of 
critical importance. Flowering too early increases the 
risk of frost damage to the flowers, while flowering too 
late limits the time for seed maturation and dispersal 
before the end of the growing season (Elzinga et al., 
2007; Iler et al., 2021; D. W. Inouye, 2008; Pardee et al., 
2019). Further, for insect-pollinated plants, flowering 
must be synchronous with pollinator activity for suc-
cessful reproduction. Both flower and insect phenol-
ogy is partly driven by abiotic cues such as snowmelt 
and temperature and can thus be sensitive to climate 
change. Changes in flower phenology as a consequence 
of climate change may indirectly affect the abundance of 
flower-dependent insect species (Høye et al., 2013) and 
these effects can be stronger than the direct effects of cli-
mate change (Ogilvie et al., 2017). However, the relation 
between flower phenology and reproductive success is 
not well understood. For example, Bolmgren & Eriksson 
(2015) found that for an insect-pollinated plant species, 
early flowering was associated with increased fruit-
set but late flowering was associated with higher seed 
mass. If we are to understand the intricate dynamics of 
plant-pollinator interactions, tools that aid efficient and 
comprehensive data collection are essential.

Monitoring flower phenology at high temporal resolu-
tion is time-consuming, particularly in logistically chal-
lenging environments such as the Arctic. Consequently, 
flowering phenology of a population is often character-
ized simply by the date for onset of flowering, typically 
derived from weekly observations in permanent plots 
(Prevéy et al., 2021). Such crude estimates may fail to 
reveal important dynamics in flowering phenology 
through the season. For example, different phenological 
factors, such as onset, peak, and end of flowering may 
respond differently to climate change (Cook et al., 2012) 
and estimation of the degree of mismatch between spe-
cies may thus be sensitive to the choice of metric (B. D. 
Inouye et al., 2019). The optimal metric for phenology 
depends on the research question, but often the choice 
of recording first flowering dates to represent flowering 
phenology is pragmatic rather than ideal. In fact, first 
flowering dates may be particularly ill suited for estimat-
ing sensitivity to climate change (Miller-Rushing et al., 
2008) since they represent the very extreme of the phe-
nological distribution of a population and may be con-
founded with e.g. the size of the population considered. 
An accurate estimate of the phenological distribution of 
a population over the full season would allow for, for 
example, accurate quantification of resource availability 
through the season and temporal mismatches between 
species (Ramakers et al., 2020). However, even detailed 
information on phenology of a population is still an ag-

gregation of the phenology of the individual members 
of the population for which important variation may be 
masked (B. D. Inouye et al., 2019). With the full distribu-
tion of flowering phenology at the level of individuals, 
it is possible to extract relevant characteristics of the dis-
tribution and test their individual sensitivities towards 
environmental factors, but acquiring such data requires 
efficient and preferably automated methods.

Cameras have become an ubiquitous tool for non-
invasive and efficient monitoring of natural processes 
(Glover-Kapfer et al., 2019; Howe et al., 2017), but the 
implementation of image-based data collection has out-
paced the development of methods for processing and 
analysing the big data output (Farley et al., 2018; Wein-
stein, 2018). Gradually, computer vision and deep learn-
ing tools are being developed and applied for automatic 
processing and extraction of relevant data from images 
(Høye et al., 2021; Tabak et al., 2019; Willi et al., 2019). 
Indeed, automatic image-based monitoring of flower-
ing phenology coupled with deep learning has facili-
tated collection of phenology data for specific species 
at very high temporal resolution (Mann et al., in press). 
Yet, phenological responses at the individual level may 
be indiscernible regardless of the temporal resolution 
of the data at population level. For example, a shorten-
ing of individual flower longevity may not be directly 
obvious at the population level. In fact, many research 
questions can only be directly explored on the basis of 
phenology data at the level of individuals. For example, 
investigating the association between reproductive suc-
cess and timing of flowering and/or flower longevity 
requires such data. Individual level data would also aid 
the understanding of whether flower visitation rates 
and/or seed set depends on the timing of flowering 
for the individual flower. Thus, automated tracking of 
flowers in image-series of permanent plots to derive in-
dividual flower phenology would be ideal.

Most multiple object tracking literature focus on track-
ing of humans (Luo et al., 2021; Milan et al., 2016), and 
these methods not necessarily directly transferable to 
other use-cases. Many tracking algorithms, such as the 
Simple online and real-time tracking (SORT) (Bewley 
et al., 2016), rely on Kalmann filtering to predict the fu-
ture location of an object by estimating its velocity from 
previous frames (Kalman, 1960). However, Kalman fil-
tering assumes linear motion of the object and does not 
handle abrupt motion well. Flowers are constrained in 
movement by their stalk and violates this assumption. 
Other tracking approaches, such as DeepSORT (Wojke 
et al., 2017), use tracking-by-detection in which convo-
lutional neural networks (CNNs) are applied to continu-
ously distinguish individuals through time, thus aiding 
the tracking algorithm. Flowers, however, are unlikely 
to be clearly distinguishable and one flower may look 
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less alike between two frames than two flowers in a sin-
gle frame, which prevents this approach. Finally, some 
tracking methods require manual initiation of tracks for 
a fixed number of objects in the first frame and the algo-
rithm then tracks these objects in the subsequent frames 
(Hu et al., 2012). These methods do not allow objects to 
enter or disappear from frame during tracking. In full-
season monitoring data, flowers will disappear from the 
frame when they wilt, in which case their track should 
be terminated. Oppositely, new flowers should continu-
ously be tracked as they bloom throughout the season. 
Additionally, a flower tracking method must handle 
flowers disappearing and appearing at the edges of the 
frame. Clearly, individual flower tracking is a challeng-
ing task.

Here, we present and evaluate a simple multiple object 
tracking algorithm for automatic tracking of individual 
flowers in image-series. Our flower tracking algorithm 
assigns individual flowers to tracks based on the mini-
mum distance between centroids of bounding boxes 
and does not rely on prediction of future positions. 
Further, the method allows both initiation and termina-
tion of tracks during tracking. We describe three user-
defined parameters to help optimise tracking of flowers 
in particular. We use time-lapse image-series from full-
season monitoring of two widespread Arctic flowering 
plant species Dryas integrifolia and D. octopetala. For 
complex scenes with many flowers in close vicinity to 
each other there is a substantial risk of tracking errors 
regardless of the tracking method being used. In such 
cases, it may still be possible to reliably track a subset of 
the flowers, which are spatially isolated in the frames. 
For this, we suggest a conservative filtering approach 
based on the distance between tracks within the frame. 
Overall, we show that information on phenology at the 
level of individual flowers can be automatically derived 
from image-based monitoring of flower plots.

Material and methods

Study site and species
This study is based on five full-season time-lapse image 
series collected at the following three Arctic sites (site 
abbreviation and sampling years in parentheses): Nar-
sarsuaq (NARS), South Greenland (2018, 2019), Thule 
(THUL), North-West Greenland (2018), Ny-Ålesund 
(NYAA), Svalbard (2019). The images were captured 
using time-lapse cameras (Moultrie Wingscapes Time-
lapseCam Pro, Moultrie Products, Birmingham Ala-
bama, USA) permanently positioned approx. 60 cm 
above areas with either Dryas integrifolia in Narsarsuaq 
and Thule or D. octopetala in Ny-Ålesund. The white 
flowers of these two species are insect-pollinated and 
held erect above cushions of foliage. The species are 

native to and widespread in Asian, North American, 
and European Arctic and alpine regions. They are geo-
graphically separated except for a possible hybrid zone 
in North-East Greenland (Philipp & Siegismund, 2003).

The image series and flower annotations
Images were collected throughout the full growing sea-
sons. While the original time-lapse frequency was high-
er, the basis for this study was 1-hour interval series. We 
limited these series to include only the flowering season 
and, to limit the workload for manual annotation, ran-
domly sampled images from each series. The number 
of images for each series after sampling is given in Ta-
ble 1. All flowers in bloom within each of these image 
were manually annotated using the rectangular bound-
ing box tool in the VIA VGG annotation software (Dutta 
& Zisserman, 2019) and each individual flower was as-
signed a unique ID that was maintained throughout its 
lifetime. These annotations constitute our ground truth 
tracks. The series varied substantially in the number of 
flowers they contained (Table 1). Examples of annotated 
images from the 2019 NARS C series at three different 
times in the flowering season are given in Figure 1. To 
demonstrate how individual flower tracking can result 
in detailed representations of flower phenology across 
the season, we use the ground truth annotations to show 
the variation in duration of flowering for each series.

Automatic flower tracking

We built a framework for tracking, filtering, and evalu-
ating tracking of objects in time-lapse image series. The 
tracking algorithm (suppl. 1) tracks objects based on 
distances between centroids of bounding boxes, that is, 
objects with minimum displacement between frames 
are associated. The algorithm has a set of user-adjusted 
parameters that can optimize tracking accuracy. The 
parameters are particularly relevant for tracking of ob-
jects that are constrained to a specific area such as flow-
ers. However, the tracking algorithm could be used to 
track any objects. The speed of the tracking algorithm 
depends on the computational power available as well 
as the number of objects that are being tracked, but the 
time for computation will be negligible in most use-cas-

Image series Number of images Number of flowers
2018 NARS A 189 32

2018 NARS B 188 6

2019 NARS C 194 85

2019 NARS D 193 13

2019 NYAA E 193 21

Table 1. Number of images and number of individual flowers 
for each of the five time-lapse image series.
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Figure 1. Examples of annotated 
images for 2019 NARS C. A: Onset of 
flowering at DOY 145. B: Peak flower-
ing at day of year (DOY) 151 (52 
annotated flowers). C: 6 days after 
peak flowering (DOY 157). Flower 
bounding boxes are colour-coded by 
flower ID. D: Centroids of all flower 
annotations in the series, coloured by 
flower ID, showing how flowers may 
overlap in space.
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es. Tracking of a series containing 85 objects ran at ~0.02 
seconds per frame on a standard laptop. This, together 
with the fact that the algorithm handles frames sequen-
tially, means that it can be applied both offline (on a set 
of detections/annotations that have already been pro-
duced) or online (real-time tracking frame per frame).

Several issues complicate the task of tracking individual 
flowers through time-lapse image series. First, as flow-
ers move, they may temporarily occlude the view of 
other flowers and flowers close to the edge of the frame 
may move in and out of view between images. This can 
cause a track to be lost and a new track to be errone-
ously initiated when the flower reappears (Fig. 2A), a 
tracking error known as fragmentation. However, if a 
flower reappears in the same area as a flower is already 
being tracked after disappearing in only a few frames, it 
is a reasonable assumption that it is the same individual 
and not that the old flower wilted/disappeared and a 

new one developed. The parameter max gap sets the 
number of frames a flower can be absent before reap-
pearing without the track ending and a new initiating. 
If a given flower has not been detected in a number of 
frames exceeding the max gap size, the track will be ter-
minated. Concurrently, this can deal with potential false 
negatives, as a track that is missing a bounding box will 
not be lost.

Second, a standard centroid tracking algorithm will as-
sociate a point with a track based on minimum distance 
only, disregarding the absolute distance between cen-
troids, which may lead to tracking errors (Fig. 2B). How-
ever, as flowers are constrained in their displacement, 
we can assume a maximum distance between points and 
force the initiation of tracks for points that exceed this 
threshold. We set this threshold with the parameter max 
distance, measured as the euclidean distance in number 
of pixels between objects in neighbouring frames.

Figure 2. Centroid tracking may produce erroneous associations when objects move or disappear between frames. A: A flower 
temporarily disappears from view. If gaps in tracks are not allowed during tracking, a new track will erroneously be initiated when 
the flower reappears. B: A flower disappears from view and another reappears between two frames. If no threshold for maximum 
distance between an object and a track is set, the reappearing flower will be linked to the track of the disappearing flower based 
on shortest distance despite the absolute distance being large. C: A flower is linked to the track of another flower. As flowers 
move around a central point, it is relevant to base tracking on a running mean of previous positions. Dots show position of flower 
in previous frame. Crosses show running mean of positions in x > 1 number of previous frames. Dots and crosses coloured ac-
cording to track identity.
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Third, reliable tracking based on distance requires that 
movement of individuals are captured at sufficient fre-
quency, such that each tracks are not switched between 
frames. Stand-alone image-based monitoring of the 
relatively slow process of flower development through 
full growing seasons (several months) is done with low 
frame rate, limited by power consumption and storage 
capacity both on and off the camera. Here, we used 
several images per day and while this temporal resolu-
tion captures the phenology of the flowers at very high 
detail, they fail to capture the full movement of flow-
ers. For example, as the wind shifts, the flower heads 
change direction, which in the image series happens 
instantaneously (i.e., between two consecutive frames) 
(Fig. 2C). The fact that the frame rate is insufficient to 
capture smooth movement means that bounding boxes 
around a single individual in two consecutive frames 
cannot be associated based on overlap (e.g. intersec-
tion over union) as there often is no overlap. With a 
high number of flowers in close vicinity to each other, 
there’s a substantial risk of identity switching between 
flowers as they move among each other (Fig. 1B). Ad-
ditionally, as the flowers are constrained by their stalk, 
there is a limit to the distance they can move, which 
prevents prediction of future location of an individual 
based on its previous trajectory. Here, we introduce 
the tracking parameter running mean, with which we 
can base tracking on the distance between a point in 
the current frame and the running mean of the posi-
tions of a number of previous points in a track, tak-
ing advantage of the fact that a flower moves around 
a central point. Increasing the value for this parameter 
decreases the weighting of movement between indi-
vidual frames. Setting the parameter to 1 means that 
tracking is based on the distance to the centroid in the 
previous frame only.

Input data for the tracking algorithm

The input data for the tracking algorithm are bound-
ing box coordinates for each object in each frame given 
in a commonly used format (Everingham et al., 2010): 
frame number, x-min, y-min, x-max, y-max. Here, x-
min, y-min is the top left corner of the bounding box 
and x-max, y-max is the bottom right corner. The 
bounding box centroid is calculated on the basis of 
these coordinates within the algorithm. Calculating 
tracking accuracy requires a ground truth ID for each 
bounding box which can be given as the sixth column. 
As this data returned from both manual object anno-
tations and object detection methods using automatic 
object detection methods based on deep learning, the 
method can be applied on both manually and automat-
ically derived data.

Identifying optimal user parameters

To explore the effect of the three tracking parameters and 
to identify the optimal combination of parameters for 
our use-case of tracking flowers, we applied the track-
ing algorithm on each of the five image series with every 
combination of a range of values for each parameter (3179 
combinations): 0-160 with a step size of 10 for max gap; 
1-160 with a step size of 10 for running mean; 0-1000 with 
a step size of 100 for max distance. Note that max distance 
set to zero ignores the parameter altogether. We identi-
fied the setting(s) that returned the most accurate tracks 
for each series and compare the tracking results between 
optimal settings and all parameters ignored (imax gap = 
0, running mean = 1, max distance = 0).

Evaluating tracking performance
The optimal way of quantifying tracking performance 
depends on the goal of the tracking. For example, in our 
case of tracking flowers, associating information ob-
tained in the images to the individual flower, for exam-
ple flower visits, would require the track to be as correct 
as possible (i.e., identity shifts should be minimized). 
On the other hand, to derive flowering length in prac-
tice just requires correct association between the first 
and the last image of a flower while intermediate points 
can be ignored. Here, track fragmentation can lead to 
underestimation of flowering duration (and overestima-
tion of number of flowers) while track merging can lead 
to overestimation of flowering duration (and underes-
timation of number of flowers). In some scenarios one 
may be interested in the number of individual flowers 
that existed in a plot, in which case the number of tracks 
obtained by automatic tracking should closely resemble 
the actual number of individuals in the series.

Here, we apply the commonly used multiple object 
tracking accuracy (MOTA) score which quantifies track-
ing performance based on tracking mismatches derived 
by counting the number of identity shifts within each 
track (Bernardin & Stiefelhagen, 2008). Mismatches oc-
cur when objects swap track identity because they are 
in close vicinity of each other or when an object peri-
odically disappears and is assigned a new track identity 
when it reappears. Only the shifts in tracking identity 
are counted as mismatches in the MOTA score, while 
the number of points assigned to each track is not con-
sidered. For example, a ground truth track that was as-
signed one ID for the first half of its lifetime and another 
for the remaining half would only constitute one error.

MOTA = 1 –
∑t (fnt + fpt + mmt )

∑t gt
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where fn, fp, and mm are the number of false negatives, 
false positives, and track mismatches, respectively, for 
frame t divided by the total number of ground truth an-
notations across all frames. The MOTA score ranges from 
-Inf to 1 with 1 being perfect detection and tracking. As 
tracking accuracy is commonly evaluated between manu-
al annotations and detections, produced, for example, by 
a convolutional neural network (CNN), the MOTA score 
included false positive and false negatives as errors, but 
in our case, since we are tracking on ground truth data 
and our annotations and detections therefore are practi-
cally identical, these variables can be ignored.

To evaluate tracking accuracy of our algorithm, we cal-
culate the total number of mismatches as well as the 
MOTA score (number of mismatches in relation to the 
total number of points). Additionally, we derive the 
number of tracks that were tracked with more than 80% 
accuracy. Finally, we compare the number of tracks 
identified by the automatic tracking with the true num-
ber of flowers in a series. These should ideally be equal. 
However, we note that a correct number of tracks (i.e., 
number of tracks equal to number of objects) does not 
necessarily translate to correct tracking, since individual 
tracks can be erroneously split (fragmentation) by the 
tracking algorithm while several tracks can be merged 
into one. We present the tracking performance without 
the use of the three tracking parameters along with the 
best performance (lowest number of mismatches/high-
est MOTA), and the best performance where the num-
ber of tracks correspond to the number of individual 
flowers in the series.

Identifying the most reliably tracked 
flowers
In order to be able to identify the most reliably tracked 
flowers without the need for manual annotation, we use 
a conservative filtering method that extracts the most 
trustworthy tracks from a scene based on spatial dis-
tance between tracks. We derive the distance between 
tracks based on the centroids of points included in a 
track produced by the tracking algorithm. When tracks 
consist of only a single point, the coordinates of the 
point is used as the centroid. For tracks consisting of two 
points. we use the midpoint of the line between them. 
For tracks consisting of three points or more, we calcu-
late the convex hull of all the points included in the track 
and use the centroid of this polygon. For the special case 
where a track contains more than two points but where 
the points are collinear, we use the midpoint of the line 
through the points. We hereafter refer to these centroids 
as track centroids.

The filtering is done on the centroids to remove tracks 
in close vicinity to each other as these are assumed to 

have a high risk of tracking mismatches. The distances 
between all track centroids are calculated (euclidean 
distance in number of pixels) and only tracks that have 
no neighbouring centroid within the filtering distance 
threshold are kept.

We demonstrate the filtering method on the three series 
for which our tracking algorithm did not return perfect 
results (i.e., automatic tracking identical to ground truth 
tracks). To test the filtering approach, we chose a fixed 
combination of the tracking algorithm parameters across 
all three series (max gap size: 10; running mean: 10; max 
distance: 300). We then applied the filtering method on 
each three series with a range of values for the filtering 
distance (50-500, step size of 50) and identified the value 
that returned the highest sum of tracks across the three 
series at the lowest number of mismatches. We present 
the tracking accuracy before filtering and on the remain-
ing tracks after filtering. We emphasize that our results 
are conservative and that the approach may be opti-
mised to extract a higher number of tracks while main-
taining the number of mismatches. For example, basing 
the filtering on the best performing tracking parameters 
for each series specifically would improve the output of 
the tracking algorithm. Similarly, the results could be 
improved by fine-tuning the filtering distance threshold 
for each series individually. However, as our goal here 
was to demonstrate that our tracking and filtering meth-
od can be applied in a naive setting with fixed values 
for each parameter, we have not included those results.

Results
Manual tracking of individual flowers derived from im-
age-based plot monitoring enabled detailed information 
on flower phenology at the level of individuals with sub-
stantial variation in flowering duration between flowers 
(Fig. 3). Further, the results show that the flowers in the 
series from Ny-Ålesund seem to have longer flowering 

0

5

10

15

2018
NARS A

2018
THUL B

2019
NARS C

2019
NARS D

2019
NYAA E

Onset of flowering (DOY)

N
um

be
r o

f d
ay

s 
flo

w
er

in
g

Figure 3. Variation in flowering lifespan (days) for the flowers 
of each of the five image series based on manual tracking of 
individual flowers.
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durations than the other locations. Further, our track-
ing algorithm was able to track individual flowers with 
consistently high accuracy (MOTA  0.981) across all se-
ries. In all cases, all flowers were tracked with more than 
80% accuracy (Table 2). In fact, two series were tracked 
without any errors (2018 THUL B and 2018 NARS D). 
Tracking with the three tracking parameters ignored 
(max gap = 0, max distance = 0, running mean = 1) re-
turned high MOTA scores across series, but for the three 
series that were not tracked perfectly, utilizing the track-
ing parameters increased the MOTA score in all cases.

Importantly, the tracking that returned the lowest num-
ber of mismatches did not necessarily result in a number 
of tracks equal to the number of flowers in a plot. For ex-
ample, for the series with the most flowers, 2019 NARS 
C, one combination of parameters (max gap = 20, max 
distance = 600, running mean = 1), returned the lowest 
number of mismatches (31), but the number of tracks 

were lower than the actual number of flowers (71 vs. 85). 
One combination of parameters did return a number of 
tracks equal to number of flowers (max gap = 10, max 
distance 400, running mean = 10), but also increased the 
number of mismatches to 91. For 2019 NARS D, several 
combinations of parameters returned a perfect MOTA 
score, but still some combinations returned a number of 
tracks lower than the number of flowers. This demon-
strates the significance of a special case of tracking error, 
namely merging of tracks, which is not accounted for 
in the MOTA score. In Figure 4, we exemplify the two 
types of errors, identity shifts and merges.

