


Lectures: 

8:30 – 9:00: Welcome and coffee

09:00-09:20: Introducing Nordic phenotyping infrastructures and networks 

Morten Lillemo (PheNo, NMBU), Kristiina Himanen (NaPPI, UH), Svend     Christensen 

(NBPPN, PhenoLab, UCPH), Xiang Su (NordPheno)

09:20-09:30: The Importance of Data Management in Plant Phenotyping – Morten 

Lillemo (NMBU, NO)

09:50-10:25: Data management benefit, common practice and potential tools – 

Jesper Cairo Westergaard (University of Copenhagen, DK)

10:25–10:40: Coffee break

10:40-11:25: The Road to Precision: Spectral Imaging for Abiotic Stress 

Responses—Are We There Yet?  – Sónia Negrão (University College Dublin, IE)

11:30-12:00: Principles of handling UAV data – Sahameh Shafiee (NMBU, NO)

11th of March [Day 1]
Location: Innsikten, VET building

Morning (Hybrid, 9:00 – 12:00 CET) 



Lectures:

8:30 – 8:45: Welcome and coffee

08:45-09:15: Making Data FAIR compliant – Donald Hobern (APPN, AU)

09:30-10:05: Image- based Phenotype of Fusarium head blight in barley and wheat – 

Brian Steffenson (University of Minnesota, USA)

10:10–10:20: Coffee break

10:20-10:40: TraitFinder: 3D Multispectral Phenotyping for Plant Research – Rita 

Armonienè (LAMMC, LT)

10:40-11:10: Focus on PHIS main principles, architecture – Farzaneh Kazemipour 

(INRAE, FR)

11:10-11:30: Closing online session - Kahoot

12th of March [Day 2]
Location: Innsikten, VET building

Morning (Hybrid, 8:45 – 12:00 CET) 



PheNo - The Norwegian Plant 
Phenotyping Infrastructure

Morten Lillemo



• A national boost for 
plant science

• A Norwegian node in 
EMPHASIS

• Sustainable food 
production

• Climate-adapted varieties 
and production methods

Field phenotyping

Controlled 
environment 
phenotyping

Seed phenotyping

Data analysis

Research facilities and 
services in:



PheNo objectives
To provide the plant science community in Norway with state-of-the art 
research facilities and equipment  for precise fenotyping under controlled 
environment and in the field as well as seed phenotyping

PheNo is a distributed infrastructure with installations across the country:

• Controlled environment phenotyping: NMBU, UiO, UiT, NIBIO

• Field phenotyping: NMBU, NIBIO

• Seed phenotyping: NMBU, UiO

• Data analysis and data management services: NTNU, UiT



National and international networks
• A Norwegian node in EMPHASIS • Close connections to industry

PheNo supporters:

• International Plant Phenotyping Network • National research school 
in plant sciences



Visit our website at  https://pheno.no/ 

• Overview of services

• Contact info

• Project leader: 
Morten Lillemo 
morten.lillemo@nmbu.no

• Coordinator:
Sara Laranjeira
sara.laranjeira@nmbu.no

https://pheno.no/
mailto:morten.lillemo@nmbu.no
mailto:sara.laranjeira@nmbu.no


Finnish
National Plant Phenotyping Infrastructure

NaPPI

Research coordinator
Kristiina Himanen

University of Helsinki, Finland
11.3.2026



High throughput Phenotyping Infrastructure at the 
University of Helsinki, Viikki campus, Finland

Small plant unit Large plant unit
1080 plants 270 plantsCapacity
PAM Chl Fluorescence
Thermal imaging
RGB/visible light

PAM Chl Fluorescence
RGB/visible light

Cameras

Plants up to 40 cm, 
Arabidopsis, herbs, in vitro 
plates, red berries, GMO

Crops, legumes, cereals, rosette 
plants, trees (spruce, birch), up to 
120 cm, GMO

Plant types



Benefits of High Throughput Plant Phenotyping

• High throughput system for 
(relatively) high sample numbers 
➢ Hundreds of samples

• Automation of growth, 
morphology and physiology 
measurements
➢ Multisensor imaging

