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Motivation



Mountains are heterogeneous environments
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Körner Hiltbrunner (2021) Why Is the Alpine Flora Comparatively Robust against Climatic 
Warming? Diversity

2’273m, Hohe Tauern (Austrian Alps)

Ohler et al (2020) 
Microclimatic effects on 
alpine plant communities 
and flower-visitor 
interactions. Scientific 
Reports

Rahbek et al (2019) Building mountain 
biodiversity: Geological and evolutionary 
processes. Science
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Rahbek et al (2019) Building mountain biodiversity: Geological and evolutionary processes. 
Science

Rahbek et al (2019) Humboldt’s enigma: What causes global patterns of mountain biodiversity? 
Science

A disproportionate amount of biodiversity is 
in mountains



But… it’s not all about species diversity
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Villani et al (2013) Integration of different approaches to explore genetic and adaptive variation of Castanea sativa 

Mill.: perspectives for gene conservation. II European Congress on Chestnut



But… it’s not all about species diversity
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Levels of biodiversity: 
• Genes
• Species occurrence
• Functional traits
• Interactions

Traits and 
interaction data???

remote 

sensing 

& GIS

camera 

traps

(eDNA)



Images

Often we collect images, and 
measure traits on them. 

Images collected in 
standardised settings are 
easier to analyse.

There’s a trade-off between 
image standardisation and time 
required to measure it. 

Measures still done by hand in 
a software. 

Fu L et al (in press) Let’s pluck the daisy: dissection as a 

tool to explore the diversity of Asteraceae capitula. 

Botanical Journal of the Linnean Society
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Collecting data

New technology is enabling collection of ecological data at an ever 
increasing pace. 
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https://www.saftbatteries.com/energizing-iot/how-can-iot-help-us-solve-our-ecological-issues-episode-2-biodiversity



Automation

Processing of images 
(but other data types as 
well) is one of the most 
severe bottlenecks in 
scaling up morphological 
traits measurements. 

Spatial

Audio

Image

Dat

a
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Artificial Intelligence (AI) can revolutionize ecological data 
processing. 

Some tasks that can be potentially automated: 

• Morphometric measurements: 

• Number of elements, shape, colour, size, texture, etc

• Taxa or functional group identification 

• PlantNet, iNaturalist, …

• Motion/visitors detection;

• Behaviour scoring: 

• Foraging, resting, moving, etc. 

• more…

Automation
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Phenomics



Why traits matter

Traits mediate the relationship 
between organisms (and 
genes) with the environment 
and other organisms

Selection acts on traits 
determining the success of 
individuals and species

Fitness and evolution can be 
measured directly on individual 
trait distributions 
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Computers are good (and 
sometimes outperform 
humans) at tasks that are 
uniform and repetitive. 

Models are often not easily 
transferrable to one task to 
another (domain shift 
problem), but knowledge on 
algorithm architecture can be. 

What even is Artificial Intelligence? (1)

Artificial Intelligence

Computer 
Vision

Machine 
Learning

Data 
Science

Deep 
Learning

Neural 
Networks



Computer Vision
Digital images are stored as a matrix with a 
series of values assigned to each pixel (e.g. 
RGB). 

Computer Vision (or signal processing) uses 
matrix operations to allow highlighting certain 
features (e.g. edges, illumination, textures, etc). 
Simple threshold algorithms (e.g. Otsu) can 
highlight light or dark pixels. 

To avoid noise and improve the discriminatory 
power, various morphological transformations 
can be applied (e.g. Gaussian blur, dilation, 
erosion, etc). 
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original

original

Otsu threshold

Gaussian blur



BioDetect

Modular pipeline to process images for ecological monitoring. 
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Hummingbird detectorMacrozoobenthos phenotyping



Macrozoobenthos

Macrozoobenthos (MZB) are 
invertebrates >1mm living on the 
bottom of water bodies. 

Species presence, abundance and 
individual traits can be used as 
indicators of environmental 
quality and biodiversity. 