With our filtering method, we were able to identify 
tracks with no mismatch errors in all three series that 
were not perfectly tracked. The parameter value for 
filtering distance that returned the highest number of 
tracks at the lowest number of mismatches was 350 (re-
sults for all values given in suppl. 2). The results of the 

Tracking parameters Result
Site Type Flowers Points Max gap Max 

distance
Running 

mean
Mis-

matches
MOTA >80% 

Accuracy
Tracks

2018 THUL B
PZ 6 699 0 0 1 0 1.000 6 6
MM 6 699 0 - 160 0, 200 - 

1000
1, 10 0 1.000 6 6

CF MM - - - - - - - - -

2019 NARS D
PZ 13 748 0 0 1 0 1.000 13 13
MM 13 748 0 - 160 0, 

300 - 1000
1 - 160 0 1.000 13 7 - 13

CF MM 13 748 0 - 60 0, 
300 - 1000

1 - 160 0 1.000 13 13

2018 NARS A
PZ 32 1724 0 0 1 13 0.992 32 31

MM 32 1724 10 0 1 9 0.995 32 19

CF MM 32 1724 10 500 10 19 0.989 32 32
2019 NYAA E

PZ 21 1762 0 0 1 27 0.985 21 31

MM 21 1762 70 - 160 600 1 17 0.990 21 21
CF MM - - - - - - - - -

2019 NARS C
PZ 85 4887 0 0 1 50 0.990 85 88

MM 85 4887 20 600 1 31 0.994 85 71

CF MM 85 4887 10 400 10 91 0.981 85 85

Table 2. Tracking performance for the automatic flower tracking algorithm for different tracking parameter combinations. Number 
of tracks in bold shows when the number of tracks equals the number of flowers in the series. Tracking performance is shown 
for parameters zeroed (PZ) (Max gap = 0; Max distance = 0; Running mean = 1), minimum number of mismatches achieved 
(MM), and minimum number of mismatches achieved with a number of tracks equal to the number of flowers in the seris (CF 
MM). The last type is only given if it was not equal to the results for MM. When several parameter combinations returned the 
same results, the range of parameter values included is given for each parameter.
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filtering algorithm on the three series are given in Table 
3 and the filtering process is visualised in Figure 5. Our 
filtering method extracted 28 tracks from the three series 
(2018 NARS A: 15 tracks; 2019 NARS C: 10 tracks; 2019 
NYAA E: 3 tracks) with complex scenes using a fixed 

filtering distance value of 350 and fixed values for the 
tracking parameters (10, 300, 10 for max gap size, max 
distance, and running mean, respectively) without any 
mismatches included in the 28 tracks.

Figure 4. Tracking results of three flowers in the 2018 NARS A image series. A: Track output from the flower tracking algorithm 
for three individual flowers using two different combinations of tracking parameters. The y-axis shows the correct track IDs as-
signed by manual tracking. Each track is coloured by the IDs assigned by the flower tracking algorithm. In the top panel (max 
gap = 10, running mean = 1, max distance = 0), flower 15 and 28 have no identity shifts within each track, but the two tracks 
have been merged into one (see B). Flower 25 has been fragmented into two separate tracks causing one mismatch (see C). 
In the bottom panel, the running mean parameter has been increased to 20 and max distance to 500, which results in correct 
tracking of all three flowers. B: Merging error between two tracks. Frame f shows the last frame with flower 15 (blue) anno-
tated because it has wilted. Two frames (5 hours) later (f+2), a new flower (flower 28; blue) blooms. Since max gap > 2 and no 
distance threshold has been set, flower 28 is associated with the tracks of flower 15, because all other flowers are closer to 
their respective tracks, which causes a merging error. Setting a max distance threshold to 500 fixed this error as illustrated in A. 
C: Identity shift error between two flowers. A gust of wind causes a displacement of the flowers between two frames, f and f+1, 
(7 hours apart), which causes an identity shift between flower 25 and flower 29. Setting running mean to 20 fixed this error as 
illustrated in A.
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Discussion

Tracking

In this paper, we have demonstrated the potential of 
image-based monitoring for collecting information on 
flower phenology at the level of individuals. The auto-
matic tracking and filtering pipeline presented was able 
to return reliable flower tracks despite settings that vio-
late assumptions of standard tracking algorithms and 
complex scenes with a high number of objects that are 
not permanent within the series. Our tracking algorithm 
was capable of accurately tracking individual flowers, 
despite the difficult setting. Even with simple centroid 
tracking where association is based solely on displace-
ment between the current and previous frame, tracking 
performance was high for all series and perfect for two. 
Further, with our filtering approach based on distance 
between tracks, we were able to discard the least reliable 
tracks and thereby increase the mean tracking accuracy 
of the remaining flowers to a perfect score.

Our results show substantial variation in flowering 
duration between individual flowers. In fact, flower 
longevity was less than a few days in some cases. As 
flowers may not be visible within the frame for their full 
lifespan, it is likely that for some flowers the full flower-
ing has not been captured, although flowering durations 
of less than 24 hours has been observed from manual ex-
amination of the image series (Mann, personal observa-
tion). Interestingly, the flowers in Ny-Ålesund seemed 

to have extended flowering durations compared to oth-
er series. As this location is the only one included that 
contained D. octopetala this could be explained by spe-
cies-specific differences or variation between sites and 
future studies could explore this further.

The two series for which the tracking algorithm produced 
perfect results were also the series with the lowest number 
of flowers. While an increased number of objects does not 
necessarily increase tracking difficulty as this depends on 
the degree of isolation of tracks in time and space (Beard 
et al., 2018), multiple object tracking is a challenging task. 
Here, since the flowers are limited in space and time, the 
complexity of tracking likely increases with increasing 
number of flowers. A higher number of flowers within 
the frame increases the possibility of flowers appearing in 
close proximity to each other and that flowers overlap or 
move in and out of frame. All these situations translate to 
a higher risk of tracking errors. The very high complexity 
in the scenes with many flowers, especially 2019 NARS C 
with 85 flowers, coupled with the low frame rate renders 
it unlikely that any tracking method could produce per-
fect results across series. Although 2019 NARS C can be 
considered an extreme case for our application, it under-
lines the relevance of a pipeline including both tracking 
and filtering. But further, it points to the possibility of fil-
tering image series based on an estimate of the number of 
flowers before tracking. For example, with many image 
series available, series with less than a given maximum 
of flowers detected in a single frame over a season could 
be selected for subsequent tracking. Tracks in series that 

Figure 5. The track filtering process exemplified by the 2019 NARS C series. A: The centroid points for all bounding boxes in 
the series, coloured by the track id from the centroid tracking algorithm. B: The track convex hull polygons calculated from the 
tracks. Polygons with a euclidean distance below 350 between them have been grouped together. The polygons have been 
coloured according to group. C: The results of the filtering where all tracks that were not sufficiently spatially isolated were 
removed, resulting in 10 remaining tracks without tracking errors.

Before filtering After filtering
Image series Flowers Tracks Mismatches MOTA Tracks Mismatches MOTA
2018 NARS A 32 37 18 0.990 15 0 1.00

2019 NARS C 85 97 101 0.979 10 0 1.00

2019 NYAA E 21 39 48 0.973 3 0 1.00

117 134 119 28 0

Table 3. Results of the filtering algorithm on tracking results using the parameters 10, 300, 10 for max gap size, max distance, 
and running mean, respectively. The filtering distance value of 350 was used for all three series.

A B C
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exceeded this threshold could be filtered after tracking, 
as demonstrated here, or selected for manual validation 
of results.

Our results show that optimizing for high MOTA tends 
to lead to an underestimate of the number of tracks (i.e., 
merging of tracks occurs) (Table 2). This may happen, 
for example, because of the max gap parameter. Impor-
tantly, this parameter allows for temporary occlusion of 
a flower within a track (which would decrease the num-
ber of mismatches) but may also cause merging of two 
flower tracks if they bloom in the same area separated 
by a number of frames less than the threshold value set. 
Thus, even if the number of tracks equals the number 
of flowers, it does not necessarily follow that the track-
ing is correct. For instance, the tracking algorithm could 
split one ground truth track in two, but combine two 
other ground truth tracks into one, as seen in Figure 3. 
The task of evaluating multiple object tracking accuracy 
is a major challenge in itself (Luiten et al., 2020; Milan et 
al., 2013, 2016) and in a future study, other tracking ac-
curacy metrics could be implemented, that account for 
merging errors in a better way. Tracking flowers may be 
a challenge that is especially prone to these errors since 
flowers can bloom in the same area at different times 
during the season.

The optimal settings for the three tracking parameters 
fell into a narrow range for the three complex series, ex-
cept for the running mean for 2019 NYAA E. The opti-
mal values for the running mean for 2019 NYAA E were 
exceptionally high, compared to the other series. Inter-
estingly, the average flower duration was also higher for 
this series and this could be part of the explanation, as 
longer lifespan allow for larger gaps in the tracks. Over-
all, the max gap parameter improved tracking accuracy 
with values of 10-20 being optimal. The three series 
with complex scenes all contain flowers at the edge of 
the frame (see Fig. 1), which means that they may oc-
casionally be outside of view of the camera. Further, the 
higher number of flowers increase the risk of flowers 
temporarily occluding others. Correct tracking of these 
objects requires that an object can disappear from view 
without the track instantly being lost, which the max 
gap size allows. Oppositely, this setting may also lead to 
merging error. The optimal range for max distance was 
relatively narrow (400-600) for the parameters produc-
ing the correct number of tracks with the lowest number 
of mismatches. The optimal value for this setting is one 
that is sufficiently high that it does not force individual 
flowers into separate tracks because of movement be-
tween frames yet is low enough to separate any flowers 
into individual tracks that would otherwise have been 
grouped together. This explains why the extreme values 
for this parameter was not included in the highest ac-
curacy tracks.

It is important to note that the tracking parameters are 
not independent. For example, the distance between a 
point in the current frame and a point in the previous 
frame may not be the same as that for a point in the cur-
rent frame and the mean location of the previous ten 
points in a track. Thus, changing the setting for running 
mean could influence the optimal parameter setting for 
max distance. This underlines the relevance of searching 
for an optimal parameter combination based on ground 
truth data. As with any tracking method, accuracy can 
only be assessed based on visual observation or, more 
rigorously, by testing on ground truth data (Dendorfer 
et al., 2021; Luiten et al., 2020; Milan et al., 2016). How-
ever, the fact that the optimal tracking parameters were 
overall similar across series strengthens the assump-
tions that a set of standard values can produce reason-
able results for other similar image series with Dryas 
flowers. Here, a combination such as 10, 500, 10, for max 
gap, max distance, and running, respectively, would be 
a good starting point. When applying our method in a 
new setting, we recommend performing a parameter 
test as demonstrated here on a subset of ground truth 
tracks to derive the optimal set of parameters.

We demonstrated our method on manual annotations 
of flowers but note that the format of the input data 
matches the output of deep learning object detection 
methods (Everingham et al., 2010). Thus, the method 
can be directly applied on such data. Automatically 
detecting flowers would likely introduce a proportion 
of false negatives when the detection algorithm fails to 
detect an object. The flowers in our data that periodi-
cally move out of the frame or are temporarily occluded 
mimics false negatives. Thus, it is likely that the max 
gap parameter can alleviate problems with false nega-
tives. Automatic detection methods may also introduce 
false positives. These detections would be included in 
the tracking along with correct detections. Some cases 
of false positives, for example isolated single false posi-
tives, could be removed automatically while other cases 
may require manual quality control. In general, the per-
formance of a tracking algorithm depends on the quality 
of input data and it is advisable to optimise detection 
accuracy before moving to tracking. The fact that our 
method produced perfect tracking results in the most 
simple settings (fewest flowers) could be taken into 
consideration when setting up future data collection 
schemes.

Filtering
We presented a filtering method based on the distance 
between track centroids, which can be applied subse-
quent of tracking. The filtering algorithm successfully 
extracted 28 correct tracks from each of the three series 
for which the tracking algorithm did not produce per-
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fect results without a single mismatch. Extracting tracks 
that are spatially isolated does not guarantee that the 
tracks are correct/without errors. For example, tracks 
of several objects may have been erroneously merged 
or a track could contain a small proportion of instances 
of an object far away, which would not have a large ef-
fect on the track centroid position. However, as spatially 
isolated objects in general are easier to track, it is safe to 
assume that these tracks are more reliable. We applied 
the filtering algorithm on tracks produced with a fixed 
set of tracking parameters as well as a fixed value for the 
filtering distance. As in the case of the tracking param-
eters, we recommend setting the value for the filtering 
distance based on either visual examination of results or 
on tests on a subset of ground truth data when apply-
ing the method in a new setting, but for tracking Dryas 
flowers in similar image series, a value of 350 may be a 
good starting point. We note that our method for filter-
ing tracks using track centroids ensures that all tracks, 
despite the number of points in the track, are given the 
same weighting in the filtering since each track is repre-
sented by a single point. In some cases, this may be sub-
optimal. For example, if it is given a priori that an object 
will always appear in a minimum of two frames, then 
single point tracks can be filtered out. However, when 
such a priori knowledge is not available, a conservative 
approach, as the one we present, is preferable.

An alternative approach to filtering based on distance 
between track centroids could be to identify and discard 
track polygons that overlap. However, this would re-
move tracks with even minor overlap and put weight on 
tracks with many points as these typically cover a larger 
area. Another alternative could be to base filtering on 
the centroids of the points within a track (i.e., mean x 
and mean y). The presented method avoids weighting 
track geometries based on number of included points 
and avoids weighting the centroid coordinate based 
on the point coordinates within the track as the track 
centroid is based on the convex hull of the track points. 
Additionally, it allows for overlap between track geom-
etries as long as the distance between the track centroids 
is above the threshold. We note, however, that other ap-
proaches may be more suitable in other settings and ap-
plications.

Significance for ecological studies
Our results show that it is feasible to collect and analyse 
individual flower phenology at large scale at logistically 
challenging sites, which is a significant contribution to-
wards automatic and efficient phenology data collec-
tion. The possibility of collecting individual level flower 
phenology is highly relevant for exploration of many 
research questions. For example, it would be possible 
to assign indicators of seed set to the individual and 

explore how seed set is affected by timing and length 
of flowering and/or abiotic conditions such as frost 
events. Hereby, the long-standing question of what 
drives variation in reproductive success of individual 
flowers could be explored (Bolmgren & Eriksson, 2015). 
Further, the fact that it was not uncommon in our results 
that flowering lasted less than a week, emphasizes that 
weekly observations of sample plots can be insufficient 
for comprehensive description of flower phenology 
(Prevéy et al., 2021).

By simultaneously tracking flower visits, these could 
be assigned to the individual flower and visitation rates 
per flower could be derived and the effects on repro-
ductive success could be investigated (Rafferty & Ives, 
2012; Tiusanen et al., 2016). Pollen limitation is a com-
mon factor limiting the reproductive success of flower-
ing plants. However, the ecological mechanisms behind 
pollen limitation is poorly understood, at least partly 
because it requires information on plant seed set in re-
lation to pollinator visitation rates which is difficult to 
acquire in a natural setting and to a satisfactory extent. 
For example, pollinator visits can vary greatly in fre-
quency during the flowering season and the degree of 
pollen limitation can vary even between populations in 
close vicinity to each other (Ashman et al., 2004; Larson 
& Barrett, 1999). High frequency observations of flower 
visits coupled with information on phenology and re-
productive success at the level of individuals could un-
ravel the relationship between pollinator visitation and 
plant reproductive success and the climate sensitivity of 
plant-pollinator interactions. Further, any information 
on taxonomic or functional grouping could facilitate 
comparative studies on pollination effectiveness be-
tween such groups (Földesi et al., 2021; King et al., 2013). 
Importantly, the variables suggested here could be de-
rived directly from the time-lapse images. For example, 
seed set as an indicator of flower reproductive success 
could be estimated for individual flowers and flower 
visitation rates could be quantified by detecting insects 
in flowers in high temporal resolution image series.

It is clear that the images derived from monitoring of 
permanent plots can hold substantial amounts of eco-
logically relevant data. To derive some variables, for 
example flower visitation rates, image series collected 
at high temporal frequency is required. As the scale of 
data increases as well as the number of variables to be 
extracted from the images increase, automated image 
analysis becomes relevant. Here, methods from deep 
learning and computer vision are exceedingly relevant. 
For instance, it has been demonstrated that convolu-
tional neural networks can facilitate monitoring of pol-
lination events by detecting, identifying, and counting 
insects (Bjerge et al., 2022) and perform fine-grained 
species classification (Spiesman et al., 2021). Collective-
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ly, these developments coupled with implementation of 
long-term high-frequency image-based monitoring will 
allow for collection and processing of ecological data 
at unprecedented scales (Høye et al., 2021). For flower 
tracking in particular, our results emphasize that this is 
not a trivial task. The data violate common assumptions 
of tracking methods and tracking individual flowers 
through time-lapse images therefore represents a spe-
cial case (Betke et al., 2007; Chen & Chen-Song, 2022; 
Luo et al., 2021). For example, since flower movement is 
constrained by the stalk, the future location of a flower-
head cannot be predicted based on previous trajectory of 
movement. As individual flowers closely resemble each 
other, tracking cannot be based on recognition of indi-
viduals (Chen & Chen-Song, 2022; Wojke et al., 2017). 
Further, as the manual tracking of flowers showed, the 
lifespans of flowers vary substantially, which means 
that assumptions on flowering duration cannot be lev-
eraged during tracking. These settings vastly complicate 
the task of tracking multiple objects (Betke et al., 2007). 
Our tracking algorithm returned consistently accuracy 
despite this.

While we show that tracking can be done at high accu-
racy with our tracking algorithm, we also identify par-
ticular challenges with flower tracking, such as the vio-
lations of standard assumptions in tracking algorithms, 
the potentially large number of individuals overlapping 
in time and space, and the possible susceptibility to 
track merging. To improve tracking ability of flowers in 
future studies, focus should be on implementing reliable 
measures of different types of errors and on developing 
methods that can alleviate the challenges, as well as on 
comparison of different tracking approaches. Alongside 
this, methods for extracting auxiliary information from 
images, such as flower seed set, should be explored.
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# -*- coding: utf-8 -*-
"""
### Multi flower tracking algorithm ###
Created 2021

@author:
Hjalte M. R. Mann
TECOLOGY.xyz

Detections are in the format: x_min, y_min, x_max, y_max

Max distance: Threshold for maximum distance between point and track before initiation of a new track is forced
Max dissapeared: Max number of frames a track can be disappeared before the track is terminated and a new point in that area 
are considered new tracks
Running mean: Number of previous frame on which to calculate track position (to calculate distance between point and track). If 
set to one, position is centroid of previous track, if above one, means of x and y are calculated.

The centroid tracking approach was based on: https://pyimagesearch.com/2018/07/23/simple-object-tracking-with-opencv/ 
(Accessed on 2022-06-10)

### Pseudocode of tracking algorithm: ###

-Go to next frame
    -If the frame has no detections
        -Add one to disappeared counter for any existing tracks
    -If the frame has detections
        -If we are not tracking objects
            -Initiate tracks for all points
        -If we are tracking objects, calculate all pairwise distances (If running mean above 1, we use the mean x and y position of 
the track, else we just use position in the previous frame)
            -For all distances below max distance threshold, try to associate points and tracks (shortest distance from point to object 
get associated and removed, then the second shortest distance etc.)
            -For points with distances above max distance
                -Initiate new tracks
                -Add one to track id counter
        -For points that did not get associated to an exisiting track
            -Initiate new tracks
            -Add one to track id counter
        -Add frame tracking data to result dataframe for final output
        -Update running mean dictionary with new data
            -For tracks that are at the running mean threshold, remove oldest position and add current
        -For tracks that did not get a point associated to them, add one to disappeared counter
            -For tracks that exceed disappeared threshold, remove from active tracking storage
"""

import pandas as pd # Replace with cudf if performance is too slow?

from collections import OrderedDict

import numpy as np

from scipy.spatial import distance as dist

import matplotlib.pyplot as plt

import time

from statistics import mean

from datetime import datetime

br = "\n" # Line break for use in code

# ===================== SETTINGS ==============================================

verbose = True # Set to True if you want tracking process printed to screen and False if not

# ===================== PROGRAM ===============================================

class tracker():
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    def __init__(self, max_disappeared, max_distance, running_mean_threshold, results_filename, frames, detections, verbose):

        self.nextObjectID = 0 # Counter for object ids
        self.objects = OrderedDict() # Dictionary. objectID is the key, centroid is the content
        self.means = OrderedDict() # Dictionary to keep track of running means of object coordinates
        

        self.disappeared = OrderedDict() # Keeps track of how long an objectID has been lost

        self.detections = detections  # Store parameters for use in the class
        self.max_disappeared = max_disappeared

        self.max_distance = max_distance

        self.running_mean_threshold = running_mean_threshold

        self.results_filename = results_filename

        self.frames = frames

        

        self.tracks = [] # Create a list for storing tracking results as we go
        

        with open(self.results_filename, 'a') as resultFile: # Write the header of the output file

            header = 'frame,filename,x_min,x_max,y_min,y_max,x_c,y_c,objectID\n'

            resultFile.write(header)

        if verbose:

            print("Here are the detections",br,self.detections,br)

    

   ### Functions for tracking ### 
    def store_tracking_results(self, frame, centroid, objectID):

        self.tracks.append([frame, centroid[0], centroid[1], objectID])

        if verbose:

            print(f'Object ID {objectID} with centroid {centroid} in frame {frame} stored.')