• Time series resolution
➢ from seedling to seed set

• Critical mass of data
➢ Effective data management Barley germplasm screen in drought (Prof. A. Chawade, SLU)



Research examples at NaPPI

Multisensor imaging for 
high throughput 
analysis of disease 
progression

Chlorophyll fluorescence imaging for monitoring 
effects of Heterobasidion parviporum small 
secreted protein induced cell death and in planta 
defense gene expression
Wen Z., Raffaello T., Zeng Z., Pavicic M. & Asiegbu F. 
(2019). Fungal Genetics and Biology. 126, p. 37-49



National Biocenter Finland network

Network of universities 
with Biocenters
- Yearly evaluations 
- Users, user groups, 

national, international
- Outputs, publications, 

education, patents etc
- Coordinates Research 

Council of Finland 
funding and FIRI 
roadmap applications

“ BF provides state-of-the-art technology services 
that cover key technologies in life sciences and 
biomedicine. The infrastructure services are 
organized into 17 Technology Platforms, which 
provide services annually for ~3000 research groups 
in academy, healthcare, and industry. All services are 
provided with an open-access policy.”

Biocenter 
Finland



Helsinki Institute of Life Science

University of Helsinki research infrastucture network
Yearly evaluations
Develops evaluation criteria: 
 utilization rate, user base (excellency), cost efficiency
Funding for personnel and instruments 
RI career paths with RI specific job descriptions
Has established Life Science Data Competence Center

Future Topics to promote in the long term: 
- Multiomics approaches
- Platform collaboration
- Implementation of AI tools



Helsinki

Viikki

NaPPI



NaPPI partners and networks

National:                                     Nordic:                   European:                International:

Biocenter 
Finland

NBPPN



NaPPI team 

PhD Sylvain Poque, NaPPI, sylvain.poque@helsinki.fi
Project planner at the National Plant Phenotyping Infrastructure
Department of Agricultural Sciences, University of Helsinki, Finland 
Till June 2026

PhD Kristiina Himanen, Docent in developmental plant biology
Research coordinator at the National Plant Phenotyping Infrastructure, 
Organismal and Evolutionary Biology Research Program and Dept. of 
Agricultural Sciences, University of Helsinki, Finland
kristiina.himanen@helsinki.fi

mailto:kristiina.himanen@helsinki.fi


Nordic Baltic Plant 

Phenotyping Network 

• The Nordic Baltic Plant Phenotyping Network (NBPPN) is a collaborative research 

network connecting plant phenotyping infrastructures and experts across the Nordic 

and Baltic countries.

• NBPPN was developed in response to the outcomes and momentum generated by two 

earlier Nordic initiatives that concluded in 2023.

• Organization: 

• an annual symposium (currently hosted in Båstad, Sweden)

• one thematic workshop per year

• a regular newsletter

• opportunities to network, initiate collaborations and share expertise



Members NBPPN 2026
The current Nordic Baltic Plant Phenotyping Network partners consist of:

• Graminor AS

• Lithuanian Research Centre for Agriculture and Forestry (LAMMC)

• Findus

• Natural Resources Institute Finland (LUKE)

• SEJET 

• University of Helsinki

• Centre of Estonian Rural Research and Knowledge (METK)

• Norwegian University of Life Sciences (NMBU)

• The Arctic University of Norway (UiT) 

• Danespo

• Swedish University of Agricultural Sciences (SLU)

• Lantmännen

• University of Copenhagen

• TystofteFonden 

• Lund University

• DLF

• Technological Institute Denmark 



The Nordic Baltic Public Plant Phenotyping Network (NBPPN) 

Jon Arne Dieseth, Graminor

NBPPN Vice- Chairperson

Katja Annette Willrodt, University of Copenhagen

NBPPN Project Mgr.