Often, MZB is collected (e.g. 
kicknet) and manually sorted into 
taxonomic groups and/or 
measured for this purpose. 

https://www.researchgate.net/publication/338786408_Benthic_bioindicators_of_environmental_quality_at_Cemig_reservoirs
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Macrozoobenthos – the data
Experiment by Christine Weber, Nico Bätz, Nathalie Friese (EAWAG); imaging by Danina Schmidt

Camera setup:

Same focal distance

No overlap of individuals

Portable flume with base drift 
(right) and the up ramping and 
high flow step (left). 
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Uniform 
background; 
High signal-

to-noise 
ratio

Macrozoobenthos – the data



Macrozoobenthos - CV pipeline

1. Convert to HSV colour space (scikit-image)

2. Morphological transform: dilation (to reconnect neighbouring 
areas) 

3. Foreground/background segmentation: a pixel is determined 
to be FG by either local adaptive threshold (Gaussian) or 
global threshold (Otsu) (opencv2)

4. Morphological transform: open/close blobs to remove 
speckles

5. Skeletonization (FilFinder2D)

6. Measure longest path on skeleton

7. Pixel/mm conversion rate fixed factor (because of fixed focal 
length)
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Segmented imageOriginal RGB Skeleton overlayed

Macrozoobenthos - Segmentation examples
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Segmented imageOriginal RGB Skeleton overlayed 22

Macrozoobenthos - Segmentation examples

Length

Width



Segmented imageOriginal RGB
Skeleton overlayed 23

Macrozoobenthos - Segmentation examples

Length

Width
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Macrozoobenthos – Size distribution

1348 individual 
organisms total



Computer Vision

Application examples



ML-morph
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Porto & Voje (2020) ML-morph: A fast, accurate and general approach for automated detection and landmarking 
of biological structures in images. Methods in Ecology and Evolution



Phenopype
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Lürig, M. D. (2022). phenopype : A phenotyping pipeline for Python. Methods in Ecology and Evolution / British Ecological Society, 13(3), 569–576.



What about plants? Potential extensions
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What about plants? Potential extensions
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Biotic interactions 



Increased institutional and 
citizen’s attention to ecosystem 
services. 

Plants are the primary 
producers underpinning 
virtually all terrestrial 
ecosystems. 

However, they don’t exist in 
isolation but interact with 
other organisms. 

31
Schröter M, Bonn A, Klotz S, Seppelt R, Baessler C - Atlas of Ecosystem Services - 2019

Why interactions matter



Why interactions matter

Fundamental functions of plants 
life cycle are underpinned by 
interactions: 
- Survival

- Mycorrhizae
- Pathogens
- Predators

- Reproduction
- Pollination
- Dispersal

Population and species’s success is 
determined as much by biotic 
interactions than by abiotic 
interactions. 
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Why interactions matter

Practical example: RANA



RANA
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Aeschimann et al – Flora Alpina 2004

8x
widespread, early flowering

4x
infrequent, late flowering

Two sympatric cytotypes
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RANA
Viable seeds per head
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720p webcam

fuse

WiFi-enabled data logger
12V

USB link

RANA
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RANA
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RANA

https://youtu.be/y0PGhmSBUE8

https://youtu.be/y0PGhmSBUE8
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RANA
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RANA



But… there a few drawbacks

Software

• No accuracy metric

• Only detection, no classification

• Closed-source system (i.e. code 
cannot be adapted/changed for 
flexibility)

How to improve? 
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Equipment

• High power draw, requiring 
heavy batteries for operation

• Expensive
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What even is Artificial Intelligence? (2)

Artificial Intelligence

Computer 
Vision

Machine 
Learning

Data 
Science

Deep 
Learning

Neural 
Networks
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Machine Learning (ML) relies on analyzing a large number of parameters at once. 
These algorithms are structured like a network, with each node responding to a 
simple stimulus: Neural Networks (NN). 