        

    def write_tracks_file(self): # Write tracking data to the final result file

        starttime = time.time()

    

        with open(self.results_filename, 'a') as resultFile:

            for t in self.tracks:

                frame, x_c, y_c, objectID = t[0], t[1], t[2], t[3]

                filename = self.detections.loc[self.detections['frame'] == frame, 'filename'].iloc[0]

                x_min = self.detections.loc[((self.detections['frame'] == frame) & (self.detections['x_c'] == x_c) & (self.detections['y_c'] 

== y_c)), 'x_min'].iloc[0]

                x_max = self.detections.loc[((self.detections['frame'] == frame) & (self.detections['x_c'] == x_c) & 

(self.detections['y_c'] == y_c)), 'x_max'].iloc[0]

                y_min = self.detections.loc[((self.detections['frame'] == frame) & (self.detections['x_c'] == x_c) & (self.detections['y_c'] 

== y_c)), 'y_min'].iloc[0]

                y_max = self.detections.loc[((self.detections['frame'] == frame) & (self.detections['x_c'] == x_c) & 

(self.detections['y_c'] == y_c)), 'y_max'].iloc[0]

                

                resultFile.write(f'{frame},{filename},{x_min},{x_max},{y_min},{y_max},{x_c},{y_c},{objectID}{br}')

        endtime = time.time()

        print(f'Writing done. That took {round(endtime-starttime, 4)} seconds. {br}File saved as: {self.results_filename}{br}')

    def get_frame_detections(self, frame): # Get the detections from the current frame

        block = self.detections.loc[self.detections['frame'] == frame]

        frame_detections = block[["x_c", "y_c"]] # We just need the centroid, so we'll grab that and return it
        return frame_detections

    def register(self, frame, centroid): # Initiate a new track

        if verbose:    

            print(f'Registering point with centroid {centroid} in frame {frame}')

        self.objects[self.nextObjectID] = [centroid] # Set the new centroid as content for the new objectID in the Objects dictionary
        self.means[self.nextObjectID] = centroid

        

        self.disappeared[self.nextObjectID] = 0 # Set number of times the new object has disappeared to zero. 

        self.length_dict = {key: len(value) for key, value in self.objects.items()} # For storing how many frames a track has been 

tracked (to check against running mean setting)
        

Suppl. 1 Python code for flower tracking algorithm



82 PhD thesis by Hjalte Mads Rosenstand Mann

        self.store_tracking_results(frame, centroid, self.nextObjectID)

        

        self.nextObjectID += 1 # Add 1 to the objectID counter so it's ready for the next point
        

        if verbose:

            print(f'Current objects: {br}{self.objects}')

        

    def deregister(self, objectID): # Deregister object by deleting it from the objects dict and removing the associated counter from 

the disappeared dict.
        del self.objects[objectID]

        del self.disappeared[objectID]

        del self.means[objectID]

    

    def update_object(self, objectID, centroid): # Updating the dictionary storing the object centroids

        

        if verbose:

            print(f'Received in update {br} Object id: {objectID} {br}Centroid: {centroid}{br}')

        

        if len(self.objects[objectID]) < self.running_mean_threshold:

            if verbose:

                print(f'Length ({len(self.objects[objectID])}) is less than running mean threshold ({self.running_mean_threshold})')

                print(f'Appending {[centroid]} to {self.objects[objectID]}')

            self.objects[objectID].append(centroid)

            

        if len(self.objects[objectID]) == self.running_mean_threshold:

            if verbose:

                print(f'Length {len(self.objects[objectID])} of {self.objects[objectID]} is equal to running mean threshold.')

                print(f'Deleting first item in {self.objects[objectID]} ({self.objects[objectID][0]}) and appending {centroid}')

            del self.objects[objectID][0]

            self.objects[objectID].append(centroid)

        

    def update_means(self): # Calculate the new means and store

        for key, value in self.objects.items():

            if len(value) > 1:

                c_m = [mean([i[0] for i in value]), mean([i[1] for i in value])]

            if len(value) == 1:

                c_m = value[0]

            self.means[key] = c_m

        if verbose:

            print(f'Updated means dictionary{br}Current mean dict:{br}{self.means}')

        

    def return_tracks_webapp(self): # Only for webapp that is not currently active

        return self.tracks

    

    

    

    ### Tracking algorithm ###
    def track(self, frame): # Start tracking     

        frame_detections = self.get_frame_detections(frame) # Get the detections for the current frame
        if verbose:

            print(f'FRAME {frame}. Contains {len(frame_detections)} points.')

         

        # If the frame has no detections 
        if frame_detections.empty: # we will add 1 to disappeared for all objects that are being tracked.

            for objectID in list(self.disappeared.keys()): # loop over any existing tracked objects and mark them as +1 in 

disappeared
                #print("Object id in disappeared: ", objectID)
                self.disappeared[objectID] += 1

                if self.disappeared[objectID] > self.max_disappeared: # Deregister points that have been disappeared longer than 

max disappeared threshold
                    self.deregister(objectID)

            

            return self.objects # Return since there is nothing to update
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        # If the frame has detections
        inputCentroids = frame_detections[['x_c', 'y_c']].values.tolist() # we'll grab the centroid coordinates and convert to a list
        

        if verbose:

            print(f'Input centroids: {br}{inputCentroids}')

        

        if not self.objects: # if Objects is empty, we are currently not tracking any objects, so we'll take the input centroids and 

register each of them
            for i in range(0, len(inputCentroids)):

                self.register(frame, inputCentroids[i])

            

            if verbose:    

                print("Not tracking objects. Initiated tracking on the current points")

                print(f'Current objects:{br}{self.objects}')

           

        else: # We are already tracking objects, so let's see if we can associate any current frame detections with objects that are 

being tracked.   
            objectIDs = list(self.means.keys()) # Store the object IDs and their centroids
            objectCentroids = list(self.means.values())

            

            print("Object IDs: ", objectIDs)

            print("Object centroids: ", objectCentroids)

            D = dist.cdist(objectCentroids, inputCentroids) # Calculate distances between new points and existing tracks.
            if self.max_distance != 0: # If the max_distance has been set to 0, we'll ignore the next step. (Otherwise 0 would force 

new tracks for each point).
                D[D > self.max_distance] = np.nan # Set the distance to NA for the pairs that have distance above the threshold we 
have set. This will force the initiation of new tracks for these points.
            

            if verbose:

                print("We are tracking existing objects.") 

                print(f'Current object ids: {objectIDs}')

                print(f' Current object centroids:{br}{objectCentroids}')

                print(f'Input centroids from current frame:{br}{inputCentroids}')

                print(f'Here\'s the distance matrix:{br}{D}')

                

            objectIndexes = list(range(0,len(D))) # Grab a list of the object indexes (rows of the D matrix).
            inputIndexes = list(range(len(D[0]))) # Grab a list of the input indexes (columns of the D matrix).
            

            for c in range(len(D[0])): # Loop over the input centroids

                if not np.isnan(D).all(): # Continue if there a still distance values left in the matrix (i.e. not all NA)

                    result = np.unravel_index(np.nanargmin(D, axis=None), D.shape) # Find the row,column index of the lowest 
distance in the matrix
                    D[result[0], :] = np.nan # Set the row and column for this element as NA (since the input and object has now been 
associated and cannot be used again)
                    D[:,result[1]] = np.nan

                    

                    objectIndexes.remove(result[0]) # Remove the object index from the list since it has now been used
                    inputIndexes.remove(result[1]) # Remove the object index from the list since it has now been used
                    

                    self.update_object(objectIDs[result[0]], inputCentroids[result[1]]) # Update the object with the new centroid 
coordinates
                    self.store_tracking_results(frame, inputCentroids[result[1]], objectIDs[result[0]]) # And store the tracking 
information
              

                else: # All elements in the distance matrix are NA.

                    if verbose:

                        print("Association based on distance done. Now dealing with points that were not associated.")

                    pass

            

            self.update_means() # Update the dictionary containing the running means of the points

            for o in objectIndexes: # We'll add 1 for the objects that were not associated with a point in the current frame (in 

dictionary (disappeared) containing the number of frames the tracks have been lost).
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                objectID = objectIDs[o]

                self.disappeared[objectID] += 1

                if self.disappeared[objectID] > self.max_disappeared: # Deregister any tracks that have been disappeared for more 

frames than the max disappeared threshold.
                    self.deregister(objectID)

                    if verbose:

                        print(f'Deregistering object {objectID}')

            

            for i in inputIndexes: # And we'll initiate new tracks for the points in the current frame that were not associated with an 

existing track.
                if verbose:

                    print(f'Registering point {i} with the centroid {inputCentroids[i]}')

                self.register(frame, inputCentroids[i])

# ===================== RUN ===================================================

# currentTime = datetime.now() # Use this if you need to time-stamp result file
# currentTime=('%02d-%02d-%02d'%(currentTime.hour,currentTime.minute,currentTime.second))

# ===================== Run a single round of tracking ========================
# t = tracker(4, 500, 5, frames) # Instantiate the class instance and pass in the threshold for max_disappeared and the list of 
frames.
# starttime = time.time()
# for f in frames: # Loop over frames and track
#     t.track(f)
# endtime = time.time()
# print(f'Tracking done. That took {round(endtime-starttime, 3)} seconds. That is {round((endtime-starttime)/len(frames), 3)} 
seconds per frame.')
# t.write_tracks_file()
# =============================================================================

# ===================== Plot stuff ============================================
#plt.scatter(detections['x_c'], detections['y_c'], c = detections['frame'])
#plt.plot(detections['x_c'],detections['y_c'])

# tracks = pd.read_csv(resultFilename) # Careful not to write several times to same file!
# print(tracks)
# print(tracks.objectID.unique())
# print(f'Number of tracks found: {len(tracks.objectID.unique())}')

# =============================================================================

### END OF SCRIPT ###
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SSuuppppll..  22::  RReessuullttss  ooff  tthhee  ffiilltteerriinngg  aallggoorriitthhmm  ffoorr  ffiilltteerriinngg  ddiissttaanncceess  ((eeppss))  5500--550000  wwiitthh  aa  
sstteeppssiizzee  ooff  5500  ffoorr  tthhee  tthhrreeee  sseerriieess..  
 

 

Eps Total mismatches Tracks kept 
50 158 165 
100 103 147 
150 71 124 
200 47 100 
250 30 69 
300 9 49 
350 0 28 
400 0 18 
450 0 16 
500 0 11 
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Abstract

Interactions between flowers and insects, such as pollination events, are ephemeral and thus hard 
to study. Camera traps can collect observational data far exceeding what is possible with traditional 
methods, but the extraction of ecological data from images is challenging and time-consuming. This is 
true especially for image sets containing a large proportion of negatives. Deep learning methods, such 
as object detection with convolutional neural networks, can be leveraged for automatic processing of 
images, but require large amounts of manually annotated training data. Citizen science may bridge 
the gap where the time required for data processing exceeds what is possible for individual research-
ers and where automatic methods cannot be applied. In this study, we extracted images of individual 
flowers of two species of Dryas from time-lapse image-series with the use of a deep learning-based 
flower detection model. Following, more than 3.7 million flower crops were examined for insect visi-
tors by volunteers of our PollinatorWatch project on the citizen science platform Zooniverse. The data 
set included a set of images with known visitors, and we found a visitor detection probability of 94.3% 
when one of at least three examinations flagged an image collage as containing an insect. Approxi-
mately 100,000 collages that did not contain known visitors were reported by the users to contain a 
flower visitor. From these, we identified more than 3,000 crops containing large insects. Our results 
show substantial diurnal and daily variation in visitor frequencies as well as between plots. For two 
flower plots, we map the insect visits to individual flowers and reveal large variation in visiting dura-
tion to the flowers and non-random variation in visitor frequencies between individual flowers within 
a plot.

Keywords: Arctic, Dryas integrifolia, ecological monitoring, plant-pollinator interactions, pollination, 
phenology, tracking
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Introduction

The effects of climate change are thought to travel 
through food webs and manifest themselves indirectly 
via interacting species. For example, shifting flowering 
phenology may induce temporal mismatches between 
plants and pollinators (Weaver & Mallinger, 2022). To 
fully understand these dynamics, the variation in cli-
mate sensitivity between species, and the consequences 
for ecosystem function, we need long-term, large scale 
data collection on interactions between individuals 
of interacting species (Visser & Both, 2005). However, 
obtaining such data is a difficult task. The ephemeral 
nature of insect pollination events suggests that high-
frequency and long-duration observation is needed to 
capture interaction events and frequencies, which may 
vary across the season, from day to day, and diurnally 
as well as spatially. Obtaining data that captures the full 
scale of temporal variation would be an insurmountable 
challenge with traditional observation methods, even 
for a few species, and the typical weekly observations 
may be insufficient to capture important temporal dy-
namics. Here, image-based monitoring methods may 
offer much needed high-frequency observations at low 
cost (Collett & Fisher, 2017).

Automatic detection, classification, and counting of 
organisms in images with computer vision and deep 
learning models is of particular relevance for ecologi-
cal monitoring (Høye et al., 2021; Weinstein, 2018; Willi 
et al., 2019). In fact, automated image analyses with 
such tools can outperform humans in both speed and 
accuracy (Ärje et al., 2020; Ditria et al., 2020; Hodgson 
et al., 2018; Torney et al., 2019). However, such tools of-
ten require large amounts of annotated domain-specific 
training data, which can be prohibitive to their appli-
cation. When such data is unavailable, crowd-sourcing 
help from citizen scientists for examining and filtering 
large datasets is relevant (Kosmala et al., 2016). Citizen 
science assistance has proven hugely valuable for col-
lecting and processing data at scales that would be out 
of scope for small research teams (Dickinson et al., 2010; 
Hochachka et al., 2012; Pataki et al., 2021). Thus, for ac-
quisition of monitoring data that spans full seasons yet 
is of sufficiently high frequency to capture the ephem-
eral interactions of insects with their environment, com-
bination of deep learning and citizens science may offer 
a solution (McClure et al., 2020; Willi et al., 2019).

Climate change is affecting the timing of life-history 
events across species. Spring advancement has been 
widely observed (Fitter & Fitter, 2002; Menzel, 2006; Par-
mesan, 2006; Peñuelas & Filella, 2001), but the responses 
vary greatly between regions (Piao et al., 2019) and spe-
cies (Caradonna & Inouye, 2015; Post et al., 2016; Thack-
eray et al., 2016). For the Arctic, the rate of warming is 

particularly severe (AMAP, 2021) and while phenology 
data for the region is scarce (Diepstraten et al., 2018; 
Metcalfe et al., 2018), some studies point toward drastic 
responses to these changes (Høye et al., 2007; Post et al., 
2018). Phenological sensitivity to climate change has the 
potential to decouple interacting species, such as plants 
and insect pollinators (Forrest, 2015; Kudo & Ida, 2013), 
which may in some cases be driving declines in pollina-
tor diversity and abundance (Høye et al., 2013; Loboda 
et al., 2018; Ogilvie et al., 2017). However, insect popula-
tion dynamics are complex and identifying true trends 
and the causative drivers requires robust and compre-
hensive data (Thomas et al., 2019). Despite increased at-
tention in both science and media (Althaus et al., 2021; 
Hall & Martins, 2020), data on insect population dynam-
ics remain scarce and patchy with substantial geograph-
ic and taxonomic gaps (Potts et al., 2016). This is true 
especially for the Arctic (Metcalfe et al., 2018), where the 
low diversity of pollinators and the short seasons may 
render plant-pollinator interactions particularly sensi-
tive to disruption (Benadi et al., 2014; Encinas-Viso et 
al., 2012; Gillespie et al., 2016). Although species-poor in 
comparison to lower latitudes, the arthropod commu-
nity account for the majority of the Arctic fauna regard-
ing both diversity and abundance (Gillespie et al., 2019; 
Meltofte, 2013) and many plant species benefit from or 
even require insect pollination for seed set (Kevan, 1972; 
Strathdee & Bale, 1998). Thus, here plants and pollina-
tors could be particularly sensitive to phenological mis-
matches, which could drive changes in the reproductive 
success of populations involved.

This study focuses on Dryas integrifolia, a circumpolar 
dwarf shrub very common in the Arctic and its flower 
visitors (Aiken et al., 2011). Our aim was to investigate 
the dynamics of pollination events to these flowers at 
unprecedented temporal resolution. We couple full-sea-
son image data derived from automatized sample plot 
monitoring at very high temporal resolution, efficient 
detection and counting of flowers in the images with 
deep learning, and manual examination of flowers by 
citizen scientists for identifying flowers with visitors. 
We collected nine image series over three consecutive 
years, 2017, 2018, and 2019, at a remote Arctic location. 
The cameras captured images only seconds or minutes 
apart throughout the full growing seasons, something 
that would be entirely infeasible with traditional hu-
man observation. We then used a deep learning model 
to detect and count flowers of D. integrifolia in the more 
than 400,000 images (Mann et al., in press). Finally, 
the 3.7 million flower instances detected in the images 
were examined for insect visitors by volunteers in our 
citizen science project PollinatorWatch on the platform 
Zooniverse.org. The platform is the world’s largest 
for collaborative projects between researchers and the 
public. With  2 million volunteers, the data generated 
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in the many projects on the platform has been the ba-
sis of hundreds of publications in a wide range of fields  
(https://www.zooniverse.org/about/publications) 
(Trouille et al., 2019).

We present results on flower visitor frequency through 
the growing seasons and compare the three years. We 
discuss the results obtained from the citizen science 
crowd and the feasibility of future application of a simi-
lar pipeline. Further, we demonstrate how image-based 
monitoring can facilitate mapping of insect visits to in-
dividual flowers within a sample plot. We argue that 
studying biotic interactions at the level of individual 
flowers can help answer long-standing questions, for 
example concerning pollen limitation.

Material and methods

Study site and image recording

Images were recorded at Narsarsuaq, South Green-
land in 2017, 2018, and 2019 as described in (Mann et 
al., in press). We used time-lapse cameras (Moultrie 
Wingscapes TimelapseCam Pro, Moultrie Products, Bir-
mingham Alabama, USA) mounted to steel frames and 
powered by either solar power or lithium AA batteries. 
The cameras are equipped with an automatic LED flash 
for night-time image capture. All cameras were placed 
within a flat area of approx. 300 x 250m (approximate 
center position of area: 61.18°N, 45.38°W). Cameras 
were positioned 60 cm above cushions of D. integrifolia 
and recorded images at 20 MP resolution (fig. 1). The 

mat-forming plants produce upright flowers with 8-11 
white petals and a yellow centre (Aiken et al., 2011; 
Philipp, 1990; Philipp & Siegismund, 2003). Two image-
series were collected in 2017, three in 2018, and four in 
2019. Since the time-lapse frequency varied among the 
cameras, we report results relative to the number of 
flowers detected per day to account for discrepancies in 
time-lapse frequency.

Automatic flower detection, known visitors, and 
production of flower collages

To produce flower collages for processing in the Pollina-
torWatch project, we truncated each of the seven series 
from 2018 and 2019 to include only images from within 
the flowering season (from the first image with flow-
ers to the last image with flowers). We limited the series 
to include only images from between 8 am and 8 pm, ex-
cept for two series, 2018_NARS-02 and 2019_NARS-16, 
where we examined insect visitation across the full diur-
nal cycle. In the images, we automatically detected flow-
ers using a pre-trained flower detection model (Mann et 
al., in press). The flower detection model is trained to 
detect Dryas integrifolia flowers and returns coordinates 
of the bounding boxes of the detections. We extracted 
the flowers from the full images by cropping out the 
flower bounding boxes and produced flower collages 
each containing four flower crops (fig. 2).

We included crops containing known insects in the col-
lages at a rate of 0.5% at the level of crops, meaning that 
2% of the collages contained a crop that was known to 

Figure 1. An example of a time-lapse image showing an abundance of Dryas flowers. Bounding boxes show the detections from 
the automatic flower detection model. One flower contains an insect visitor (marked with a blue box).

https://www.zooniverse.org/about/publications
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contain a visitor. The set of flower crops with known 
visitors was produced by running the flower prediction 
model on the two series from 2017 and manually identi-
fying 855 crops with flower visitors. The known visitors 
were randomly sampled from this pool and included in 
the collages. Their location was noted, but not available 
to the PollinatorWatch user. The inclusion of crops with 
known visitors made it possible to estimate the capabil-
ity of the users to identify crops with flower visitors. We 
calculated the percentage of known visitors detected by 
the users and argue that a similar accuracy can be ex-
pected for series where this information is not known.

A total of 956,526 collages each with four crops (3,826,104 
crops in total) were created and processed in our Pol-
linatorWatch project. Of these, 19,058 crops contained 
known insects. They were located in 18,905 collages of 
which 153 of collages contained two crops with visitors 
and the remaining a single crop with a visitor.

Our strategy for detecting flower-visiting insects by 
first detecting flowers assumes that our flower detec-
tion model does not discriminate between flowers with 
and without insects. To ensure that the flower detection 
model was capable of detecting flowers with visitors, 
we first manually annotated the visitors in the 2017 im-
ages using the single point annotation tool in the VIA 
VGG annotation software (Dutta & Zisserman, 2019). 
Second, we ran the flower detection model on the im-
ages. Third, we used the insect annotations to examine 
if any flower visitors were found in flowers not detected 
by the flower detection model.

A single insect may be included in several flower pre-
dictions. For example, two flowers may overlap suffi-
ciently that an insect visitor is captured in the predic-
tions of both flowers or the presence of an insect in a 
flower may cause the flower detection model to erro-
neously produce several predictions of a single flower. 
Such cases could mean that 1) the number of insects is 

overestimated because a single insect is included in sev-
eral crops and 2) that the number of flowers is overes-
timated because multiple predictions of one flower are 
produced. To test for these issues, we investigated how 
many of the 855 insect crops from 2017 were in fact mul-
tiple counts of the same individual in the same image.

PollinatorWatch settings

The flower collages were presented to the volunteers in 
our PollinatorWatch project. The project was initiated 
on March 19th, 2021, and ended on November 16th, 
2021. The users were asked to examine whether any 
pollinators were present in each collage, one at a time 
(fig. 2). On the platform, the number of classifications 
collected for a collage is set by the retirement level. We 
initially set the retirement level to five, but subsequent-
ly changed it to three during the project, to allow for 
processing of more images. Therefore, each collage was 
classified at least three times before it was retired.