Prof. Svend Christensen, University of Copenhagen

NBPPN chairperson

Johan Lundmark, Lantmännen

NBPPN Vice-chairperson

NBPPN Steering Committee 2025: 

The members of the steering group are: 

1.                       Svend Christensen (KU) Chair 

2.            Jon Arne Dieseth (Graminor) Vice-Chair 

3.                       Johan Lundmark (Lantmannen) Vice-Chair 

4.                       Kristiina Himanen (University of Helsinki) 

5.                       Mathias Timmermann Christiansen (Danespo) 

6.                       Gintaras Brazauskas (LAMMC) 

7.                       Morten Lillemo (NMBU)

Organization 2025





Nordic RI Hub for Digital
 Plant Phenotyping (NordPheno)

NordPheno positions the Nordic region as a leader in sustainable innovation, 

creating a unified, data-centric RI for the future of agriculture.



The Need for Plant Phenotyping Digitalization

Unique Climate: Nordic crops grow at the edge of 

cultivation zones with increasing weather fluctuations.

Green Deal Goals: 20% reduction in fertilizers and 50% 

in pesticides by 2030.

HTP Integration: Coupling High Throughput 

Phenotyping with predictive modeling for genomic 

selection.
Interdisciplinary Gap: Bridging the skill void between 

plant scientists and computer scientists.

Overcome RI 
Fragmentation

Establishing the Nordic Plant Data 

Hub—a federated ecosystem linking 

servers and cloud services for 

trustworthy data sharing.

IoT & Distributed AI

Revolutionizing phenotyping via edge 

computing, autonomous sensors, and 

Digital Twins for simulation and real-

time insights.

Training & Networking

Establishing intensive educational 

activities to bridge the knowledge gap 

between biology and computer science 

methodologies.



Digital Pipeline for Plant Phenotyping

Infrastructure Gaps

Current RIs rely on siloed data systems with limited 

interoperability. Manual Excel-based workflows for 

time-series data delay insights by weeks.

Target: Automated segmentation and integrated Python pipelines.

Knowledge Gaps

A disconnect exists in implementing AI-based 

phenotyping due to limited interdisciplinary training 

in Computer Science areas like IoT and Edge AI.

Target: Educating a new generation of bilingual (Bio+CS) 

researchers.



Consortium Partners & Expertise
Partner Institution Core Contribution / Role Country

Univ. of Helsinki AI, Edge computing, Indoor phenotyping (NaPPI) Finland

NTNU / NMBU IoT, AI for Agriculture, Plant breeding, Field trials Norway

Univ. of Copenhagen HTP Indoor & Field phenotyping (PhenoLab) Denmark

NIBIO / UiT / UiO Arctic crop adaptation, Precision agriculture, Genomics Norway

Swedish Univ. of Agri. Sci. Sustainable agriculture policy & Field trials Sweden

Work Packages (WP)

WP1: Network Coordination & Strategic Alignment.

WP2: Research Mobilities & Joint Publications.

WP3: Workshops and Intensive Training Courses.

WP4: Dissemination, Communication & Outreach.

FG A: FAIR Data Management & Repositories.

FG B: IoT Sensors & Edge Computing Strategies.

FG C: AI Analytics & Plant Digital Twins.

FG D: Emerging Tech (Gene Editing, Bio-pesticides).



The importance of 
data management

Morten Lillemo

Data Management Workshop at NMBU 11.03.2026



90% of science is lost!

• Of 100 datasets created…
• 80 remain in the lab (unshared or hidden)
• 20 are shared but rarely reused
• Fewer than two meet FAIR principles
• Only one typically drives new findings

https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms

• The result: delayed research findings, meta-studies short 
on evidence, and research that cannot be reproduced

https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms
https://www.frontiersin.org/news/2025/10/13/90-of-science-is-lost-frontiers-revolutionary-ai-powered-service-transforms


Why should we care?

• Unpublished data from master 
students, PhD student, postdocs etc. 
are difficult to re-use if not properly 
organized and described

• In worst case, experiments have to be 
done again by your new student



Why should we care?

• Properly organized and described datasets 
is a pre-requisite for meta-studies

https://doi.org/10.1111%2Fnph.15754 https://doi.org/10.1071/FP22294 

500 experiments 
760 plant species

129 studies
112 plant species

https://doi.org/10.1111%2Fnph.15754
https://doi.org/10.1071/FP22294


Metadata – data about the data

• What’s in this can?