Each node is assigned a certain weight 
to obtain the desired output from a set 
of inputs. 
Providing enough training data, these 
algorithms can learn to replicate these 
patterns and become very accurate: 
useful for classification tasks for 
instance. 
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Machine Learning & Neural Networks



Deep learning
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Deep learning (DL) is a category of machine learning models that uses many layers 
of neurons, each performing a simple operation (i.e. morphological 
transformations in the case of images). 



BioDetect

Modular pipeline to process images for ecological monitoring. 
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Hummingbird detectorMacrozoobenthos phenotyping



Hummingbirds

Hummingbirds comprise ~335 
species, exclusive to the Americas. 

They visit ~7000 plant species (68 
families), many of which depend 
entirely on them for pollination. 
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Heliothryx barroti 

Ensifera ensifera

Heliangelus strophianus 

Chaetocercus mulsant 

Damophila julie 

Eriocnemis nigrivestis 

https://hummingbird.bio/

https://hummingbird.bio/


Hummingbirds – the data
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Hummingbird-plant interactions 
are monitored using time-lapse 
cameras in the field (1 FPS)



Hummingbirds – the data
Example frames (easy)
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Hummingbirds – the data 
Example frames (difficult)
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Hummingbirds – the data 
Example frames (where even is the bird?)
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Hummingbirds – visitor detector
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Problem: <1% of frames contain a visitation event in field monitoring footage. 

Our approach: binary classifier (bird / no bird) for hummingbirds visiting focal 
flowers, coupled with a short-term temporal visual differencing between frames. 

Basis for a general(izable) model that detects small visitors to a focal object (e.g. 
flowers, nests, baits) in visually cluttered environments. The focus is on maximum 
recall (i.e. not to lose any visitation event). 

DL model:

• DenseNet161a pre-trained on ImageNet;   

• Adam optimizer 1×10-5, 1000 training epochs; 

• Fine tuning on last layer with cross-entropy. 

a G. Huang, Z. Liu, L. Van Der Maaten and K. Q. Weinberger, "Densely Connected Convolutional Networks," 2017 
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017, pp. 2261-2269, doi: 
10.1109/CVPR.2017.243.



Hummingbirds – visitor detector

ML requires training and testing data to learn to recognize the classes, as well as 
validation data to estimate accuracy metrics. 

33’144 positive frames (bird) manually annotated, but no manually annotated 
negatives frames (no bird). 
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Uniform random sampling of negative 
frames for each video, from the same 
locations/cameras. 
Balanced data split with positive frames 
coming from different cameras/sites in 
the sets (train-validation-test). 

Site 1 Site 2 Site 3

day 1 day 2 day 3 day 1 day 2 day 3 day 1 day 2 day 3

TRAIN TEST VALIDATE



Hummingbirds – visitor detector

p = prediction probability of current frame  (given by the DL model)

p_diff = prediction probability difference between frame 𝑖 and 𝑖 − 1

trip_diff = average pixel-wise standard deviation difference between 
frames  and , and between frames  and  (indication of visual difference 
between adjacent frames)
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agg_score = 0.8*p + 0.1*p_diff + 0.1*trip_diff

Weights attributed to different scores is arbitrary, can be optimized on each video. 

Composite score calculated as: 



Hummingbirds – visitor detector

Difference 

between 𝑖 , 𝑖 − 1
and 𝑖 + 1

Current frame 𝑖Frame 𝑖 − 1 Frame 𝑖 + 1

GradCam saliency map for each class on current frame 𝑖

Class 0 (GT 0): no hummingbird
Class 1 (GT 1): hummingbird

p0 = 0.01; 
p1 = 0.99; 
trip_diff = 0.45

p 
p_diff

trip_diff
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Hummingbirds – visitor detector
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p0 = 0.02; p1 = 0.99; trip_diff = 0.27