Analysing the PollinatorWatch classifications

To estimate the success rate of the PollinatorWatch 
classifications, we quantified the proportion of col-
lages containing known visitors that were identified by 
the PollinatorWatch users by having received at least 
one positive classification. A high proportion would 
strengthen the assumption that the users can reliably 
identify image crops of flowers containing visitors. We 
did this by retrieving all classifications of collages con-
taining known visitors and calculating the proportion of 
these that had received at least one positive classifica-
tion and the proportion that had received more than one 
positive classification.

To identify unknown insect visits, we retrieved all col-
lages without a known visitor crop that were marked as 
containing a pollinator at least once. To filter out false 
positives, these collages were subsequently examined by 

Figure 2. A flower crop collage from the 
PollinatorWatch project. The upper right 
flower contains an insect visitor.
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experts to confirm or reject the presence of a pollinator. 
This examination divided the collages into one of three 
categories: 1) collages that contained larger visitors such 
as a hoverfly, bee, or beetle. 2) collages that contained 
only smaller visitors such as mosquitoes or thrips, or col-
lages that were likely to contain a visitor but where the 
presence could not be fully confirmed, e.g., because of 
low image quality or partial occlusion of the potential vis-
itor. 3) collages that did not contain a visitor. For collages 
in the first category, we subsequently identified the indi-
vidual crops in each collage that contained a visitor. Our 
presented results are based on these crops. We estimated 
the visitation frequency by dividing the number of flower 
crops containing a visitor identified for a given day by 
the total number of flowers detected that day. While each 
crop cannot be counted as a unique visit as the duration 
of a visit may extend over several consecutive images, the 
estimate is a measure of insect activity.

Mapping insect visits to individual flowers

To further demonstrate the power of detecting insects in 
time-lapse images of flowers, we mapped the individual 
insect visits to the individual flowers in two image series 
(2018_NARS-04 and 2019_NARS-13). First, we random-
ly sampled images from within the flowering season 
from each series. From 2018_NARS-04 (flowering sea-
son of 45 days, from June 12 to July 27) 189 images were 
sampled and from 2019_NARS-13 (flowering season 24 
days, from May 25 to June 27) 194 images were sampled. 
In these images, we manually annotated the flowers us-
ing the rectangular bounding box tool in the VIA VGG 
software and assigned each flower a unique ID. Second, 
we assigned each insect crop to a flower by calculating 
the centroid coordinates of the insect crop and identify-
ing the flower bounding box that was closest in time and 
which overlapped with the centroid location.

Results

Flower detections and collages
The flower detection model produced 3,807,046 flower 
detections in 427,691 images from the seven series from 
2018 and 2019. For the two series in 2017, the model pro-
duced 589,235 detections in 22,449 images. The timing of 
first flower was 17.6 days earlier for 2019 compared to 
2018, with the mean day of year (DOY) for the first flow-
er being 147.8 and 165.3, respectively, for the two years.

PollinatorWatch classifications
A total of 3,718,562 classifications of collages were pro-
duced by the PollinatorWatch users in the project pe-
riod. An average of 17,624 (SD = 21,511) classifications 
were made over 211 days within this time. The maxi-

mum number of classifications made within a day was 
152,467. In total, 4313 users with accounts on Zooniverse 
made 93.5% of the classifications, while 6.5% of the clas-
sifications were made by users without an account.

Known visitors

724 insects visiting flowers were annotated in the two 
2017 series. Of these, we identified 12 flower visits that 
were not included in the flower detections, meaning that 
the flower detection model captured 98.3% of the flower 
visits in the two series. For the 2017 data, we identified 
178 images with more than one insect detected (a total 
of 400 insect detections). Of these, 25 were images with 
multiple correctly detected insects (i.e., without multi-
ple detections of single individuals). In the remaining 
153 images, we found 139 instances of double detections 
(overlapping flower detections with a single visitor pre-
sent in both) and 15 instances of triple detections. Thus, 
231 (400-139-15x2) of these insect detections were cor-
rect. The issue occurred when flower predictions over-
lapped because flowers were in close vicinity to each 
other, and one flower contained an insect, or, more com-
monly, when multiple predictions of a flower contain-
ing an insect were erroneously made. Of the 18,905 col-
lages with known visitors, 17,817 received at least one 
positive classification, meaning that 94.2% were correct-
ly identified by the users. Of the 17,817 flagged collages, 
15,903 received more than one positive classification.

New visitors

A total of 114,050 collages were marked as containing an 
insect. Of these, 17,817 (10.3%) contained known insect 
crops. The expert review of the remaining 96,233 crops 
returned 3,272 collages containing large insect visitors 
(fig. 3). Some collages contained more than one crop 

Figure 3. Examples of flower visits detected in the flower 
image crops.
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Figure 5. The mean number of flowers detected in the images per day (dashed) and the ratio of total number of insects crops to 
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with an insect visit. The total number of insect crops 
was 3,281. Additionally, 1,614 collages were identified 
as either likely containing insect visitors or containing 
small insects. Only results from the first category are 
presented. In sum, only 0.086% of the flower detections 
were found to contain a large insect visitor.

Limiting the results to daytime (8am - 8 pm), we de-
tected 1,395,298 flowers for 2018 of which 2,472 (0.177%) 
contained an insect. For 2019, we detected 1,537,834 
flowers of which 597 (0.039%) contained insects. The se-
ries with the highest median ratio of insect visits to flow-
ers was 2018_NARS-04 (fig. 4a). More than half (1,543) 
of the insect crops were from a single camera from 2018 
(2018_NARS-02) (fig. 4b). The insect visitor frequency 
per day in relation to the number of flowers detected is 
shown for each series in fig. 5. All series had days where 
no visits were found. The distribution of insect visits per 
hour through the day is shown in fig. 6A. For the two 
series that included images from the full diurnal cycle 
2018_NARS-02 and 2019_NARS-16, we detected 1,751 
and 100 insect crops, respectively. Of these, 212 were 

visits outside the daytime limits, 208 were found in the 
2018_NARS-02 series and only four in the 2019_NARS-
16 series. Most of the detections from outside of the 
daytime period were made in the morning and evening, 
but detection were also made during the night (fig. 6B; 
fig. 7). It was rare to have several visitor crops in a sin-
gle image. Of the 3,281 insect crops, 2,823 were found in 
separate images, 114 were found as two crops per im-
age, and 6 were found as three crops per image.

Mapping visits to individual flowers

A total of 32 flowers were found in series 2018_NARS-
04 while 85 flowers were found for 2019_NARS-13. For 
the two series, 468 and 408 daytime visitor crops were 
identified, respectively. Mapping the visits to individu-
al flowers for two series shows that the insect visits for 
2018_NARS-04 are generally quite evenly distributed 
among the flowers. Furthermore, most flowers receive 
visits on several days throughout their lifespan. Howev-
er, for 2019_NARS-13, a large proportion (36/85) of the 
flowers had no observed visits. Of the 49 flowers that 
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Figure 6. A: Number of insect crops 
detected for individual hours of the 
day for across all series from the three 
years. Outliers show that exception-
ally high numbers of insect crops are 
detected for some days. B: Number of 
insect crops identified for different parts 
of the day for the two series that con-
tained data from the full diurnal cycle. 
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Figure 8. The distribution of insect crops through the season (DOY = day of year) among the flowers within each plot. Horizontal 
lines each represent one flower. Black lines are flowers that did not receive visitors; grey lines are flowers that did. Red dots 
mark presence of insect crops. The yellow vertical lines delimit daytime (8 am - 8 pm). All insect crops were within the daytime 
limit, but the position of pints have been jittered to increase visibility. The insets show the proportions of flower detections per 
day across the season. The increase in flower detections in the middle of the season for 2019_NARS-13 was caused by an 
increase in the time-lapse frequency on the camera.
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did receive visits, 26 had only one day with visits de-
tected. For 2018_NARS-04, all flowers, except for three, 
two of which were only briefly present in the frame, re-
ceived visits (fig. 8).

For 2019_NARS-13, only 49 of the 85 flowers received 
visits. The insect visits seemed to be non-randomly dis-
tributed among the flowers within a plot. For example, 
on DOY 157, insects interact with seven flowers (with 
most observations made to only three flowers) despite 
28 flowers seemingly available. On the following day, 12 
of the 25 available flowers received visits, but only one 
flower received a high number of visits on both days.

Discussion
In this paper, we describe a novel method to derive 
plant-pollinator interaction data directly from images. 
We used plot monitoring with time-lapse cameras cou-
pled with automatic flower detection and citizen sci-
ence volunteers to examine almost four million flower 
detections. Our approach allows us a glimpse into the 
dynamics of plant-pollinator interactions at the level of 
individual flowers. Such detailed interaction-data may 
help to tackle the long-standing questions around how 
timing, abundance, and diversity of flower visitors af-
fect reproductive success of insect-pollinated plants.

Image-based monitoring can deliver high-frequency 
plot observations throughout the growing season but re-
quires automated image-analysis to be feasible at large 
scales (Scott et al., 2018; Tabak et al., 2019; Weinstein, 
2018). We applied a pre-trained Dryas flower detection 
model to locate flowers in the images and subsequently 
examined the flowers for visitors with help from citizen 
scientists. Automating the process of detecting, count-
ing, and cropping flowers and relying on visual exami-
nations by a large number of citizen science volunteers 
facilitated processing of an otherwise insurmountable 
number of images. Instead of detecting and cropping 
out flowers from the images, we could have presented 
each full image to the users and asked them to flag im-
ages containing insects. However, as the image scenes 
were highly complex and insects hard to spot due to 
their small size and often limited visibility because of 
low image resolution or occlusion, this would constitute 
a much more challenging task with a high risk of miss-
ing insects. Further, full-resolution images have much 
larger file sizes than the flower crop collages and the 
upload traffic to the Zooniverse platform would thus be 
considerably slower.

A common concern with citizen science data is whether 
the quality is sufficiently high. Yet, citizen science out-
puts can match and even surpass what is produced by 
experts and measures can be taken to improve and en-

sure output quality, such as volunteer training and test-
ing, expert validation, and replication (Aceves-Bueno 
et al., 2017; Kosmala et al., 2016). Here, we took several 
measures to both ensure and test the quality of the clas-
sifications produced by participants in our Pollinator-
Watch project. The inclusion of known insect crops al-
lowed us to measure the insect detection probability in 
the data. This approach relies on the assumption that 
crops with insects from 2018 and 2019 are similar to 
those of 2017 from which the known insect crops came. 
Visual examination of insect crops identified by the Pol-
linatorWatch participants supports this assumption.

Many citizen science projects focus on so-called charis-
matic species such as birds and mammals. A common as-
sumption is that volunteer engagement depends on cha-
risma of the species (Earp & Liconti, 2020; Kwok, 2019; 
McClure et al., 2020). The subjects included in this study 
are perhaps not charismatic in the traditional sense. Fur-
ther, the ratio of negatives to positives was very high and 
image quality often quite low. Overall, the task was diffi-
cult, which could have led to low volunteer engagement. 
Nevertheless, we found that the volunteer community 
was highly engaged and hard-working, averaging more 
than 17,000 classifications per day across 211 days. We 
hypothesize that there are two important reasons for this. 
One is a public desire to learn about pollinators and their 
status (Domroese & Johnson, 2017), likely sparked by the 
widely reported evidence of pollinator declines and the 
importance of the ecosystem services they provide (IP-
BES, 2016; Wagner et al., 2021). It is likely that the vol-
unteers consider investigation into pollinator population 
dynamics an important and motivating task. Second is 
the desire to contribute to science in general (Domroese 
& Johnson, 2017) and here the difficulty of the task may 
have actually increased engagement of the most diligent 
volunteers (Curtis, 2015). The quantity of flower visitors 
in the 2018 and 2019 image series was expected to be low 
a priori of the study, and the inclusion of known insects 
also meant that, disregarding the presence of unknown 
insects, the users would come across a collage containing 
a pollinator every 50th collage on average, likely affecting 
user engagement positively.

Only 3.4% of the collages flagged by the users as con-
taining insects were confirmed to contain a large visitor 
in the expert review. The large discrepancy means that 
the users produced a substantial amount of false posi-
tive classifications. As each collage is classified several 
times, increasing the threshold for when to include col-
lages would likely filter out a large proportion of the 
false positives. However, this comes with a risk of er-
roneously discarding true positives. Since insect visits 
were expected to be rare (Gillespie et al., 2016), we opted 
for a higher proportion of false positives rather than po-
tentially losing crops containing insects.
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Overall, we found a low proportion of insects in the im-
ages. In theory, the flower detection model could have 
failed to detect flowers when they contained a visitor, 
but our tests revealed no evidence of this. Indeed, the 
model detected 98.3% of the flowers that contained visi-
tors in the 2017 series. These included instances of large 
visitors (e.g., honey bees) that covered a large part of 
the flower. The flower detection model was trained on 
a large and varied dataset and was also capable of de-
tecting partly occluded flowers (Mann et al., in press). 
In fact, a 98.3% detection rate surpasses what could be 
expected from the recall of the tests in the original study. 
Likely, a large proportion of the false negatives detected 
in Mann et al. (in press) are flowers that are in the very 
early stages of blooming or close to senescence. If insects 
are unlikely to visit such flowers, it would explain the 
high proportion of flowers with insects captured. In any 
case, the result suggests that most flowers containing in-
sects are detected by the model. Finally, it could be that 
the citizen science volunteers do not flag collages that 
contain crops with insects. However, the test involving 
collages with known visitors showed that the volunteers 
flagged 94.2% of the collages with known insects. Thus, 
we can assume that most flowers containing insects are 
captured by the flower detection model, and that most 
collages containing insects are found by the Pollinator-
Watch volunteers. In comparison, a study by (Gillespie 
et al., 2016) found a similarly low number of insect visits 
to Dryas, where a comprehensive observation protocol 
covering 31 days of observation between 10:00 and 16:00 
each day and continuous 10-minute observations of 
sample plots resulted in only 263 insect observations. Of 
these, most (139) visits were made to Dryas octopetala. 
This, together with the fact that we, in our manual ex-
amination of the images, found very few visitors, adds 
strength to the results. It is possible that the 1,088 collag-
es with known visitors not classified by the users were 
particularly difficult to detect.

We found no clear trends in flower visitation rates across 
the seasons, but rather substantial variation among in-
dividual days. In some cases, similar patterns in flower 
visitation rates can be seen across cameras. For example, 
the visitation rates seem to drop for all three cameras in 
2018 just after DOY 170. Future studies could examine 
if such patterns can be explained by variation in abiotic 
conditions. We found a higher frequency of visits in the 
2018 images compared to 2017 and 2019. The flowering 
season was substantially earlier in 2019 than 2018 and 
the discrepancy in flower visit frequency could be relat-
ed to the differences in timing of flowering. If the onset 
of flowering was unusually early in 2019, it may have 
reduced the temporal overlap between flowers and 
pollinators. However, if this was the case, flower visits 
in 2019 could be expected to be concentrated towards 
the end of the season, of which we found no indica-

tion. Continued monitoring with the presented method 
could help determine the drivers of variation in plant-
pollinator interactions.

We also found substantial differences in flower visita-
tion rates between cameras even within years, e.g., be-
tween 2018_NARS-03 and 2018_NARS-04. Considering 
the minor variation in abiotic conditions within the sam-
ple area, this is unlikely to be the explanation. The two 
sample plots also had very similar numbers of flowers. 
However, while the flowering season for 2018_NARS-04 
ended around DOY 190, 2018_NARS-03 had a period of 
approximately ten days with few flowers and no visitors. 
Interestingly, the period is followed by an increase in 
both flowering and visitation around DOY 200, showing 
that pollinators are still available this late in the season.

We present the ratio of insect crops to the number of 
flowers detected per day. The method returns a detailed 
estimate of insect activity and captures seasonal, daily, 
and diel variation. Considering that flower-visiting in-
sects expectedly behave in manners that maximize re-
source acquisition, the number of flowers in a plot may 
affect to quantity of visitors attracted. However, the 
number of visitors may not increase proportionally with 
number of flowers and the proportion of flowers visited 
may thus fall with an increasing number of flowers (Ak-
ter, 2017). Therefore, the per-flower visitation rates can 
remain constant as the decrease in proportion of flower 
visited outweighs the higher number of visitors attract-
ed to the inflorescence. We found no clear patterns of 
changing flower visitation rates with increasing number 
of flowers (i.e., no bottom or peak in flower visitation 
rate during peak flowering). A constant flower visitation 
rate during increasing number of flowers would mean 
that there are more visits when there are more flowers, 
but that the proportion stays the same. Future studies 
could translate insect activity to unique visits and map 
visits to individual flowers to investigate these dynam-
ics. In some cases, the flower detection model may pro-
duce several flower detections in which a single insect 
is visible, which can lead to multiple counts of a single 
individual. However, as only 120 (114 with two insect 
crops and 6 with three) images from the 2018 and 2019 
series contained multiple insect crops this is a negligible 
issue. Further, the high temporal resolution of the im-
age series means that the same insect may be present in 
a flower in a sequence of images. Thus, each insect crop 
cannot be considered a unique visit. However, the ratio 
of insect crops to flowers can arguably be considered a 
measure of insect activity.

Individual flower mapping

Interestingly, often clusters of insect detections were 
made within a day for a single flower despite other flow-
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ers being seemingly available. Large clusters of visits to 
a flower within one day are most likely single unique 
visits that span over several images. In contrast, we also 
found instances of visits captured in only a single im-
age. This suggests that 1) foraging can be concentrated 
around a small proportion of flowers within a day and 
2) there is large variation in the duration of visits. As the 
presented data does not show unique visits, it is pos-
sible that it is often very few insects that constitute the 
activity within a plot for a given day.

For the 2019 data especially, we identified many flow-
ers with either none or very few visits across their life-
time, while others had multiple days with visits. Lack 
of visits to single flowers would affect successful seed-
set through pollen limitation (Burd, 1994). However, 
the relationship between flower visitation and seed 
set is multifaceted (Akter, 2017; Krushelnycky, 2014). 
For a population of the closely related Dryas octopetala 
at Ny-Ålesund, Svalbard, it was found that herbivory, 
gender variation, and temperature in the flowering pe-
riod rather than pollinator limitation were main driv-
ers of seed-setting succes (Wada, 1999). It could be, 
however, that populations at such high latitudes are 
particularly temperature-limited and the finding may 
not translate to other populations. In any case, in light 
of climate change, the effect of warming on flower and 
insect phenology and the consequences for plant re-
productive success merits future attention. As flowers 
of D. integrifolia produce conspicuous achenes during 
seed set, it is feasible to estimate reproductive success 
from image data alone. Additionally, insect observa-
tions as presented here could be translated to unique 
visits or to an estimate of visiting duration by consid-
ering series of consecutive observations of visits to a 
flower. This would allow for mapping of high tempo-
ral resolution, full-season data on pollination events to 
individual flowers. Coupling this with information on 
seed-set success offers great potential for exploring the 
dynamics of pollination limitations and plant reproduc-
tive success. Our results are an important step towards 
elucidating the underlying drivers of variation in insect 
activity across spatial and temporal scales and between 
taxonomic or functional groups and the consequences 
for plant reproductive success.

Full diurnal cycle

For two series, we collected images through the full di-
urnal cycle. We found only few visitors outside of the 
daytime, showing that most activity was captured de-
spite limiting data collection to 8 am - 8 pm. However, 
these results also underline that interactions between 
plants and insects also occur outside of daytime. Al-
though the visits were few, it is relevant to collect and 
explore data from night-time visits in future studies. 

For example, flowers that seemingly receive no daytime 
visits may in fact receive visits during the night, which 
could be important pollination events (Alison et al., in 
press).

Limitations and future directions
Image-based monitoring of flowers requires minimal 
effort for collection of full-season data. However, the 
low frequency of visits means that a substantial effort is 
required to detect these visits. In the future, automatic 
methods could be used to detect and count the visi-
tors, but development of such methods requires large 
amounts of balanced training data, which may be diffi-
cult to obtain. The visitors identified here could serve as 
a basis for developing an insect detection model specific 
to our data or for testing insect detection methods devel-
oped in other studies (Bjerge et al., 2022), which would 
be an important step towards fully automated monitor-
ing of plant-pollinator interactions.

Species-level identification of individual flower visitors 
was not undertaken in this study and would likely be 
challenging because of the small sizes of insects and 
the limited image resolution. In this study, we focused 
on larger flower visitors, which excluded smaller spe-
cies, such as the abundant and diverse flower-visiting 
group, chironomids (Chironomidae), which could be 
frequent visitors to the flowers (Tiusanen et al., 2016). 
While Gillespie et al. (2016) found that muscid flies was 
a key predictor of seed set for Dryas in the High Arctic 
while species richness had only a small effect, it would 
be relevant to include smaller pollinators in future stud-
ies and to group visitors according to functionality or 
taxonomy. Further, future results could relate visiting 
dynamics with plant reproductive success, for example 
by identifying seed set in flowers in the images.