Metadata – data about the data

• What do the numbers in this table mean?

Plot Genotype Plant_Cover Plant_Height NDVI
1101 45 60 67 0.800
1102 3 65 60 0.830
1103 1313 70 70 0.868
1104 1617 70 68 0.864
1105 1528 55 70 0.888

Plot Genotype Plant_Cover Plant_Height NDVI
1101 45 60 67 0.800
1102 3 65 60 0.830
1103 1313 70 70 0.868
1104 1617 70 68 0.864
1105 1528 55 70 0.888

Description of the growing conditions 
How the traits were measured, which 
sensors were used, etc.

Metadata



The FAIR data principles

https://book.fosteropenscience.eu/



The four basics of FAIR data

Principle What it means in practice

Findable
discoverable with metadata, identifiable and locatable by means of a 
standard identification mechanism

Accessible
always available and obtainable; even if the data is restricted, the 
metadata is open

Interoperable
both syntactically parseable and semantically understandable, allowing 
data exchange and reuse between researchers, institutions, organisations 
or countries

Reusable
sufficiently described and shared with the least restrictive licences, 
allowing the widest reuse possible and the least cumbersome integration 
with other data sources



Things to remember

• FAIR is a set of principles; not a standard
• Does following the FAIR principles mean that your data has to be 

shared openly with everyone? 
• Data can be FAIR but not open. For example, data could meet the 

FAIR principles, but be private or only shared under certain 
restrictions

• Open data may not be FAIR. For example, publicly available data 
may lack sufficient documentation to meet the FAIR principles, 
such as licensing for clear reuse

NO



MIAPPE

• The Minimum Information 
About Plant Phenotyping 
Experiments (MIAPPE) 

• A data standard designed to 
harmonize the description of 
experimental and computed 
data to enable its sharing, 
publication and reuse. 



PHIS

• Phenotyping Hybrid 
Information System (PHIS)

• A database system for plant 
phenotyping data



BrAPI

• The Breeding API (BrAPI) 
• A standardized web service 

API specification for 
exchange of scientific data

• Enables interoperability 
among databases and tools 



Enjoy the 
workshop!



Data management

Jesper Cairo Westergaard, 
UCPH, PLEN, Crop Sciences, Biostatistics Group

Presented at the NMBU DM workshop, 2026-03-11

• Benefits

• Common practices

• Potential tools 



This presentation

So, I have split this up into exactly those three

• Benefits

• Common practices

• Potential tools

There will be some slides reused from earlier work by Isabelle Alic, Sylvain Poque and me.

And then at the end…

• Questions? Comments?

• and sharing of your experiences with DM - good or bad

2

Title given: Data management 
benefit, common practice and potential tools



About me

Jesper Cairo Westergaard

Master of Science (MSc) in Agriculture

Part of the Biostatistics Group at the Section for Crop Sciences, Department of Plant 
and Environmental Sciences, Faculty of Science, University of Copenhagen

My office hours, greenhouse and field work, mainly takes place at our Taastrup 
Campus, Højbakkegård Allé 13, DK-2630 Taastrup

Networks: NBPPN – the Nordic Baltic Plant Phenotyping Network

Project involvement currently: 
IBIS: Initiative for Biofertilizer Innovation and Science
RIC: Robotic Intercropping – From monoculture toward diverse cropping systems
OCH: One Crop Health: Next generation crop protection  
MATRIX: Microbiome Assisted Triticum Resilience In X-dimensions
RootAccess: a root phenotyping field facility 

3



Some of our research platforms at Taastrup Campus

4



Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus
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Some of our research platforms at Taastrup Campus

12



Some of our research platforms at Taastrup Campus

13



But, enough about us…

14



What is Data Management in research
“Research data management refers to the handling 
of research data (collection, organisation, storage, 
and documentation) during and after a research 
activity. Good data management helps ensure that 
researchers share their data in a FAIR way (findable, 
accessible, interoperable, and re-useable). Research 
organisations increasingly require their researchers 
to develop a data management plan to ensure that 
all aspects are considered from the start of an 
activity on.”