p0 = 0.01; p1 = 0.99; trip_diff = 0.37



Hummingbirds – visitor detector
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▼ negatives  
▼ positives 
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Hummingbirds – visitor detector
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pred
GT

no bird bird

no bird 21325 252

bird 0 8

pred
GT

no bird bird

no bird 21438 139

bird 0 8

DL model 
only 

Aggregated 
score



Hummingbirds – visitor detector
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Hummingbirds – visitor detector
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pred
GT

no bird bird

no bird 20767 811

bird 0 14

pred
GT

no bird bird

no bird 21266 312

bird 0 14

DL model 
only 

Aggregated 
score



Hummingbirds – visitor detector
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top_Ktop_K

top_K: for each video, the user can select the top K frames with the highest score (the higher the K, the better 
the recall but also the higher the number of false positives)

FP

TP



Deep Learning

Application examples



Application examples
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https://diopsis.eu/en/

https://diopsis.eu/en/
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Application examples

Bjerge K et al (2021) An automated light trap to monitor moths (Lepidoptera) 
using computer vision-based tracking and deep learning. Sensors

Sittinger M et al (2021), unpublished
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Application examples

Bjerge K et al (2021) Real‐time insect tracking and monitoring with computer vision and deep learning. Remote Sensing in Ecology and Conservation
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Summer 2022: monitored plants with 
generalist and specialist pollination 
strategies in different communities (i.e. 
effect of future climate change?)

Prototyped camera systems to record 
insect pollinators in the field (2400m); 
now developing models to identify 
insects

Tool-Explore



Tool-Explore
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Droissart et al (2021) PICT : A low-cost, modular, open-source camera trap system 
to study plant–insect interactions. Methods in Ecology and Evolution

camera sensor

Raspberry Pi

battery pack

Can record up to 14h per day for 10 days 
on a single charge. 

Passive recording (no detection on 
device)

Image processing done on a desktop 
computer post-recording

< 250 EUR



Tool-Explore

67

https://www.youtube.com/playlist?list=PLkDb8ulGaj5obq4j

K9MnNJIdSJ97zWMyQ

https://www.youtube.com/playlist?list=PLkDb8ulGaj5obq4jK9MnNJIdSJ97zWMyQ


Citizen science + AI
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https://www.zooniverse.org

https://www.zooniverse.org/


PART 4
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Challenges



• AI models require huge annotated datasets to perform well 
• The higher the number of classes (e.g. taxa) that a model need to 

learn, the larger the dataset and the more compute time is necessary 
• Models developed for one ecosystem might not perform well on 

another ecosystem (domain shift problem)
• Training and deploying models requires specialized know-how and 

hardware (high barrier to entry)
• Data and model standards are non-existent for now, making it hard to 

compare results between experiments and with traditional methods
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Current challenges



Algorithmic improvements

The fields of Computer Vision, Machine Learning are fast-moving. 

Currently, the impact of these tools in the ecology & evolution communities is 
curtailed by the low generalisability of the models. 

This is partly because of the lack of relevant training dataset (more open data!)

Engaging more with the computer and data science communities can help 
leverage new developments in the space. 

Other model paradigms: Stable diffusion models? Visual transformers? 
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van Klink et al (2022) Emerging technologies revolutionise 
insect ecology and monitoring. Trends in Ecology & Evolution

A look to 

the future



73van Klink et al (2022) Emerging technologies revolutionise 
insect ecology and monitoring. Trends in Ecology & Evolution

A look to 

the future



Take home messages

Traits and ecological interactions are crucial for ecosystem functioning, 
yet they are hard to capture and study. 

The advent of mass data collection can revolutionize our understanding 
of ecology and evolution, but only if we keep pace with the increasing 
amount of data being generated. 

Closer collaboration across disciplines (i.e. ecology, data science) is 
crucial in bridging this gap and take full advantage of this newfound 
wealth of information. 
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https://www.wildlabs.net/groups/autonomous-camera-traps-insects

https://www.wildlabs.net/groups/autonomous-camera-traps-insects