Conclusion
Obtaining full-season yet high-resolution data on inter-
actions between flowers and insects is very challenging 
and time-consuming with traditional methods. This 
challenge is even greater for remote regions such as the 
Arctic where logistical constraints may limit or prevent 
fieldwork. We have demonstrated that a combination of 
image-based monitoring, deep learning, and citizen sci-
ence can dramatically increase the scale of data acquisi-
tion. Our results revealed substantial variation in insect 
activity between individual flowers as well as through 
the lifetime of single flowers, which underlines the im-
portance of comprehensive data collection on interac-
tions between plants and pollinators in order to capture 
seasonal, day-to-day, and diurnal variations.
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Most animal species on Earth are insects, and recent reports suggest that their abundance is in drastic
decline. Although these reports come from a wide range of insect taxa and regions, the evidence to assess
the extent of the phenomenon is sparse. Insect populations are challenging to study, and most monitoring
methods are labor intensive and inefficient. Advances in computer vision and deep learning provide potential
new solutions to this global challenge. Cameras and other sensors can effectively, continuously, and
noninvasively perform entomological observations throughout diurnal and seasonal cycles. The physical
appearance of specimens can also be captured by automated imaging in the laboratory. When trained on
these data, deep learning models can provide estimates of insect abundance, biomass, and diversity.
Further, deep learning models can quantify variation in phenotypic traits, behavior, and interactions. Here,
we connect recent developments in deep learning and computer vision to the urgent demand for more cost-
efficient monitoring of insects and other invertebrates. We present examples of sensor-based monitoring of
insects. We show how deep learning tools can be applied to exceptionally large datasets to derive ecological
information and discuss the challenges that lie ahead for the implementation of such solutions in entomol-
ogy. We identify four focal areas, which will facilitate this transformation: 1) validation of image-based tax-
onomic identification; 2) generation of sufficient training data; 3) development of public, curated reference
databases; and 4) solutions to integrate deep learning and molecular tools.

automated monitoring | ecology | insects | image-based identification |machine learning

We are experiencing a mass extinction of species (1), but
data on changes in species diversity and abundance
have substantial taxonomic, spatial, and temporal biases
and gaps (2, 3). The lack of data holds especially true for
insects despite the fact that they represent the vast ma-
jority of animal species. A major reason for these short-
falls for insects and other invertebrates is that available
methods to study and monitor species and their popu-
lation trends are antiquated and inefficient (4). Neverthe-
less, some recent studies have demonstrated alarming
rates of insect diversity and abundance loss (5–7). To
further explore the extent and causes of these changes,
we need efficient, rigorous, and reliable methods to
study and monitor insects (4, 8).

Data to derive insect population trends are already
generated as part of ongoing biomonitoring programs.
However, legislative terrestrial biomonitoring (e.g., in
the context of the European Union [EU] Habitats Direc-
tive) focuses on a very small subset of individual insect
species such as rare butterflies and beetles because
the majority of insect taxa are too difficult or too costly
to monitor (9). In current legislative aquatic monitor-
ing, invertebrates are commonly used in assess-
ments of ecological status (e.g., the US Clean Water
Act, the EU Water Framework Directive, and the EU
Marine Strategy Framework Directive). Still, spatio-
temporal and taxonomic extent and resolution in on-
going biomonitoring programs are coarse and do not
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provide information on the status of the vast majority of insect
populations.

Molecular techniques such as DNAbarcoding andmetabarcoding
will likely become valuable tools for future insect monitoring based
on field-collected samples (10, 11), but at the moment, high-
throughput methods cannot provide reliable abundance estimates
(12, 13), leaving a critical need for other methodological approaches.
The state of the art in deep learning and computer vision methods
and image processing has matured to the point where it can aid or
even replace manual observation in situ (14) as well as in routine
laboratory sample processing tasks (15). Image-based observational
methods for monitoring of vertebrates using camera traps have un-
dergone rapid development in the past decade (14, 16–18). Similar
approaches using cameras and other sensors for investigating diver-
sity and abundance of insects are underway (19, 20). However, de-
spite huge attention in other domains, deep learning is only very
slowly beginning to be applied in invertebrate monitoring and
biodiversity research (21–25).

Deep learning models learn features of a dataset by iteratively
training on example data without the need for manual feature
extraction (26). In this way, deep learning is qualitatively different
from traditional statistical approaches to prediction (27). Deep
learning models specifically designed for dealing with images,
so-called convolutional neural networks (CNNs), can extract fea-
tures from images or objects within them and learn to differentiate
among them. There is great potential in automatic detection and
classification of insects in video or time-lapse images with trained
CNNs for monitoring purposes (20). As the methods become
more refined, they will bring exciting new opportunities for un-
derstanding insect ecology and for monitoring (19, 28–31).

Here, we argue that deep learning and computer vision can be
used to develop novel high-throughput systems for detection,
enumeration, classification, and discovery of species as well as
for deriving functional traits such as biomass for biomonitoring
purposes. These approaches can help solve long standing chal-
lenges in ecology and biodiversity research and also address press-
ing issues in insect population monitoring (32, 33). This article has
three goals. First, we present sensor-based solutions for observa-
tion of invertebrates in situ and for specimen-based research in the
laboratory. We focus on solutions, which either already use or could
benefit from deep learning models to analyze the large volume of
data involved. Second, we show how deep learning models can
be applied to obtained data streams to derive ecologically rele-
vant information. Last, we outline and discuss four main challenges
that lie ahead in the implementation of such solutions for inverte-
brate monitoring, ecology, and biodiversity research.

Sensor-Based Insect Monitoring
Sensors are widely used in ecology for gathering peripheral data
such as temperature, precipitation, and light intensity. However,
solutions for sensor-based monitoring of insects and other inver-
tebrates in their natural environment are only just emerging (34).
The innovation and development are primarily driven by agricul-
tural research to predict occurrence and abundance of beneficial
and pest insect species of economic importance (35–37), to pro-
vide more efficient screening of natural products for invasive in-
sect species (38), or to monitor disease vectors such as mosquitos
(39, 40). The most commonly used sensors are cameras, radars,
and microphones. Such sensor-based monitoring is likely to
generate datasets that are orders of magnitude larger than those
commonly studied in ecology (i.e., big data), which require effi-
cient solutions for extracting relevant biological information. Deep

learning could be a critical tool in this respect. Below, we give ex-
amples of image-based approaches to insect monitoring, which we
argue have the greatest potential for integration with deep learning.
We also describe approaches using other types of sensors, where
the integrationwith deep learning is less developed but still could be
relevant for detecting and classifying entomological information. We
further describe the ongoing efforts in the digitization of natural
history collections, which could generate valuable reference data for
training and validating deep learning models.

Image-Based Solutions for In Situ Monitoring. Some case
studies have already used cameras and deep learning methods
for detecting single species, such as the pest of the fruits of olive
trees Bactrocera oleae (41) or for more generic pest detection (42).
Here, the pest detection is based on images of insects that have
been trapped with either a McPhail-type trap or a trap with
pheromone lure and adhesive liner. The images are collected by a
microcomputer and transmitted to a remote server where they are
analyzed. Other solutions have embedded a digital camera and a
microprocessor that can count trapped individuals in real time
using object detection based on a deep learning model (37). In
both these cases, deep learning networks are trained to recognize
and count the number of individuals. However, there are very few
examples of invertebrate biodiversity-related field studies apply-
ing deep learning models (23). Early attempts used feature vec-
tors extracted from single perspective images and yieldedmodest
accuracy for 35 species of moths (43) or used mostly coarse tax-
onomic resolution (44). We have recently demonstrated that our
custom-built time-lapse cameras can record image data from
which a deep learning model can accurately estimate local spatial,
diurnal, and seasonal dynamics of honeybees and other flower-
visiting insects (45) (Fig. 1). Time-lapse cameras are less likely to
create observer bias than direct observation, and data collection
can extend across full diurnal and even seasonal timescales.
Cameras can be baited just as traditional light and pheromone
traps or placed over ephemeral natural resources such as flowers,
fruits, dung, fungi, or carrion. Bjerge et al. (46) propose to use an
automated light trap to monitor the abundance of moths and
other insects attracted to light. As the system is powered by a
solar panel, it can be installed in remote locations (Fig. 2). Ulti-
mately, true “Internet of Things”-enabled hardware will make it
possible to implement classification algorithms directly on the
camera units to provide fully autonomous systems in the field to
monitor insects and report detection and classification data back
to the user or to online portals in real time (34).

Radar, Acoustic, and Other Solutions for In Situ Monitoring.

The use of radar technology in entomology has allowed for the
study of insects at scales not possible with traditional methods,
specifically related to both migratory and nonmigratory insects
flying at high altitudes (47). Utilizing data from established weather
radar networks can provide information at the level of continents
(48), while specialized radar technology such as vertical-looking
radars (VLRs) can provide finer-grained data albeit at a local scale
(49). The VLRs can give estimates of biomass and body shape of the
detected object, and direction of flight, speed, and body orienta-
tion can be extracted from the return radar signal (50). However,
VLR data provide little information on community structure, and
conclusive species identification requires aerial trapping (51, 52).
Harmonic scanning radars can detect insects flying at low altitudes
at a range of several hundred meters, but insects need to be tag-
ged with a radar transponder and must be within line of sight

2 of 10 | PNAS Høye et al.
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(53, 54). Collectively, the use of radar technology in entomology
can provide valuable information in insect monitoring [for example,
on the magnitude of biomass flux stemming from insect migrations
(55)] but requires validation with other methods (e.g., ref. 56).

Bioacoustics is a well-established scientific discipline, and
acoustic signals have been widely used in the field of ecology. Al-
though most commonly used for birds and mammals, bioacoustic
techniques have merits in entomological monitoring. For example,
Jeliazkov et al. (57) used audio recordings to study population
trends of Orthoptera at large spatial and temporal scales, and Kiskin

et al. (58) demonstrated the use of a CNN to detect the presence of
mosquitoes by identifying the acoustic signal of their wingbeats.
Other studies have shown that even species classification for
groups such as grasshoppers (59) and bees (60) is possible using
machine learning on audio data. It has been argued that the use of
pseudoacoustic optical sensors rather than actual acoustic sensors is
a more promising technology because of the much improved
signal-to-noise ratio in these systems (61). Nevertheless, deep
learningmethods could be a valuable tool for acoustic entomological
monitoring.
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Fig. 1. We developed and tested a camera trap for monitoring flower-visiting insects, which records images at fixed intervals (45). (A) The setup
consists of two web cameras connected to a control unit containing a Raspberry Pi computer and a hard drive. In our test, 10 camera traps were
mounted on custom-built steel rod mounts 30 cm above a green roof mix of plants in the genus Sedum. Images were recorded every 30 s during the
entire flowering season. After training a CNN (Yolo3), we detected>100,000 instances of pollinators over the course of an entire growing season. (B)
An example image from one of the cameras showing a scene consisting of different flowering plant species. The locations of the insect detections
varied greatly among three common flower-visiting species: (C) the European honeybee (Apis mellifera), (D) the red-tailed bumblebee (Bombus
lapidarius), and (E) the marmalade hoverfly (Episyrphus balteatus). Across the 10 image series, the deep learning model detected detailed variation in
(F) seasonal and (G) diurnal variation in the occurrence frequency among the same three species. Adapted with permission from ref. 45.
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Other types of sensor technology are used to automate the
recording of insect activity or even body mass, typically without
actual consideration of the subsequent processing of the data
with deep learning methods (62, 63). In one of these recent
studies, researchers used a sensor ring of photodiodes and in-
frared light-emitting diodes to detect large- and small-sized ar-
thropods, including pollinators and pests, and achieved a 95%
detection accuracy for live microarthropods of three different
species in the size range from 0.5 to 1.1 mm (62). The Edapholog
(63) is a low-power monitoring system for detection of soil
microarthropods. Probe and sensing are based on detection of
change in infrared light intensity similar to ref. 62, and it counts the
organisms falling into the trap and estimates their body size. The
probe is connected via radio signals to a logging device that
transmits the data to a server for real-time monitoring. Similarly,
others have augmented traditional low-cost trapping methods by
implementing optoelectronic sensors and wireless communica-
tion to allow for real-time monitoring and reporting (35). Since

such sensors do not produce images that are intuitive to validate,
it could be challenging to generate sufficient, validated training
data for implementing deep learning models, although such
models could still prove useful.

Digitizing Specimens and Natural History Collections. There are
strong efforts to digitize natural history collections for multiple rea-
sons including the potential for applying deep learning methods
(64). The need for and benefits of digitizing natural science collec-
tions have motivated the foundation of the Distributed System of
Scientific Collections Research Infrastructure (DISSCo RI; https://
www.dissco.eu/). DISSCo RI strives for the digital unification of all
European natural science assets under common curation and access
policies and practices. Most existing databases include single-view
digitizations of pinned specimens (65), while datasets of insect
specimens recorded using multiple sensors, three-dimensional
models, and databases on living insect specimens are only just
emerging (66, 67). The latter could be particularly relevant for deep
learning models. There is also a valuable archive of entomological
data in herbarium specimens in the form of signs of herbivory (68).
The standard digitization of herbarium collections has proven suit-
able for extracting herbivory data using machine learning techniques
(69). Techniques to automate digitization will accelerate the devel-
opment of such valuable databases (64). The BIODISCOVER ma-
chine (70) is a solution for automated digitization of liquid-preserved
specimens such as most field-collected insects. The process consists
of four automatized steps: 1) bin picking of individual insects directly
from bulk samples; 2) recording the specimen from multiple angles
using high-speed imaging; 3) saving the captured data in an opti-
mizedway for deep learning algorithm training and further study; and
4) sorting specimens according to size, taxonomic identity, or rarity
for potential further molecular processing (Fig. 3). Implementing such
tools for the processing of bulk insect samples from large-scale in-
ventories and monitoring studies could rapidly and nondestructively
generate population and community data. Digitization efforts should
also carefully consider how images of individual specimens can be
leveraged to develop deep learning models for in situ monitoring.

Potential Deep Learning Applications in Entomology
The big data collected by sensor-based insect monitoring as de-
scribed above require efficient solutions for transforming the data
into biologically relevant information. Preliminary results suggest
that deep learning offers a valuable tool in this respect and could
further inspire the collection of new types of data (20, 45). Deep
learning software (e.g., for ecological applications) is mostly con-
structed using open source Python libraries and frameworks such as
TensorFlow, Keras, PyTorch, and Scikit-learn (24), and prototype
implementations are typically made publicly available (e.g., on
https://github.com/). This, in turn, makes the latest advances in
other fields related to object detection and fine-grained classifica-
tion available also for entomological research. As such, the deep
learning toolbox is already available to entomologists, but some
tools may need to be adapted for specific entomological applica-
tions. In the following, we provide a brief description of the trans-
formative potential of deep learning related to entomological data
stored in images structured around four main applications.

Detecting and Tracking Individuals In Situ. Image-based moni-
toring of insect abundance and diversity could rapidly become
globally widespread as countries make efforts to better understand
the severity of the global insect decline and identify mitigation
measures. Identification of individual insects has recently been

Fig. 2. (A) To automatically monitor nocturnal moth species, we
designed a light trap with an onboard computer vision system (46).
The light trap is equipped with three different light sources: a
fluorescent tube to attract moths, a light table covered by a white
sheet to provide a diffuse background illumination for the resting
insects, and a light ring to illuminate the specimens. The system is
able to attract moths and automatically capture images based on
motion detection. The trap is designed using standard components
such as a high-resolution universal serial bus web camera and a
Raspberry Pi computer. (B) We have proposed a computer vision
algorithm that can track and count individual moths. A customized
CNN was trained to detect and classify eight different moth species.
Ten (1–10) individuals were automatically detected in this example
photo recorded by the trap. The algorithm can run on the onboard
computer to allow the system to automatically process and submit
species data via a modem to a server. The system works off grid due
to a battery and solar panel. Reprinted with permission from ref. 46.

4 of 10 | PNAS Høye et al.
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facilitated by online portals such as https://www.inaturalist.org/ and
https://observation.org/ and their associated smartphone apps.
These systems provide instant candidate species when users up-
load pictures of observed insect species by using deep learning
models. While such portals provide powerful tools for rapid gen-
eration of biodiversity data, their main purpose is opportunistic
recording of species occurrence and not structured ecological
monitoring. However, such systems could be adapted for moni-
toring purposes. For example, a network of time-lapse cameras
could generate high-temporal and -spatial resolution image data
formonitoring of specific insect species. In some cases, detection of
individuals from such data could be achieved by simple modifica-
tions to existingmodels, while in other cases, custom-built solutions
may be necessary. Combining image data with acoustic or behav-
ioral data could be a solution for taxa that are harder to detect and
identify. In addition to detecting and classifying individuals, object
detection models can also pinpoint their exact location within an
image. Suchmodels can be applied to time-lapse and video data in

order to track the position of individual insects in situ through time.
This would add an additional valuable layer of data, which can be
derived from image-based observations. For instance, the move-
ment speed of individual insects can be related to the observed
microclimatic variation, and more realistic thermal performance
curves can be established and contrasted to traditional laboratory-
derived thermal performance.

However, tracking insects in their natural environment is cur-
rently a highly challenging task due to issues that include the
cluttered scenes and varying lighting conditions. In computer vi-
sion, such tasks are termed “detection-based online multiple
object tracking” and work under a set of assumptions (71). These
assumptions include a precise initial detection (initialization) of the
objects to be tracked in a scene; a good ability to visually dis-
criminate between the multiple tracked objects; and smooth
motion, velocity, and acceleration patterns of the tracked ob-
jects (72). The small visual differences among individual insects
and frequent hiding behavior violate the above assumptions.

Fig. 3. The BIODISCOVER machine can automate the process of invertebrate sample sorting, species identification, and biomass estimation (70). (A)
The imaging system consists of an ethanol-filled spectroscopic cuvette, a powerful and adjustable light source, and two cameras capable of recording
images at 50 frames per second (B) The setup is mounted in a light-proof aluminum box and fitted with a pump for refilling the spectroscopic cuvette.
(C) Each specimen is imaged from two angles by the cameras as it is dropped into the ethanol-filled cuvette, and geometric features related to size and
biomass are computed automatically. (D) The specimen (1) is imaged by two cameras (2) as it sinks through the ethanol. The system has a built-in
flushingmechanism (3) for controlling which specimens should be kept together for subsequent storage or analysis (4). The results for an initial dataset
of images of 598 specimens across 12 species of known identity were very promising, with a classification accuracy of 98.0%. Adapted from ref. 70,
which is licensed under CC BY 4.0.

Høye et al. PNAS | 5 of 10
Deep learning and computer vision will transform entomology https://doi.org/10.1073/pnas.2002545117
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Moreover, current state-of-the-art deep learning models typically
usemillions of learned parameters and can only run in near real time
with low-resolution video, which constrains the visual discrimination
of the targeted objects in the scene. Possible solutions to these
challenges include the use of nonlinear motion models (73) and
the development of compact (74) or compressed (75) deep
learning models.

Solving the task of tracking individual insects could open the
doors for a new individual-based ecology with profound impacts
in such research fields as population, behavioral, and thermal
ecology as well as conservation biology. Moreover, considering
the recent development in low-cost powerful graphical process-
ing units and dedicated artificial intelligence processors suitable
for autonomous and embedded systems (e.g., NVIDIA Jetson
Nano, Google Coral Edge TPU, and the Intel AI USB stick), it may
soon become feasible to detect, track, and decode behavior of
insects in real time and report information back to the user.

Detecting Species Interactions. Species interactions are critical
for the functioning of ecosystems, yet as they are ephemeral and
fast, the consequences of a disruption for ecological function
are hard to quantify (76). High-temporal resolution image-based
monitoring of consumers and resources can allow for a unique
quantification of species interactions (77). For instance, insects vis-
iting flowers, defoliation by herbivores, and predation events can
be continuously recorded across entire growing seasons with fixed
position cameras. To detect such interactions, image recording
should be collected at the scales where individuals interact (i.e., by
observing interacting individuals at intervals of seconds to minutes),
yet they should ideally extend over seasonal and/or multiannual
periods (78). Our preliminary results have demonstrated an exciting
potential to record plant–insect interactions using time-lapse
cameras and deep learning models (28) (Fig. 1).

Taxonomic Identification. Taxonomic identification can be approached
as a deep learning classification problem. Deep learning-based classi-
fication accuracies for image-based insect identification of speci-
mens are approaching the accuracy of human experts (79–81).
Applications of gradient-weighted class activation mapping can
even visualize morphologically important features for CNN classi-
fication (81). Classification accuracy is generally much lower when
the insects are recorded live in their natural environments (82, 83),
but when class confidence is low at the species level, it may still be
possible to confidently classify insects to a coarser taxonomic res-
olution (84). In recent years, impressive results have been obtained
by CNNs (85). They can classify huge image datasets, such as the
1,000-class ImageNet dataset, at high accuracy and speed (86).
Even with images of >10,000 species of plants, classification ac-
curacy of the best CNNs was close to that of botanical experts.
Currently, such performance of CNNs can only be achieved with
very large amounts of training data (87), but further improvements
are likely, given recent promising results in distributed training of
deep neural networks (88) and federated learning (89, 90).

It is common for ecological communities to contain a large
fraction of relatively rare species. This often results in highly im-
balanced datasets, and the number of specimens representing
the rarest species could be insufficient for training neural networks
(83, 84). As such, advancing the development of algorithms and
approaches for improved identification of rare classes is a key
challenge for deep learning-based taxonomic identification (25).
Solutions to this challenge could be inspired by class resampling
and cost-sensitive training (91) or by multiset feature learning (92).

Class resampling aims at balancing the classes by undersampling
the larger classes and/or oversampling the smaller classes, while
cost-sensitive training assigns a higher loss for errors on the smaller
classes. In multiset feature learning, the larger classes are split into
smaller subsets, which are combined with the smaller classes to
form separate training sets. These methods are all used to learn
features that can more robustly distinguish the smaller classes.
Species identification performance can vary widely, ranging from
species that are correctly identified inmost cases to species that are
generally difficult to identify (93). Typically, the amount of training
data is a key element for successful identification, although recent
analyses of images of ∼65,000 specimens in the carabid beetle
collection at the Natural History Museum London suggest that
imbalances in identification performance are not necessarily related
to howwell represented a species is in the training data (84). Further
work is needed on large datasets to fully understand these
challenges.

A related challenge is formed by those species that are com-
pletely absent from the reference database on which the deep
learning models are trained. Detecting such species requires
techniques developed for multiple-class novelty/anomaly detec-
tion or open set/world recognition (94, 95). A recent survey in-
troduced various open set recognition methods with the two main
approaches being discriminative and generative (96). Discrimi-
native models are based on traditional machine learning tech-
niques or deep neural networks with some additional mechanism
to detect outliers, while the main idea of generative models is to
generate either positive or negative samples for training. How-
ever, the current methods are typically applied to relatively small
datasets and do not scale well with the number of classes (96).
Insect datasets typically have a high number of classes and a very
fine-grained distribution, where the phenotypic differences be-
tween species may be minute while intraspecific variation may be
large. Such datasets are especially challenging for open set rec-
ognition methods. While it will be extremely difficult to overcome
this challenge for all species using only phenotype-based identi-
fication, combining image-based deep learning and DNA
barcoding techniques may help to solve the problem.