15

Source: https://scienceeurope.org/our-priorities/open-science/research-data-management/

• Collection
• Organisation
• Storage
• Documentation



What is Data Management in research

16



Benefits of Data Management

• Late arrival of data to “next in line”
• Incorrect metadata or parts of the data

• Example: Bungled up CRS (coordinate reference system) or other location data, e.g. 
north/south reversed

• Insufficient metadata 
• Missing time-of-day. May not have seem relevant but it ended up being.

• Does anyone else have some examples?

17

Mismanagement of data



Benefits of Data Management

• Living up to standards or at least realistic expectations
• Helps you and your colleagues
• Helps others
• Is probably a de,mand put upon you already

• FAIR data
• Findable
• Accessible
• Interoperable
• Reusable

19

Pascal Neveu @InraMontpellier explaining FAIR implementation 
at an international plan in @OpenSilex and @PHISphenomics



20



Questions?   …… Comments?

• ____________
• ____________
• ____________
• ____________

21



Common practices of Data Management

• When applying for a project 
• Demands from funding bodies: 

• Example for a project, in a moment

• With the project starting
• Ongoing
• Wrapping it up
• Afterwards… The lifespan of your data (?)

22



Common practices of Data Management
When applying for a project: 
An example from the project Robotic Intercropping

23

Read more here: https://science.ku.dk/english/press/news/2025/researchers-will-teach-robots-to-grow-wheat-and-clover-grass-on-the-same-field/

DM as a part of the 
application



Common practices of Data Management
When applying for a project: 
An example from the project Robotic Intercropping

24

• With the project starting

• Ongoing

• Wrapping it up

• Afterwards… The lifespan of your data



Common practices of Data Management
When applying for a project: 
An example from the project Robotic Intercropping

25

What data formats?

Here a list of the data formats that we expect to use in the project 



Questions?   …… Comments?

• ____________
• ____________
• ____________
• ____________

26



Potential tools of Data Management

• The two main types of Data Management tool
• The DM plan “Just talk” 

• Necessary, 
• but doesn’t “get the job done

• The action
• Putting the data somewhere
• Ensuring its quality

• And the hidden tool:
• Persistence.. 

• Revisiting your data. OFTEN 
• Having others involved
• Consider: How many people can deliver data to those who need?

27



Potential tools of Data Management

• Feeling the need for “something better”

• But better is not always “perfect”, 
• it can also be something that “gets the job done”

28



Potential tools of Data Management

• Professional shared systems like PHIS –
actually has data stored in it (or linked to 
other locations where the data is, eg large 
images

• The data about the data
• Example: MIAPPE

• Homemade systems just used in a research 
group or a university etc.

29



Potential tools of Data Management:  MIAPPE

30



Potential tools of Data Management:  PHIS

31



Potential tools of Data Management:  PHIS
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Potential tools of Data Management:  PHIS

33



Potential tools of Data Management:  PHIS
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Potential tools of Data Management:  PHIS

35



Potential tools of Data Management

Example of a domain for DM: UAV (drone) data

• PlotCut for the advanced stuff: Can handle some DM aspects too
• But a simple stand-alone homemade program for the easy-access to data

• And NMBU building something amazing with UAV data managing

36



Potential 
tools 
of Data Management

37



Potential tools of Data Management – at the Danish e-infrastructure Consortium DEiC

38



Potential tools of Data Management – at the Danish provider DEiC
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Potential tools of Data Management – at the Danish provider DEiC
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Potential tools of Data Management – at the Danish provider DEiC

41



Potential tools of Data Management
The MATRIX project at the ERDA portal of UCPH as an example

42



Potential tools of Data Management
The OCH project Mergin Maps/QGIS as an example

43

More about OCH: https://plen.ku.dk/english/research/crop_sciences/weed-ecology-and-evolution/one-crop-health-next-generation-crop-protection/



Potential tools of Data Management
The OCH project Mergin Maps/QGIS as an example

44

More about OCH: https://plen.ku.dk/english/research/crop_sciences/weed-ecology-and-evolution/one-crop-health-next-generation-crop-protection/