Estimating Biomass from Bulk Samples. Deep learning models
can potentially predict biomass of bulk insect samples in a labora-
tory setting. Legislative aquatic monitoring efforts in the United
States and Europe require information about the abundance or
biomass of individual taxa from bulk invertebrate samples. Using
the BIODISCOVER machine, Ärje et al. (70) were able to estimate
biomass variation of individual specimens of Diptera species with-
out destroying specimens. This was achieved from geometric fea-
tures of the specimen extracted from images recorded by the
BIODISCOVER machine and statistically relating such values to
subsequently obtained dry mass from the same specimens. To
validate such approaches, it is necessary to have accurate infor-
mation about the dry mass of a large selection of taxa. In the future,
deep learning models may provide even more accurate estimates
of biomass. Obtaining specimen-specific biomass information
nondestructively from bulk samples is a high priority in routine in-
sect monitoring since it will enable more extensive insights into
insect population and community dynamics and provide better
information for environmental management.

6 of 10 | PNAS Høye et al.
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Future Directions
To unlock the full potential of deep learning methods for insect
ecology and monitoring, four main challenges need to be addressed
with highest priority. We describe each of these challenges below.

Validating Image-Based Taxonomic Identification. Validation of
the detection and identification of species recorded with cameras
in the field poses a critical challenge for implementing deep
learning tools in entomology. Often, it will not be possible to
conclusively identify insects from images, and validation of image-
based species classification should be done using independent
data. In some cases, it is possible to substantiate claims about
species identity from the known occurrence and relative abun-
dance of a species in a particular region or habitat. Independent
data can be collected by analyzing DNA traces of insects left (e.g.,
on flowers) (97) or by directly observing and catching insects vis-
ible to the camera. The subsequent identification of specimens can
serve as validation of image-based results and can further help in
production of training data for optimizing deep learning models.

Generating Training Data.One of the main challenges with deep
learning is the need for large amounts of training data, which is
slow, difficult, and expensive to collect and label. Deep learning
models typically require hundreds of training instances of a given
species to learn to detect its occurrence against the background
(83). In a laboratory setting, the collection of data can be eased by
automated imaging devices, such as the BIODISCOVER described
above, which allows for imaging of large numbers of insects under
fixed settings. The imaging of species in situ should be done in a
wide range of conditions (e.g., different backgrounds, times of day,
and seasons) to avoid the model becoming biased toward specific
backgrounds. Approaches to alleviate the challenge of moving
from one environment to another include multitask learning (98),
style transfer (99), image generation (100), or domain adaptation
(101). Multitask learning aims to concurrently learn multiple differ-
ent tasks (e.g., segmentation, classification, detection) by sharing
information leading to better data representations and ultimately,
better results. Style transfer methods try to impose properties
appearing in one set of data to new data. Image generation can be
used to create synthetic training images with, for example, varying
backgrounds. Domain adaptation aims at tuning the parameters of
a deep learning model trained on data following one distribution
(source domain) to adapt so that they can provide high perfor-
mance on new data following another distribution (target domain).

The motion detection sensors in wildlife cameras are typically
not triggered by insects, and species typically only occur in a small
fraction of time-lapse images. A key challenge is therefore to detect
insects and filter out blank images from images with species of in-
terest (102, 103). Citizen science web portals, such as https://www.
zooniverse.org/, can generate data for training and validation of
deep learning models, if the organisms of interests are easy to
detect and identify (103). When it is difficult to obtain sufficient
samples of rare insects, Zhong et al. (104) proposed to use deep
learning only to detect all species of flying insects as a single class.
Subsequently, the fine-grained species classification can be based
on manual feature extraction and support vector machines, a ma-
chine learning technique that requires less training data than CNNs.

The issue of scarce training data can also be alleviated with
new data synthesis. Data synthesis could be used specifically to
augment the training set by creating artificial images of seg-
mented individual insects that are placed randomly in scenes with
different backgrounds (105). A promising alternative is to use

deep learning models for generating artificial images belonging
to the class of interest. The most widely used approach to date is
based on generative adversarial networks (106) and has shown
promising performance in computer vision problems in general,
as well as in ecological problems (107).

Building Reference Databases. Publicly available reference da-
tabases are critical for adapting deep learning tools to entomo-
logical research. Initiatives like DISSCO RI and IDigBio (https://
www.idigbio.org/) are important for enabling the use of museum
collections. However, to enable deep learning-based identifica-
tion, individual open datasets from entomological research and
monitoring are also needed (e.g., refs. 82, 93, and 108). The
collation of such datasets will require dedicated projects as well as
large, coordinated efforts to promote open access such as the
European Open Science Cloud and the Research Data Alliance.
Noncollection datasets should also use common approaches and
hardware and abide best practices in metadata and data man-
agement (109–111). For instance, all of the possible metadata
related to the imaging and the specimens should be saved for
future analysis, and the corresponding labeling of images of
specimens paired to the metadata is critical. Using multiple ex-
perts and molecular information about species identity to verify
the labeling or performing subsequent validity checks through
DNA barcoding will improve the data quality and the performance
of the deep learning models. This can be done, for instance, by
manually verifying the quality and labeling of images that are re-
peatedly misclassified by the deep learning methods. Standardized
imaging devices such as the BIODISCOVER machine could also
play a key role in building reference databases from monitoring
programs (70). Training classifiers with species that are currently not
encountered in a certain region but can possibly spread there later
will naturally help to detect such changes when they occur. Inte-
gration of such reference databases with field monitoring methods
forms an important future challenge. As a starting point, we provide
a list of open-access entomological image databases (SI Appendix).

Integration of Deep Learning and DNA-Based Tools. For pro-
cessing insect community samples in the laboratory, molecular
methods have gained increasing attention over the past decade,
but there are still critical challenges that remain unresolved:
specimens are typically destroyed, abundance cannot be accu-
rately estimated, and key specimens cannot be identified in bulk
samples. Nevertheless, DNA barcoding is now an established,
powerful method to reliably assess biodiversity also in entomol-
ogy (11). For insects, this works by sequencing a short fragment of
the mitochondrial cytochrome-c-oxidase I subunit gene and
comparing the DNA sequence with a reference database (112).
Even undescribed and morphologically cryptic species can be
distinguished with this approach (113), which is unlikely to be
possible with deep learning. This is of great importance as mor-
phologically similar species can have distinct ecological prefer-
ences (114), and thus, distinguishing them unambiguously is
important for monitoring, ecosystem assessment, and conserva-
tion biology. However, mass sequencing-based molecular meth-
ods cannot provide precise abundance or biomass estimates and
assign sequences to individual specimens (12). Therefore, an un-
paralleled strength lies in combining both image recognition and
DNA metabarcoding approaches. When building reference col-
lections for training insect classification models, species identity
can be molecularly verified, and potential cryptic species can
be separated by the DNA barcode. After image-based species

Høye et al. PNAS | 7 of 10
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identification of a whole bulk sample, all specimens can be pro-
cessed via DNA metabarcoding to assess taxonomic resolution at
the highest level. A further obvious advantage of linking computer
vision and deep learning to DNA is that even in the absence of
formal species descriptions, DNA tools can generate distinctly
referenced taxonomic assignments via so-called “Barcode-Index-
Numbers” (BINs) (115). These BINs provide referenced biodiversity
units using the taxonomic backbone of Barcode of Life Data Sys-
tems (https://boldsystems.org) and represent a much greater di-
versity of even yet undescribed species (116). These units can also
be directly used as part of ecosystem status assessment despite not
yet having Linnean names. BINs can be used for model training.
Recent studies convincingly show that with this more holistic ap-
proach, which includes cryptic and undescribed species, the pre-
dictions of environmental status as required by several legislative
monitoring programs actually improve substantially (e.g., ref. 117).
For cases of cryptic species with great relevance (e.g., for conser-
vation biology), it is also possible to individually process specimens
of a cryptic species complex after automated image-based as-
signment to further validate their identity and abundance. Com-
bining deep learning with DNA-based approaches could deliver
detailed trait information, biomass, and abundance with the best
possible taxonomic resolution.

Conclusion
Deep learning is currently influencing a wide range of scientific
disciplines (85) but has only just begun to benefit entomology.
While there is a vast potential for deep learning of images and other
data types to transform insect ecology and monitoring, applying
deep learning to entomological research questions brings new
technical challenges. The complexity of deep learning models and
the challenges of entomological data require substantial invest-
ment in interdisciplinary efforts to unleash the potential of deep
learning in entomology. However, these challenges also represent
ample potential for cross-fertilization among biological and com-
puter sciences. The benefit to entomology is not only more data
but also novel kinds of data. As the deep learning tools become

widely available and intuitive to use, they can transform field en-
tomology by providing information that is currently intractable to
record by human observations (18, 33, 118). Consequently, there is
a bright future for entomology. Deep learning and computer vision
is opening up new research niches and creates access to unfore-
seen scales and resolution of data that will benefit future biodi-
versity assessments.

The shift toward automated methods may raise concerns about
the future for taxonomists, much like the debate concerned with
developments in molecular species identification (119, 120). We
emphasize that the expertise of taxonomists is at the heart of and
critical to these developments. Initially, automated techniques will
be used in the most routine-like tasks, which in turn, will allow the
taxonomic experts to dedicate their focus on the specimens re-
quiringmore in-depth studies as well as the plethora of new species
that need to be described and studied. To enable this, we need to
consider approaches that can pinpoint samples for human expert
inspection in a meaningful way [e.g., based on neural network
classification confidences (79) or additional rare species detectors
(121)]. As deep learning becomes more closely integrated in en-
tomological research, the vision of real-time detection, tracking,
and decoding of behavior of insects could be realized for a trans-
formation of insect ecology and monitoring. In turn, efficient
tracking of insect biodiversity trends will aid the identification of
effective measures to counteract or revert biodiversity loss.

Data Availability. There are no data underlying this work.
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Abstract

Insects are declining in abundance and diversity, but their population trends

remain uncertain as insects are difficult to monitor. Manual methods require

substantial time investment in trapping and subsequent species identification.

Camera trapping can alleviate some of the manual fieldwork, but the large

quantities of image data are challenging to analyse. By embedding the image

analyses into the recording process using computer vision techniques, it is pos-

sible to focus efforts on the most ecologically relevant image data. Here, we

present an intelligent camera system, capable of detecting, tracking, and identi-

fying individual insects in situ. We constructed the system from commercial

off-the-shelf components and used deep learning open source software to per-

form species detection and classification. We present the Insect Classification

and Tracking algorithm (ICT) that performs real-time classification and track-

ing at 0.33 frames per second. The system can upload summary data on the

identity and movement track of insects to a server via the internet on a daily

basis. We tested our system during the summer 2020 and detected 2994 insect

tracks across 98 days. We achieved an average precision of 89% for correctly

classified insect tracks of eight different species. This result was based on 504

manually verified tracks observed in videos during 10 days with varying insect

activities. Using the track data, we could estimate the mean residence time for

individual flower visiting insects within the field of view of the camera, and we

were able to show a substantial variation in residence time among insect taxa.

For honeybees, which were most abundant, residence time also varied through

the season in relation to the plant species in bloom. Our proposed automated

system showed promising results in non-destructive and real-time monitoring

of insects and provides novel information about phenology, abundance, forag-

ing behaviour, and movement ecology of flower visiting insects.

Introduction

Reports of declining abundance, diversity, and biomass of

insects (Wagner et al., 2021) have sparked renewed inter-

est in long-term monitoring (Didham et al., 2020). Tradi-

tionally, such monitoring has been done using active (e.g.

sweep netting) or passive (e.g. pitfall or malaise trap)

sampling techniques, where specimens are subsequently

identified based on morphology (Montgomery et al.,

2021) or molecular information (Amjad Bashir et al.,

2014; Montgomery et al., 2021; O’Hara et al., 2008). For

many taxa, long-term population census data are

currently non-existent and more extensive monitoring is

needed to decipher their population dynamics. Auto-

mated insect monitoring systems would therefore greatly

advance our understanding of the spatial and taxonomical

extent of insect declines, an important goal for pollination

ecology (Høye et al., 2021; MacLeod et al., 2010).

So far, only few studies have tested image-based moni-

toring of insects with time-lapse cameras. Some studies

have involved trapping insects in front of a camera and

running detection and classification models on time-lapse

images (Collett & Fisher, 2017; Eliopoulos et al., 2018;

Xia et al., 2018). One study has described an adapted
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sampling techniques, where specimens are subsequently

identified based on morphology (Montgomery et al.,
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mated insect monitoring systems would therefore greatly
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ecology (Høye et al., 2021; MacLeod et al., 2010).
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commercial camera for recording visits of bumblebees to

a single flower, but did not actually demonstrate its use

for long-term monitoring (Steen, 2017). The Rana system

uses active motion vision to detect moving objects that

meet criteria on target object size and shape (blob detec-

tion) and movement (automated tracking). Barlow et al.

(2017) deployed several Rana units in the Rio Mesa

reserve (Utah, USA) to monitor populations of native

wildflower species to assess each species´ ability to sup-

port communities of pollinators. The units used a Rasp-

berry Pi minicomputer, equipped with a low-resolution

web-cam. A total of 1613 visits to the ten target plant

species were recorded. The videos were manually evalu-

ated for visitor identity, behaviour, and frequency requir-

ing 96.5 person-hours for this study. An edge computing

solution performing deep learning to automate the recog-

nition and species classification into the recording process

would greatly advance this technology.

Monitoring with cameras running high frame-rates

facilitates the study of individual insect behavior and can

improve the accuracy of automatic species classification

as several images of the same individual are available for

the identification, provided that the individual insects can

be correctly tracked between frames. Automated video

monitoring of insect pollinators in the field using direct

manual observations is a time-consuming process and

logistically limited by labour force and environmental

conditions (Pegoraro et al., 2020). Continuous video

monitoring systems that use low-cost commercial off-the-

shelf recording devices are available. Many of these moni-

toring systems use handheld Digital Video Recorders

(DVR) or weatherproof action cams (GoPro Hero 3)

(Gilpin et al., 2017). Video monitoring has a high

demand for power and storage space and is typically only

a viable solution when grid power is available. Further-

more, the footage can be very time consuming to analyse

subsequently without automated procedures.

Architectures of convolutional neural networks (CNNs)

have provided particularly positive results in many areas

of computer vision (Liu et al., 2017). CNNs use both

pixel intensity values and spatial information about

objects in the image. The technology is rapidly being

adapted to ecological research (Christin et al., 2019),

albeit mostly carried by the agricultural domain. Some

studies have demonstrated the relevance and potential for

applying CNNs in insect identification and monitoring

both in situ and in lab settings (Høye et al., 2021). In

image-based identification of insect specimens, CNNs

have also proven very powerful (Ärje et al., 2020; Hansen

et al., 2020). For detecting and tracking objects in real-

time, computational speed is critical, and the open source

framework You Only Look Once (YOLO), which is

known to be particularly fast has gained strong support

(Redmon et al., 2016). YOLO (Redmon et al., 2016) is a

unified object detection framework for deep neural net-

works written in C and CUDA capable of running at

20 fps on a fast GPU.

In this paper, we present a novel method for auto-

mated real-time monitoring and classification of live indi-

vidually tracked insects of great relevance to pollination

ecology in particular and insect monitoring in general It

is composed of off-the-shelf hardware and supports suffi-

cient storage space and power supply to monitor insects

over the entire growing season. We present a fully func-

tional image-processing pipeline that utilizes deep learn-

ing for insect species classification and tracking. A small,

power efficient computer, the Jetson Nano from NVIDIA

(NVIDIA, 2021), running YOLO is used to detect and

classify insect species based on images collected in real-

time. The system is a low-cost solution integrated with

open source code. We demonstrate its application by

showing results from a full growing season and illustrate

how tracking individuals increase classification accuracy

and remove bias in abundance estimates caused by sea-

sonal and taxonomical variation in residence time of indi-

vidual insects on flowers.

Materials and Methods

The construction and selection of hardware components

for the system and the software solution to identify and

track insects in real-time are described in the following

sections. Finally, an experiment and test of the insect

monitoring system are presented.

Hardware solution

The primary components of the automated computer

vision system were the computer from NVIDIA Jetson

Nano Developer Kit (NVIDIA, 2021) that has a central

processing unit (CPU) and a graphical processing unit

(GPU) and a web camera, the Brio Ultra HD Pro Web-

cam (Logitech, 2021). An active cooling system was

mounted on the computer to avoid overheating during

warm summer days with continuous GPU processing.

Images were stored on a 500 GB solid-state disk (SSD)

drive. The computer was connected to the internet via a

wireless network provided by a 4G mobile WiFi router.

Data on the location and identity of the insects were

transferred over the internet on a daily basis. A backup of

all data was stored on the SSD and the system would

work without internet access.

Figure 1 shows a view of the internal layout of the

components of the system. The Jetson Nano was powered

by 5 V and set to 5 W operation mode. With a camera

and an SSD hard drive, the system consumes only 5–8 W
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during full operation. In our study, we supplied power to

the system through a mains line (230–240 V AC) con-

nected to a 5 V/2.5 A transformer. Alternatively, a 12 V

55 Ah lead battery, DC-DC converter and a 60 Wp solar

panel with charger should be sufficient for powering the

system during the entire summer period (May–September

in Denmark) for locations without power.

Software solution

The Jetson Nano computer executes two programs, which

in parallel handle imaging, insect detection, and storing

of the resulting data. The camera system continuously

records images using a fixed sample interval with a speed

of 0.33 fps. In parallel, the system runs a trained deep

Figure 1. The portable computer vision system with internet access. The system consists of an intelligent camera and a mobile WiFi router

connected to the internet. The intelligent camera with GPU computer (Jetson Nano), cooling, USB WiFi, Web camera, and SSD disk is built to

detect and classify insects in real-time and only information about detections is transferred to the client computer via 4G internet. On daily basis,

the detections are analysed to monitor tracks of the identified insect species on the client computer.
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during full operation. In our study, we supplied power to

the system through a mains line (230–240 V AC) con-

nected to a 5 V/2.5 A transformer. Alternatively, a 12 V

55 Ah lead battery, DC-DC converter and a 60 Wp solar

panel with charger should be sufficient for powering the

system during the entire summer period (May–September

in Denmark) for locations without power.

Software solution

The Jetson Nano computer executes two programs, which

in parallel handle imaging, insect detection, and storing

of the resulting data. The camera system continuously

records images using a fixed sample interval with a speed

of 0.33 fps. In parallel, the system runs a trained deep

Figure 1. The portable computer vision system with internet access. The system consists of an intelligent camera and a mobile WiFi router

connected to the internet. The intelligent camera with GPU computer (Jetson Nano), cooling, USB WiFi, Web camera, and SSD disk is built to

detect and classify insects in real-time and only information about detections is transferred to the client computer via 4G internet. On daily basis,

the detections are analysed to monitor tracks of the identified insect species on the client computer.

ª 2021 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London 317

K. Bjerge et al. Real-Time Insect Tracking and Monitoring

learning YOLOv3 (Redmon & Farhadi, 2018) model,

which performs real-time detection and classification and

records information on the position and species identity

of detected insects in each image. The YOLOv3 frame-

work used in this study was ported and rewritten to

record information on object detections for each day as

text files. YOLOv3 was able to process images with an

inference time of approximately 0.5 fps running on the

Jetson Nano computer. The inference should be faster

than the frame rate of the camera to process data in real-

time. Only the information on detections was sent via the

internet while the images were stored on the SSD disk in

the camera system to reduce the demand for data trans-

fer. In addition, the tracking algorithm identified

sequences of images of the same individual insect based

on the detection and classification data from the image

sequences. The insect tracks were computed from detec-

tion data accessed via the internet on a daily basis.

The motion program (Motion, 2021) installed on the

Jetson Nano was used to continuously capture time-lapse

images at a frame rate of 0.33 fps with a resolution of

1920 × 1080 pixels. This program could also have been

configured to trigger whenever movement is detected in

the camera field of view. With continuous time-lapse

recording or constant movement, the camera would thus

record 1200 images per hour, limited by the processing of

each image. The YOLOv3 deep learning model was run-

ning in parallel with the motion program to perform

inference on the captured recordings. To conserve mem-

ory, only images containing insect detections with a

YOLOv3 confidence threshold above 10% were saved on

the SSD drive. Alternatively, a sample or all images could

be saved for later analysis.

We developed a computer vision algorithm referred to

as Insect Classification and Tracking (ICT), which was able

to track and count the number of insects and identify

known species by deep learning. (Open source code:

https://github.com/kimbjerge/insectTracking) The algo-

rithm produced data of individual insect tracks and their

species identity. For every individual insect track detected,

the start time, duration, mean size of the bounding box

defined by the insect, and species identity were recorded.

The ICT algorithm consists of five sequential steps

(Fig. 2). The first two steps were performed on site using

the embedded Jetson Nano computer, while the last three

steps were done in the lab. The first part, performed on

site (Capture images and Detect objects) involved captur-

ing time-lapse images and detecting individual insect in

the images using our trained CNN model. The location

of each insect in the image was estimated in the second

step (Detect objects). This first part is described in more

detail in Section 2.2.1.

The second part was performed remotely. In this part,

the first step (Filtering) filtered out objects where no

motion was detected since many of them were not

insects. The next step (Tracking) tracked moving insects

in the image sequence. Tracking ensured that each indi-

vidual insect was counted only once during each visit.

Every image in each insect track was assigned to one of

the known insect classes, and in case of disagreement

across the images in a given track, the insect identity for

the track was determined by majority vote. The final step

(Statistics) stored data on timing, duration, and total

length of each track for each individual insect detected

and tracked by the algorithm along with the species iden-

tity in a text file for further study. Further details of the

second part of the pipeline are given in Section 2.2.2.