Let‘s jump into QGIS and take a look



Potential tools of Data Management

45



Potential tools of Data Management

46



Questions? Comments? 
and sharing of experiences with DM - good or bad

• Anyone? 
• ____________
• ____________
• ____________
• ____________

47



Thank you for listening 

Feel free to reach out to me:      jcw@plen.ku.dk



49

BECAUSE WE TRY TO ANSWER EVEN 
THE CRAZIEST QUESTIONS

science.ku.dk



Assoc. Prof. Sónia Negrão 
University College Dublin 

School of Biology & Environmental Science

sonia.negrao@ucd.ie 18/FRL/6197

The Road to Precision: Spectral Imaging for Abiotic
Stress Responses- Are We There Yet?

The Road to Precision: Spectral Imaging for Abiotic
Stress Responses- Are We There Yet?

2022Agrobiodiversity
154



What is the plant phenome?

Environment GenotypeInteraction

Phenotype

“The phenome quantifies how an organism interprets an environment 
with a set of phenes to form an optimal multi-scale phenotype.”



What is Plant Phenomics?

Bucksch & IPPN community (Submitted)

Multidisciplinary scientific
discipline that systematically

studies the "phenome"— the set
of a plant’s possible phenotypes

and its spatio-temporal
interactions with the

environment



Who is a Plant Phenomicist?

“A plant phenomicist defines formal
systems to discover the dynamics of

plant-environment interactions”



How can we asess abiotic stress using imaging?

Al-Tamimi et al. (2022) Open Biology 2 (6): 210353 



Ultraviolet

RGB vs Hyperspectral
RGB ImageHypercube

Radiowaves Mircowaves Infrared X-Rays Gamma Rays

Red

Green

Blue

X bands



What about the hidden half? 

Poulain et al. ( In preparation)



Ireland- the land of Guinness
and Irish Whiskey



Barley
Fourth most important cereal crop in the world
Human food, animal feed and production of alcohol

Barley in Ireland
First cereal crop
€1.4 B value in drinks



Source: agriculture.gov.ie

SDG 9 Industry, Innovation and Infrastructure 



Image source Irish Times

SDG 13 Climate Action



Waterford Distillery 2019



Air:    21% O₂
Hypoxia: < 21% O₂
Anoxia:      0% O₂

What is waterlogging? 



Langan et al. (2022) JXB 73: 5149–5169



Genetic diversity is key for stress tolerance

Hypothesis: 
Modern cultivars were bred under optimal conditions,
favouring yield-traits

Heritage germplasm have higher stress tolerance, 
but remains largely uncharacterized



ExHIBiT
European HerItage Barley collecTion

Photo by Villő Bernád

JHI team



ExHIBiT

Northern Europe
2-row Spring barley
363 accessions 

Bernád et al.  (2024) FiPS : e1268847

https://doi.org/10.3389/fpls.2024.1268847


Establishment of
the ExHIBiT core
collection: 

From 363 to 230
lines



Under controlled conditions Under field conditions

Two phenotyping  conditions



Under controlled conditions Under field conditions

Two phenotyping  conditions



Shoot Data
RGB Imaging Sensor

Provides biomass and shoot
architecture.
(465 - 630nm)

Visible Near Infrared
Pigment content and health status.

(380 – 900nm)

UCD

UPJV

Short Wave Infrared
Highlight moisture content, water

distribution
(900 - 1700nm)



Root Data
Monochromatic

Growth, angle, dimater etc...

Visible Near Infrared
Pigment content and health status.

(380 – 900nm)

UPJV

Short Wave Infrared
Highlight moisture content, water

distribution
(900 - 1700nm)

Daily measurements

Time-point specific



Challenges ahead



Plant responses to stress are dynamic 

Bernád et al.  (in preparation)



How can we interpret complex data?

Bernád et al.  (in preparation)

Normalized Difference
Vegetation Index (NDVI)

Quantum Yield (QY) Water1



RGB RGB

Mono Mono

Shoot and root behave differently

Control (T12) Waterlogged (T12)





“Machine learning is the study of computer algorithms that allow computer
programs to automatically improve through experience” – Tom Mitchell

Data Collection
Data 

Preprocessing
Training Prediction

What is Machine Learning?