Insect species classification (On site)

We used the CNN darknet53 (YOLOv3) with a total of

53 layers, which has a high mean Average Precision

(mAP) on the COCO dataset of 57.9% (Lin et al., 2014).

This accuracy is comparable to other state-of-the-art deep

learning networks like RetinaNet (Liu et al., 2017),

ResNet50 (Huang & Wang, 2017), and Faster R-CNN

(Girshick, 2015), but with faster processing time. Dar-

knet53 uses three residual skip connections that make

detections at three different scales. The darknet53 is better

at detecting small objects than the previous YOLOv2 (Ju

et al., 2019). The predicted feature map of darknet53 con-

tains bounding box coordinates and a confidence score

for each detected object class. We chose an image resolu-

tion of 608 × 608 for inference with YOLOv3.

Figure 2. The processing pipeline of the on site and remote image processing algorithms to track and count the number of insect tracks. A

trained convolutional neural network (CNN) was used for the insect species classification.
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We explored different combinations of image size,

number of training iterations, and kernel filter size to find

the optimal darknet53 network parameters to classify

eight insect species. For the final model, we used the

default settings of YOLOv3 but trained with an image res-

olution of 832 × 832 pixels and validated on images with

608 × 608 pixels. This approach gave better results than

training on images with 608 × 608 pixels. The higher res-

olution of the training images also resulted in a higher

accuracy than the recommended modification of dar-

knet53 (YOLOv3) for small objects that specifies how to

change the skip connection layers to detect small objects

on different scales.

The training, validation, and test dataset for the deep

learning model were based on images recorded during the

summer 2019 on a mixed stand of plants in the genus

Sedum (85%) (Høye et al., 2020) as well as a smaller set

of images (15%) recorded on common heather Calluna

vulgaris plants in Denmark. The complete training

(including validation) and test datasets are shown in

Table 1. The manually labelled images were selected to

have high variation in both insects and plants from differ-

ent camera locations and recorded at different times dur-

ing the growing season with different species of blooming

Sedum as well as common heather. All insects were anno-

tated with bounding boxes. From the data, images of

seven different frequently occurring species from different

dates were selected, annotated, and identified to train the

CNN model. In total, 2121 background images without

insects and 5757 images with insects were used for

training as seen in Table 1. Examples of individual insect

species are shown in Figure 3. A separate class named

‘Other arthropods’ contains a mix of other insects like

flies, ants, spiders, and insects with low-occurrence (247

flies, <60 of all other taxa) in the recordings mostly

found on the location with heather plants. For the ‘Other

arthropods’ and Aglais urticae class, we did not find suffi-

cient images to create a test dataset. Table 1 shows an

overview of the occurrence of all species in the annotated

dataset for training and testing of the CNN algorithm.

Data augmentation was applied to all images using the

default settings of YOLOv3. This operation provided

more training data. Only the training dataset was used to

train the YOLOv3 model and the number of training iter-

ations was chosen based on when the average training loss

was no longer decreasing. The selected YOLO3 model

used 30 000 iterations, which gave a higher precision and

recall on the test dataset than using less than 28 000 itera-

tions. A higher number of training iterations would

increase the risk of overfitting the model.

Table 2 shows an overview of precision and recall for

the training and validation dataset using an Intersection

over Union (IoU) overlap of 20%. Normally an IoU of

50% is used, but since the insects are very small in the

images, the annotated and predicted bounding box may

not overlap by 50%, even when the insect was detected

correctly. To ensure that the predicted number of insects

of each class approximated the actual number of insects

(equal precision and recall) in each class in the images,

we adjusted the confidence threshold (CT) of each class

individually. In this way, there were just as many insects

that the model did not find (false negatives) as there were

predictions, which did not contain insects (false posi-

tives). However, another strategy could be to maximize

recall by reducing the confidence threshold. The higher

number of false positives found with such a strategy can

be separated from true positives by manually sorting the

predictions. The ‘Other arthropods’ class achieved the

lowest precision and recall, probably because this class

contains annotations with very different appearance. The

precision, recall, and mean Average Precision (mAP) for

validation uses the same CTs as for training. The vali-

dated YOLOv3 model had an average recall of 73%, indi-

cating that 27% of the individuals in the validation

dataset were missed. A precision of 72% was obtained

indicating that 28% were wrongly classified including false

detections in elements of the background. Especially the

small hover flies Episyrphus balteatus and Eupeodes corolla

were very difficult to separate. The low precision of 67%

for E. corolla was due to 18 individuals wrongly classified

by the algorithm, which should have been E. balteatus. A

similar pattern was seen for Bombus lapidarius and B. ter-

restris. An average mAP of 87% was high compared to

Table 1. Number of insect species in the dataset used for training

and test.

No. Species

Train

(Heather)

Train

(Sedum)

Train

total

Test

(Sedum)

1 Coccinellidae

septempunctata

22 374 396 97

2 Apis mellifera 365 1787 2152 266

3 Bombus lapidarius 0 305 305 50

4 Bombus terrestris 0 440 440 84

5 Eupeodes corolla 0 1147 1147 80

6 Episyrphus

balteatus

68 705 773 169

7 Aglais urticae 13 123 136 0

8 Other arthropods 357 51 408 0

Total 825 4932 5757 746

Background 1223 898 2121 346

Most (85%) of the insects for training were annotated from the

images with Sedum plants. The images of common heather (Calluna

vulgaris) plants contributed with more data and improved the detec-

tion performance, particularly for backgrounds and the mixed insect

class. The test dataset only contains images from the Sedum plants as

used in our experiment.
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We explored different combinations of image size,

number of training iterations, and kernel filter size to find

the optimal darknet53 network parameters to classify

eight insect species. For the final model, we used the

default settings of YOLOv3 but trained with an image res-

olution of 832 × 832 pixels and validated on images with

608 × 608 pixels. This approach gave better results than

training on images with 608 × 608 pixels. The higher res-

olution of the training images also resulted in a higher

accuracy than the recommended modification of dar-

knet53 (YOLOv3) for small objects that specifies how to

change the skip connection layers to detect small objects

on different scales.

The training, validation, and test dataset for the deep

learning model were based on images recorded during the

summer 2019 on a mixed stand of plants in the genus

Sedum (85%) (Høye et al., 2020) as well as a smaller set

of images (15%) recorded on common heather Calluna

vulgaris plants in Denmark. The complete training

(including validation) and test datasets are shown in

Table 1. The manually labelled images were selected to

have high variation in both insects and plants from differ-

ent camera locations and recorded at different times dur-

ing the growing season with different species of blooming

Sedum as well as common heather. All insects were anno-

tated with bounding boxes. From the data, images of

seven different frequently occurring species from different

dates were selected, annotated, and identified to train the

CNN model. In total, 2121 background images without

insects and 5757 images with insects were used for

training as seen in Table 1. Examples of individual insect

species are shown in Figure 3. A separate class named

‘Other arthropods’ contains a mix of other insects like

flies, ants, spiders, and insects with low-occurrence (247

flies, <60 of all other taxa) in the recordings mostly

found on the location with heather plants. For the ‘Other

arthropods’ and Aglais urticae class, we did not find suffi-

cient images to create a test dataset. Table 1 shows an

overview of the occurrence of all species in the annotated

dataset for training and testing of the CNN algorithm.

Data augmentation was applied to all images using the

default settings of YOLOv3. This operation provided

more training data. Only the training dataset was used to

train the YOLOv3 model and the number of training iter-

ations was chosen based on when the average training loss

was no longer decreasing. The selected YOLO3 model

used 30 000 iterations, which gave a higher precision and

recall on the test dataset than using less than 28 000 itera-

tions. A higher number of training iterations would

increase the risk of overfitting the model.

Table 2 shows an overview of precision and recall for

the training and validation dataset using an Intersection

over Union (IoU) overlap of 20%. Normally an IoU of

50% is used, but since the insects are very small in the

images, the annotated and predicted bounding box may

not overlap by 50%, even when the insect was detected

correctly. To ensure that the predicted number of insects

of each class approximated the actual number of insects

(equal precision and recall) in each class in the images,

we adjusted the confidence threshold (CT) of each class

individually. In this way, there were just as many insects

that the model did not find (false negatives) as there were

predictions, which did not contain insects (false posi-

tives). However, another strategy could be to maximize

recall by reducing the confidence threshold. The higher

number of false positives found with such a strategy can

be separated from true positives by manually sorting the

predictions. The ‘Other arthropods’ class achieved the

lowest precision and recall, probably because this class

contains annotations with very different appearance. The

precision, recall, and mean Average Precision (mAP) for

validation uses the same CTs as for training. The vali-

dated YOLOv3 model had an average recall of 73%, indi-

cating that 27% of the individuals in the validation

dataset were missed. A precision of 72% was obtained

indicating that 28% were wrongly classified including false

detections in elements of the background. Especially the

small hover flies Episyrphus balteatus and Eupeodes corolla

were very difficult to separate. The low precision of 67%

for E. corolla was due to 18 individuals wrongly classified

by the algorithm, which should have been E. balteatus. A

similar pattern was seen for Bombus lapidarius and B. ter-

restris. An average mAP of 87% was high compared to

Table 1. Number of insect species in the dataset used for training

and test.

No. Species

Train

(Heather)

Train

(Sedum)

Train

total

Test

(Sedum)

1 Coccinellidae

septempunctata

22 374 396 97

2 Apis mellifera 365 1787 2152 266

3 Bombus lapidarius 0 305 305 50

4 Bombus terrestris 0 440 440 84

5 Eupeodes corolla 0 1147 1147 80

6 Episyrphus

balteatus

68 705 773 169

7 Aglais urticae 13 123 136 0

8 Other arthropods 357 51 408 0

Total 825 4932 5757 746

Background 1223 898 2121 346

Most (85%) of the insects for training were annotated from the

images with Sedum plants. The images of common heather (Calluna

vulgaris) plants contributed with more data and improved the detec-

tion performance, particularly for backgrounds and the mixed insect

class. The test dataset only contains images from the Sedum plants as

used in our experiment.
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58% for the mAP on the COCO dataset. However, the

COCO dataset has many more classes (80) compared to

the eight classes in our study and more conservative IoU

thresholds.

Filtering and insects tracking (Remote)

In a previous study using time-lapse cameras, we

observed that many false insect detections were made in

specific structures of plants where no insects were found

(Høye et al., 2020). With a higher imaging frequency,

precision and recall could increase. With more images at

a higher sampling rate, it can be assumed that more

insects are detected, which would increase the recall. We

introduced a filter to remove stationary false detections in

the background image. Specifically, we filtered all detec-

tions for which the same position was detected within the

past 5 min. This filter removed 87% of all detections

assumed as false detections in the period of the experi-

ment with a total 161 468 of detections. This high num-

ber of false detections is caused by the model erroneously

detecting parts of plants as insects in the background

image.

We used the multiple object tracking algorithm devel-

oped for moth tracking (Bjerge et al., 2021) to prevent

multiple counting of the same insect in a sequence of

images. The position and size of each insect were esti-

mated for every single frame, and tracking was solved by

finding the optimal assignment of individual insects in

two consecutive images. We chose the Hungarian Algo-

rithm (Munkres, 1957) for finding the optimal assign-

ment for a given cost matrix. In this application, the cost

matrix should represent how likely it was that an insect

in the previous image had moved to a given position in

the current image. The cost function was defined as a

weighted cost of distance and area of matching bounding

boxes in the previous and current image. For more

details, see Appendix, Tracking Algorithm.

Testing the insect monitoring system

An experiment to test the functionality and stability of

the system was conducted in the city of Aarhus, Denmark

during the period 25 June to 29 September 2020, where

one system was active daily from 6:30 am to 9:00 pm.

The automated system was located on top of a green roof

comprised of 13 species of Sedum plants (Høye et al.,

2020). The camera was installed 30 cm above the plant

and flowers with a field of view of 46 × 27 cm, which is a

sufficiently large area while maintaining image quality for

identifying insect species. The camera used automatic

exposure to handle variation in light conditions related to

direct sun, clouds, and shadows. Focus was manually

adjusted for optimal image sharpness. The captured

images were stored in JPG format with a resolution of

1920 × 1080 pixels. Based on the software described

Figure 3. Examples of the insect species that were observed and labelled for training of the YOLOv3 model. The numbers refer to the species

listed in Table 1.

Table 2. Precision, recall, and confidence threshold (CT) on the training and test dataset.

No. Species Precision (Training) Recall (Training) CT (%) Precision (Test) Recall (Test) mAP (Test)

1 Coccinellidae septempunctata 0.97 0.94 30 0.72 0.93 0.84

2 Apis mellifera 0.95 0.95 30 0.67 0.93 0.78

3 Bombus lapidarius 0.98 0.95 30 0.87 0.78 0.97

4 Bombus terrestris 1.00 0.93 30 0.92 0.73 0.95

5 Eupeodes corolla 0.92 0.89 20 0.67 0.55 0.77

6 Episyrphus balteatus 0.93 0.91 15 0.87 0.36 0.91

7 Aglais urticae 0.93 0.95 35 n/a n/a n/a

8 Other arthropods 0.91 0.69 10 n/a n/a n/a

Average 0.95 0.91 24 0.72 0.73 0.87

Mean Average Precision (mAP) is only measured for the test dataset.

320 ª 2021 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London

Real-Time Insect Tracking and Monitoring K. Bjerge et al.



122 PhD thesis by Hjalte Mads Rosenstand Mann

above, a summary of the detected insect tracks was gener-

ated. Each track was recorded with date and time for start

and end of the visit. The predicted species of the insect

with a confidence score and the number of images

through which the insect had been tracked were also

recorded. The confidence score was calculated as the ratio

between the most frequent class and the total number of

classifications in a track. Finally, for each track, the aver-

age bounding box size of the detections and the total

Euclidean distance in pixels that the centre point of the

bounding box had moved throughout a track was

recorded. Several parameters (weighted cost for distance

and area (Wdist, Warea), minimum cost to add detection

to track, number of detections to define a valid track and

time to terminated track) were defined and adjusted to

filter noisy tracks such as insects only observed in one

image. An insect should be detected in at least two images

in a sequence for a track to be valid. More details on the

tracking algorithm are described in Bjerge et al. (2021).

We calculated the number of tracks for each species in

each day and compared this to the number of detections

of each species in each day to quantify the prevalence of

multiple counting of each individual. To illustrate how

the track structure and duration varied depending on the

type and abundance of flowers in the field of view of the

camera, we further plotted the coordinates of each detec-

tion in each track for each of the insect species during

each month of the season along with example images for

the period. To examine taxa-specific variation in the

duration of tracks (in seconds), we also computed density

distributions of track durations for each taxa individually.

Finally, we computed diurnal activity patterns for the

most abundance taxa across the season.

To test the final insect monitoring system, a classifica-

tion and tracking test dataset was produced based on ten

movies from different days over the period of experiment

in 2020 with variation in species and Sedum flowers.

These movies were manually inspected to estimate the

precision of the ICT algorithm. In total, 568 insect tracks

were manually validated either as true, a false background

or wrong species. None of the images from the experi-

ment were used to train the YOLOv3 model. In this way,

the ICT algorithm was tested on image data it had never

seen before.

Results

During the experiment conducted in the period 25 June

to 29 September 2020, the system only missed recordings

from 4 days due to technical failure. The Sedum plant

species flower at different times during the growing sea-

son, so there was a continuous availability of flowers from

late May to September. Figure 4 left shows an example of

an image taken by the camera with blooming Sedum

plants and one honeybee. Figure 4 right shows a plot of

all detected and classified insects after filtering from all

images collected on the same day (15 August 2020). In

the following sections, the results from the experiment in

2020 and the last stages of the algorithm concerning

insect filtering and tracking (as described in Fig. 2) are

presented.

Precision for insect tracking

A movie1 was created for each day of observation marked

with coloured insect tracks as shown in Figure 5 of two

honeybees and of a bumblebee. For an insect track to be

valid, at least two observations must be detected meaning

that the insect was visible for the camera for at least three

seconds. This filtering did remove many false positive

background detections, which happened mostly in June,

and start of July. In this period, white Sedum flowers were

often detected as hoverflies Eupeodes corolla or Episyrphus

balteatus.

Table 3 The number of images and detected tracks for

each species and the number of True Positive (TP) tracks

and estimated precision.

Temporal variation in insect abundance and
duration of visits

The trained YOLOv3 model detected insects in 20 863

images after the stationary filtering (described in Sec-

tion 2.2.2.) over the 98 days of recording, and the ICT

algorithm summarized these into 2994 insect tracks. Some

tracks were much longer than others leading to a diver-

gence in the time series of individual detections and

tracks (Fig. 6). In the bee and butterfly species, it was

particular clear that the seasonal pattern of abundance

was different when based on counts of individual detec-

tions and tracks. The largest number of insect tracks

recorded in one day was 332 on 30 June 2020.

Figure 7 shows scatter plots with tracks of all insect

detections grouped for bumblebees, honeybees, hoverflies

and butterflies for each month, separately. Bombus lapi-

darius and B. terrestris are combined into one group for

bumblebees. Eupeodes corolla and Episyrphus balteatus are

plotted together for hoverflies. In the period 11 to 17

August, most insect tracks were detected with an average

of 174 honeybee tracks per day ranging from 101 to 332

tracks.

1Example of insect tracking on YouTube: https://www.youtube.
com/watch?v=tW-eEh0ASA4&t=157s.
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above, a summary of the detected insect tracks was gener-

ated. Each track was recorded with date and time for start

and end of the visit. The predicted species of the insect

with a confidence score and the number of images

through which the insect had been tracked were also

recorded. The confidence score was calculated as the ratio

between the most frequent class and the total number of

classifications in a track. Finally, for each track, the aver-

age bounding box size of the detections and the total

Euclidean distance in pixels that the centre point of the

bounding box had moved throughout a track was

recorded. Several parameters (weighted cost for distance

and area (Wdist, Warea), minimum cost to add detection

to track, number of detections to define a valid track and

time to terminated track) were defined and adjusted to

filter noisy tracks such as insects only observed in one

image. An insect should be detected in at least two images

in a sequence for a track to be valid. More details on the

tracking algorithm are described in Bjerge et al. (2021).

We calculated the number of tracks for each species in

each day and compared this to the number of detections

of each species in each day to quantify the prevalence of

multiple counting of each individual. To illustrate how

the track structure and duration varied depending on the

type and abundance of flowers in the field of view of the

camera, we further plotted the coordinates of each detec-

tion in each track for each of the insect species during

each month of the season along with example images for

the period. To examine taxa-specific variation in the

duration of tracks (in seconds), we also computed density

distributions of track durations for each taxa individually.

Finally, we computed diurnal activity patterns for the

most abundance taxa across the season.

To test the final insect monitoring system, a classifica-

tion and tracking test dataset was produced based on ten

movies from different days over the period of experiment

in 2020 with variation in species and Sedum flowers.

These movies were manually inspected to estimate the

precision of the ICT algorithm. In total, 568 insect tracks

were manually validated either as true, a false background

or wrong species. None of the images from the experi-

ment were used to train the YOLOv3 model. In this way,

the ICT algorithm was tested on image data it had never

seen before.

Results

During the experiment conducted in the period 25 June

to 29 September 2020, the system only missed recordings

from 4 days due to technical failure. The Sedum plant

species flower at different times during the growing sea-

son, so there was a continuous availability of flowers from

late May to September. Figure 4 left shows an example of

an image taken by the camera with blooming Sedum

plants and one honeybee. Figure 4 right shows a plot of

all detected and classified insects after filtering from all

images collected on the same day (15 August 2020). In

the following sections, the results from the experiment in

2020 and the last stages of the algorithm concerning

insect filtering and tracking (as described in Fig. 2) are

presented.

Precision for insect tracking

A movie1 was created for each day of observation marked

with coloured insect tracks as shown in Figure 5 of two

honeybees and of a bumblebee. For an insect track to be

valid, at least two observations must be detected meaning

that the insect was visible for the camera for at least three

seconds. This filtering did remove many false positive

background detections, which happened mostly in June,

and start of July. In this period, white Sedum flowers were

often detected as hoverflies Eupeodes corolla or Episyrphus

balteatus.

Table 3 The number of images and detected tracks for

each species and the number of True Positive (TP) tracks

and estimated precision.

Temporal variation in insect abundance and
duration of visits

The trained YOLOv3 model detected insects in 20 863

images after the stationary filtering (described in Sec-

tion 2.2.2.) over the 98 days of recording, and the ICT

algorithm summarized these into 2994 insect tracks. Some

tracks were much longer than others leading to a diver-

gence in the time series of individual detections and

tracks (Fig. 6). In the bee and butterfly species, it was

particular clear that the seasonal pattern of abundance

was different when based on counts of individual detec-

tions and tracks. The largest number of insect tracks

recorded in one day was 332 on 30 June 2020.

Figure 7 shows scatter plots with tracks of all insect

detections grouped for bumblebees, honeybees, hoverflies

and butterflies for each month, separately. Bombus lapi-

darius and B. terrestris are combined into one group for

bumblebees. Eupeodes corolla and Episyrphus balteatus are

plotted together for hoverflies. In the period 11 to 17

August, most insect tracks were detected with an average

of 174 honeybee tracks per day ranging from 101 to 332

tracks.

1Example of insect tracking on YouTube: https://www.youtube.
com/watch?v=tW-eEh0ASA4&t=157s.
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Figure 8 shows the distribution for the duration of

honeybee residence times in the period with low and high

abundance. The insect species all have the same exponen-

tial decay for the duration of visits with a residence time

typically less than 1 min. The period 11–17 and 22

August, with high abundance of honeybees, more than

100 tracks per day was observed. The average duration of

a visit was 33 s. and in the period with low abundance, a

honeybee visit took on average 27 s.

Figure 9 shows that the diurnal activity patterns among

insect taxa with the biggest difference between honeybees

and hoverflies.

Discussion

In this study, we have presented an automated system for

real-time insect monitoring. The system is widely applica-

ble as a means to generate standardized monitoring data.

We have shown that the system is capable of generating

novel insights into the seasonal and diurnal dynamics for

different flower visiting insect species. Remarkably, our

fully automated insect monitoring camera system is able

to perform tracking of individual insects in real time (Gil-

pin et al., 2017; Høye et al., 2021; Lortie et al., 2011;

Pegoraro et al., 2020).

Motion detection in close range time-lapse photogra-

phy is challenging as both the object of interest and

Figure 4. Image of Sedum plants with one honeybee (left) and detected insects in all images (right) from same day (15 August 2020).

Figure 5. Tracks of two honeybees (left) and track of one bumblebee (right).

Table 3. Number of images and tracks for each species in the test

dataset detected by the algorithm.

Species Images Tracks TP Precision

Coccinellidae septempunctata 93 39 29 0.74

Apis mellifera 1700 348 342 0.98

Bombus lapidarius 446 62 56 0.90

Bombus terrestris 80 22 19 0.86

Eupeodes corolla 96 38 15 0.39

Episyrphus balteatus 64 34 18 0.53

Aglais urticae 145 22 22 1.00

Other arthropods 10 3 3 1.00

Total 2634 568 504 0.89

A True Positive (TP) is defined as an insect that was correctly classified

in the entire track. Precision is the number of TP relative to the total

number of tracks detected.
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Figure 6. The seasonal dynamics of the number of individual detections and the number of tracks for each of the individual species detected.

Figure 7. Detection coordinates grouped in four taxa for each month, separately. The individual detections are connected into tracks by line

segments. Line segments of the same colour are from the same track and are plotted to illustrate how the detailed movement of individual

flower visitors varies through the season and differ among insect taxa. Note that the camera system was moved occasionally during the season to

maximize the recording of flower visiting insects.
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Figure 6. The seasonal dynamics of the number of individual detections and the number of tracks for each of the individual species detected.

Figure 7. Detection coordinates grouped in four taxa for each month, separately. The individual detections are connected into tracks by line

segments. Line segments of the same colour are from the same track and are plotted to illustrate how the detailed movement of individual

flower visitors varies through the season and differ among insect taxa. Note that the camera system was moved occasionally during the season to

maximize the recording of flower visiting insects.
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elements of the background can move (Steen, 2017;

Weinstein, 2018). Our system solves this important chal-

lenge for insect monitoring by applying CNN-enabled

object detection during the recording process at an

impressive frame rate. Our results demonstrate that this

technical achievement has strong implications for the

quality of the ecological data collected. We found a

remarkable discrepancy between the abundance of detec-

tions and the abundance of tracks for some insect species.

Since tracks are made by individuals, the number of

tracks represents a more precise estimate of insect abun-

dance than the number of individual detections, which

could include multiple detections of the same individual.

Furthermore, the collection of multiple images of each

same specimen ensures a higher accuracy in the species

identification process.

When object detection and classification are incorpo-

rated into the recording process, a high performance of

the CNN is important. With our experiment, the system

detected in total 2994 insect tracks over 98 days where

the ICT algorithm measured an average precision of 89%

in classifying the species correctly. The classification preci-

sion was poorest for hoverflies due to many false positives

in which elements of the background were detected as

insects. The most common species in the images was the

honeybee Apis mellifera, which had a very high precision

of 98%. The precision for the bumblebee species was

intermediate and most errors were due to a mixing of the

two most abundant species of bumblebees B. terrestris

and B. lapidarius. Although the number of classes in

which the system is able to discriminate among is rela-

tively low, the high performance of the CNN supports

our novel approach of incorporating computer vision and

deep learning into the image recording process for insect

monitoring.

The solution operated without interruptions over

extended periods, even during rain, strong winds, and at

high temperatures during the summer period. During our

experiment, the second part of the algorithm was run

after image recording was done, but could easily be

moved to on site processing. By running the entire algo-

rithm on the camera system, it would also be possible to

present summary data in real time to the end user of a

specific unit or to combine summary data from multiple

units at regional or even global scale to a wider commu-

nity. Once the system is launched, it requires no mainte-

nance, and the communication via the internet provides

an opportunity to monitor status of each system. To

reduce costs, the camera can be replaced by a cheaper

C920 model (Logitech, 2020), but careful consideration

should be taken if this is done at the expense of image

quality to ensure sufficient image quality for specific

applications. Further, the SDD hard drive could be

replaced by a SD card to reduce the overall cost of the

hardware from approximately $600 to $425 with grid

power. A Solar panel, a battery and a charger add an

additional cost of $425 for locations without power. As

such, we argue that the solution is tested, stable, and rea-

sonably priced and thus ready for large-scale deployment

for insect monitoring across larger regions.

The number of insect visits we recorded varied among

species and over the study period. Most remarkably, we

did not find clear evidence of a confined seasonal peak in

activity for bumblebees, hoverflies and butterflies, while

Figure 8. Visits in period with low abundance (left) and visits in period with high abundance (right).
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Figure 9. Diurnal activity patterns summed across 98 days of observation varied substantially among insect taxa with the biggest difference

between honeybees and hoverflies.
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Figure 9. Diurnal activity patterns summed across 98 days of observation varied substantially among insect taxa with the biggest difference

between honeybees and hoverflies.
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honeybees were most abundant in mid-August. Neverthe-

less, our data do map clear differences in the diel activity

of different insect taxa. Specifically, the hoverflies seem to

be active earlier during the day than the bees and the but-

terflies. Such information have implications for under-

standing the risk of competition among cultivated and

wild pollinators (Wignall et al., 2020; Wojcik et al., 2018).

Due to the high temporal resolution of the data recorded

by our system, there is also great potential for using the

system to provide a better understanding of the weather-

related drivers of insect visitation rates (Zoller et al.,

2020). Finally, we also observed that the duration of hon-

eybee visits is longer in periods of high honeybee abun-

dance. A honeybee used on average 22% more time

during a visit with a 28% longer track length in the

period with high honeybee abundance. While this could

be evidence of floral resource depletion, as each bee may

spend more time foraging during periods of high bee

abundance, this could also be related to the amount of

nectar and pollen produced by each species of flowering

plants present at different parts of the season. It will be

important to match insect detections with the amount

and composition of floral resources in the scene of the

camera during future large-scale comparative studies. For

a wider application of the system, it will be important to

test the system at different locations with a wider range

of insect species. In this context, the CNN classification

algorithm can be improved by adding more annotations

to the training data set for the same species, but also for

additional insect species. In any case, the proposed com-

puter vision system and ICT algorithm are promising as

an automated system for insect observations and comple-

ment existing systems for monitoring nocturnal insects

(Bjerge et al., 2021).
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Abstract

Recent decades have seen a surge in awareness about insect pollinator declines. Social bees receive 
the most attention – but most flower visiting species are lesser-known, non-bee insects. Nocturnal 
flower visitors, e.g. moths, are especially difficult to observe and largely ignored in pollination studies. 
Clearly, achieving balanced monitoring of all pollinator taxa represents a major scientific challenge.

Here we use time-lapse cameras for season-wide, day-and-night pollinator surveillance of Trifolium 
pratense (L.; red clover) in an alpine grassland. We reveal the first evidence to suggest that moths, 
mainly Noctua pronuba (L.; large yellow underwing), pollinate this important wildflower and forage 
crop, providing 34% of visits (bumblebees: 61%). This is a remarkable finding; moths have received no 
recognition throughout a century of T. pratense pollinator research. We conclude that despite a non-
negligible frequency and duration of nocturnal flower visits, nocturnal pollinators of T. pratense have 
been systematically overlooked.

We further show how the relationship between visitation and seed set may only become clear after ac-
counting for moth visits. As such, population trends in moths, as well as bees, could profoundly affect 
T. pratense seed yield. Ultimately, camera surveillance gives fair representation to non-bee pollinators, 
and lays a foundation for automated monitoring of species interactions in future.

Keywords: entomology, computer vision, biodiversity, phenology, conservation, Lepidoptera
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Background

Society’s perception of insects is improving, and insect 
declines are now a primary focus of research in the An-
thropocene [1]. Within a growing inventory of ways that 
insects benefit people, perhaps the most widely recog-
nised is pollination [2]. Insect pollinator declines related 
to anthropogenic changes threaten the yields of impor-
tant crops [3,4], but also the reproduction of a host of 
wild plant species [5]. Still, understanding about insect 
declines remains strongly limited by availability of ro-
bust data [6]. 

Crucially, the data- and literature-base around insect 
pollinators is imbalanced, and some groups are ne-
glected in the literature [7]. Insect pollination studies 
are heavily biased towards a small subset of bee species, 
particularly the social bees in the family Apidae [2]. This 
is problematic given the major contribution of non-bees 
to global crop pollination; 38% of crop flower visits were 
attributed to non-bee insects in a recent meta-analysis 
[8]. Nocturnal pollinators, e.g. moths, are particularly 
poorly understood, despite facing additional threats 
from artificial light at night [9–12]. Evidence is mount-
ing on the agricultural and economic importance of 
nocturnal pollination, and recent studies showing how 
apples [13] and avocados [14] benefit from flower visits 
at night. Still, it remains difficult to generate rigorous, 
like-for-like comparisons between day- and night-time 
pollinators [15,16] and too little is known about the scale 
of nocturnal pollination [17].

Trifolium pratense is a plant species that has proven ex-
ceptionally useful to study interactions between insect 
pollinators, wildflowers and crops [3,18,19]. It represents 
an economically valuable forage legume, and provides 
biological nitrogen fixation for sustainable agriculture 
[20]. At the same time, T. pratense is a functionally im-
portant nectar-rich wildflower [21] with particular ben-
efits for wild bumblebees [22]. In Great Britain, the fre-
quency of T. pratense has declined by ~30% since 1978, 
offering an explanation for declines in long-tongued 
bumblebees [22] and shifts in honeybee foraging be-
haviour [23]. Similarly, shifts in bumblebee community 
composition since 1940 may have driven declines in T. 
pratense seed yield in Sweden. Although pollen from 
congeneric flowers has been found on moths on several 
occasions [11,16,24,25], we find no published study to so 
much as speculate about moth pollination of T. pratense.

Remote cameras show great promise to address data-
deficiencies in entomology and pollination ecology 
[26,27]. Here we demonstrate the use of time-lapse cam-
eras to compare diurnal and nocturnal visitation of Tri-
folium pratense in an alpine grassland. Recording visits 
with unprecedented precision and continuity, we ask: 

(i) What is the relative visitation rate of bumblebees, 
moths, and other insects to T. pratense? (ii) Does consid-
eration of moth visitors, alongside bumblebees, improve 
predictions of seed set? Finally, to validate whether pol-
lination drives the relationship between visitation and 
seed set, we ask: (iii) Does the timing of visits influence 
the pattern of seed set within each inflorescence? We 
reveal hitherto undocumented pollination of T. pratense 
by moths – especially Noctua pronuba, one of the most 
abundant macro-moth species in Europe [28]. In doing 
so, we challenge a century-old doctrine that “the only 
pollinators of red clover . . . of any consequence are the 
bees” [29].

Methods

Visitation and floral phenology

From 23rd June to 15th August 2021, 15 time-lapse cam-
eras (with LED flash) were distributed over ~300m2 of 
semi-natural grassland in an experimental site in the 
Swiss Alps (Fig. 1a & 1b). Cameras recorded grassland 
patches with high representation of flowering forbs, 
capturing full time series of 36 T. pratense inflorescenc-
es (mean 2.4 per camera). Nine “focused” cameras re-
corded at one-minute intervals between 12:00-15:00 and 
1:00-3:00, capturing medial periods and reflecting the 
relative durations of day and night. Six “continuous” 
cameras recorded at five-minute intervals and were 
always active. Trifolium pratense floral cover was anno-
tated within all midday images from all cameras. Pol-
linator visits (i.e. images with foraging pollinators) were 
annotated comprehensively for all 36 T. pratense inflo-
rescences that were visible throughout their flowering 
period. We calculated the floral peak of each T. pratense 
inflorescence as the half-way point between when the 
last floret emerged and when the first floret senesced. To 
summarise the timing of visits to each inflorescence rel-
ative to peak flowering, we designed a visit lateness in-
dex (VLI). The VLI is the mean day of the year (DOY) of 
visits minus the DOY of the floral peak, and it indicates 
whether visits occurred before or after peak flowering 
of an inflorescence. See the supplementary material for 
further details on image acquisition and annotation.

Seed set

On 15th August, following dry weather, all T. pratense 
infructescences were collected from under cameras. 
This was done without prior knowledge of insect visita-
tion. Of 35 collected infructescences, 31 were sufficiently 
developed to estimate seed set, of which 23 had been 
successfully recorded on camera throughout the entire 
flowering period. Before collection, a “wand” (bamboo 
skewer tipped with a coin-sized card disc) was used to 
label the infructescence on camera. Infructescences were 
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stored at room temperature in seed envelopes, prior to 
dissection at Aarhus University in November 2021 to 
determine seed set. Seed set, denoted , was defined as 
the number of seeds divided by twice the number of 
florets, because a floret can produce two seeds [30]. See 
the supplementary material for the seed head dissection 
protocol.

During dissection of infructescences, the percentile loca-
tion of seeded and unseeded florets was recorded. The 
basal floret location was ~0%, while the apical floret 
location was 100%. To summarise the pattern of seed 
set across florets in each inflorescence in a parsimoni-
ous way, we designed a seed lateness index (SLI). The 
SLI is the median percentile location of seeded florets 
(in case of ties, we took the higher of two values), and it 
indicates whether seeds were more frequent in basal flo-
rets (i.e. early-opening florets; low SLI) or apical florets 
(i.e. late-opening florets; high SLI). For example, a SLI 
of 30% means that 50% of the seeds were counted in the 
most basal (i.e. earliest) 30% of florets. SLI is inherently 
variable for inflorescences with very low seed set (s ≈ 0). 

It also converges to 50% for inflorescences with very 
high seed set (s ≈ 0.5). As such, inflorescences for which 
close to half of florets had seeds (s ≈ 0.25) were weighted 
more heavily during regression (w = 0.25 – | s – 0.25|).

Results

Visitation through time

Across 164,532 images of flowering Trifolium pratense 
recorded at one- or five-minute intervals, 44 (0.027%) 
captured foraging pollinators. Of 36 recorded inflores-
cences, 24 were visited on camera, of which 14 had two 
or three visits. Moths provided 34% of visits (15) while 
bumblebees provided 61% (27; Fig. 1c, 1d & 1e). Moth 
visitation was highly concentrated in time, occurring 
mostly during the evening and early morning (from 
22:00-3:00; Fig S1) immediately after T. pratense cover 
reached its peak (Fig. 1e). Bumblebees were never pre-
sent on one inflorescence during consecutive images, 
while moths were present for over a minute on three 
occasions, and over five minutes on one occasion. This 

a b c

d

Figure 1. (a) Study site in the Calanda region of the Swiss alps (photo credit: EI). (b) Image from a time-lapse camera, midday, 
July 20th 2021. (c) Probable Bombus lapidarius visit. (d) Noctua pronuba visit. (e) Frequency of Trifolium pratense visits from 
moths (dark blue), bumblebees (blue) and other visitors (light blue), as well as T. pratense cover (pink line) recorded by cameras 
throughout summer 2021.
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indicates that foraging events lasted longer for moths 
than for bumblebees. Most moths were classified as 
Noctua pronuba, while most bumblebees were classified 
as a yellow-striped Bombus operational taxonomic unit 
(comprising mostly B. hortorum; see the supplementary 
material for details about visitor identities). There was 
no positive or negative association between bumblebee 
and moth visitation (χ2 = 0.080, df = 1, p = 0.78).

Moth visitation and seed set

Seed set ranged from 0-42.1% (mean 26.1%) across 31 in-
florescences. Of those inflorescences, 23 were visible on 
camera throughout their flowering period. Inflorescenc-
es with bumblebee and/or moth visits on camera had 
11.6% higher seed set than those without (linear model: 
F1,21 = 4.78, p = 0.040, R2 = 0.186; Fig. 2a). However, if 
considering only bumblebee visits, no significant differ-
ence in seed set was concluded (F1,21 = 1.39, p = 0.252, R2 
= 0.062; ΔAIC = 3.25; Fig. 2b).

Visit timing and seed set

Inflorescences with a higher VLI had a higher SLI (Fig. 
2c; df = 14, F = 11.22, p = 0.0048, R2 = 0.405; unweighted 
regression was still significant with p = 0.013). In other 
words, inflorescences with early visits had more seeds 
in early-opening florets, implying a causal relationship 
between visitation and seed set.

Discussion

Why has moth visitation to Trifolium pratense received 
no mention during a century of dedicated study across 
Europe and North America [29,30]? We see two princi-
pal explanations: (a) Studies ignore nocturnal visitation, 
and (b) moth visitation is negligible. We consider (a) to 
be true – we can identify no other dedicated T. pratense 
study designed to capture evidence of nocturnal visita-
tion. Even where studies do sample pollinators at night 
[e.g. 15], moth visits may be highly concentrated in time 
(Fig. 1e) and easily missed by traditional methods. We 
argue (b) is false; our study is unique in its diel and sea-
sonal continuity, and reveals substantial visitation by 
Noctua pronuba – a dominant moth species in Europe 
[28] that has recently spread across North America [31]. 
Furthermore, a recent UK study found that moths often 
carried pollen of the congeneric flower T. repens, with 
more grains on N. pronuba than any other moth species 
[16]. We do not assert that the observed level of moth 
visitation to T. pratense is universal. We do, however, 
challenge a universal assumption – that bees are the 
only pollinators of this important wildflower and forage 
crop species [3,18,20,29,30].

We generate a proof of concept that flower visits on cam-
era can predict the frequency and pattern of seed set [see 
also 32], which is a major component of seed yield [30]. 
Furthermore, T. pratense does not set seed without pol-

Figure 2. The relationship between visitation and seed set is (a) clear when moth visits are accounted for, but (b) veiled when 
only bumblebees are considered. Box colours indicate how visitation categories in (a) are merged in (b). Letters represent 
statistical significance within each panel; in panel (a), seed set differs significantly between groups A and B at p = 0.040. (c) Visit 
lateness predicts seed lateness in Trifolium pratense inflorescences visited by bumblebees (white), moths (black) or both (grey). 
The visit lateness index represents mean visitation date relative to peak flowering date of an inflorescence. The seed lateness 
index (SLI) indicates whether seeds were more frequent in early-opening florets (low SLI) or late-opening florets (high SLI). The 
dashed line represents a weighted regression (larger points have larger weights), highlighting how inflorescences with early 
visits had more seeds in early-opening florets (p = 0 0.0048).
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len transfer by insects, and is one of the most valuable 
forage legumes worldwide in terms of seed production 
[20]. Moth visits had an additive impact on seed set (Fig. 
2a), so we propose for the first time that moths – along-
side bees, genotype, weather, and pests [3,18,30] – could 
affect T. pratense seed yield at field scales. Indeed, we 
offer an explanation as to why a previous pollination 
study in the same region of the Swiss alps found no re-
lationship between daytime visitation and seed set in T. 
pratense [33]. We cannot completely rule out effects of 
e.g. seed predation by weevils in the present study [18]. 
However, continuous surveillance allowed us to relate 
the timing of pollinator visits to the pattern of seed set 
within each inflorescence. Specifically, we found that 
inflorescences with early visits had more seeds in early-
opening florets (Fig. 2c). This strongly suggests that pol-
lination drives the observed relationship between visita-
tion and seed set, rather than any confounding variable.

Clearly camera surveillance can provide a temporally 
representative view of flower visitation [27], which is 
difficult to achieve through visual observations [15]. 
Pollen microscopy and DNA metabarcoding reveal the 
types of pollen carried by nocturnal insects [14,16,25], 
while exclusion experiments establish which agri-
cultural plants depend on nocturnal pollination [13]. 
However, the scale of nocturnal pollination has proven 
particularly difficult to quantify [17], and cameras can 
provide robust estimates of relative visitation by day- 
and night-active pollinators [32]. This highlights not 
only which pollinators contribute to plant reproduction, 
but which floral resources sustain insect populations. T. 
pratense is already highly-recommended by experts for 
bumblebee-friendly agri-environmental seed mixtures 
[22], while late-season mass-flowering T. pratense can 
be crucial for bumblebee reproduction [34]. We reveal 
that nectar provision by T. pratense may also benefit noc-
turnal Lepidoptera. Ultimately, cameras should play 
a central role in future monitoring schemes for plant-
pollinator interactions. Standardised image libraries can 
provide a permanent archive of plant and insect phenol-
ogy, and train deep-learning models to automatically 
extract ecological information [26,35,36]. Using both 
cameras and established methods, science will converge 
on the true extent of pollinator declines – but also the 
most appropriate remedial interventions.
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AUTOMATIC MONITORING OF PLANT-
POLLINATOR INTERACTIONS WITH  
COMPUTER VISION AND DEEP LEARNING

Climate change is affecting ecosystems across the globe, 
and shifts in the timing of life hisClimate change is affect-
ing ecosystems across the globe, and shifts in the timing of 
life history events is one widely observed response. Species 
rely on temporal overlap with their resources, and pheno-
logical shifts may decouple interactions between interde-
pendent species such as plants and pollinators. However, 
the relationship between phenology and climate change 
is complex and to improve our understanding, we need 
efficient and reliable monitoring tools. This thesis provides 
insights into novel methods for studying plant-pollinator 
interactions based on computer vision and deep learn-
ing. Among the results, I demonstrate that monitoring of 
individual-level flower phenology can be automated with 
time-lapse cameras, deep learning-based detection and 
counting of flowers, and algorithmic tracking of individual 
flowers through time. I show that image-based monitor-
ing can capture frequencies of insect visits to individual 
flowers, in a study that couple deep learning and citizen 
science to examine several millions of flower images for in-
sect visitors. My results demonstrate that methods based on 
computer vision and deep learning can return fine-grained 
information on plants, pollinators, and their interactions. 
Such data is vital if we are to understand the drivers of phe-
nology and the sensitivity of plant-pollinator interactions to 
environmental change.