Testing



The Machine Learning Process

Split dataset into train/test:
Train algorithm using training set.
Test performance using test set 

E.g., Support Vector Machine, Random Forest

Identify patterns in a unlabeled dataset.
Most common method – clustering analysis

E.g., K-Means, Hierarchical clustering 

Supervised Learning Unsupervised Learning

Dataset Labels Dataset Labels



Deep Learning
Deep learning – ML subfield

Cascade of layers
Each node extract features from input data.

Each layer - output of previous layer as input data

Common applications:
Object detection
Image classification
Semantic segmentation



Ultraviolet

RGB vs Hyperspectral
RGB ImageHypercube

Radiowaves Microwaves Infrared X-Rays Gamma Rays

Red

Green

Blue

X bands



Plant segmentation in HSI has challenges

Current available methodologies
Imaging systems use straightforward colour
segmentation.

Segmentation output needs improvement for plant
biologists

Binary mask - SWIR - problematic in alignement of all
layers

Original Masked Colour Segmentation Overlay



Deep Learning Segmentation

Lightweight version of U-Net.

Data aggressively augmented.

A network for each datatype.

Augmented Mask

Encode De
co
de

Using Deep Learning for Image Segmentation



Improving image segmentation using DL
Existing methods U-Net

Walsh et al.  (2025) bioRiv



Can we improve root segmentation? 

Groundtruth Available U-Net

Walsh et al.  (2025) bioRiv



How can we interpret complex data?

Bernád et al.  (in preparation)

Normalized Difference
Vegetation Index (NDVI)

Quantum Yield (QY) Water1



Can we determine main traits to predict stress?

Bernád et al.  (in preparation)



STARSEED (Peeples et al., 2023) to evaluate treatment effect on root system spatial
arrangement : 

Evidence of spatial shift towards superficial layers
Reduction in lateral spread at depth

Can we use ML to understand root dynamic
responses to stress?



What are the genetic regions underlying
longitudinal traits?

GWAS Interaction Model:
Y= G_SNP+Q+Treatment+G_SNP×Treatment+

(1∣Taxa)+K

Bernád et al.  (in preparation)



What are the genetic regions underlying
longitudinal traits?

3D-QTLVis

Water1 throughout time

3D-QTLVis

Water1 throughout time

Bernád et al.  (in preparation)





Can we further improve imaging in the field?

Unlocking 3D Insights: The Power of Point Clouds in Agriculture

 A Three-Dimensional Point cloud (3DPC) is an unstructured representation of data

Contains more phenotypic information than 2D images (e.g., plant height, canopy structure, etc...)

Easy to construct 3DPC from RGB or MS images (a combined Structure-from-Motion and Multi-View
Stereo photogrammetry technique) � Challenge: Big Data processing

Jiang et al. (2019) “3D point cloud data to quantitatively characterize size and shape of shrub crops”. Hortic Res 6, 43



What do we know about 3DPC?

Chang et al. (2026) Smart Agric.Tech. 13: 101869

3DPC Data aquisition methods AI Algorithms used in 3DPC analysis

DL is now dominating, 3DGS and NeRF have breaked out recently.

3DPC Data acquisition mainly used ToF sensors and SfM-MVS pipelines. 



Can we develop  a 3DPC from RGB and multispectral
images?

Yes, we can! Using a modified 3D Gaussian Splat- 3DGS:

Established a rapid 3DPC reconstruction method 

Developed an automatic extraction workflow for orthophoto and 3DPC indices



3D-QTLVis manuscript in preparation
Exploring HSI segmentation in UAVs
Root data analysis ongoing
3DPC data analysis ongoing
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Field Based High Throughput Phenotyping Rapidly Identifies Genomic - gn.racesociety.com
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Field Phenotyping Platforms

Why Drones??

http://gn.racesociety.com/14847103358720231645/field-based-high-throughput-phenotyping-rapidly-identifies-genomic.html
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First Drone in 1905
The Drones that You have to Feed — Pigeons

Before there were Drones, there were … Pigeons with Cameras? | by Nathan Allen | Frame of 

Reference | Medium

https://medium.com/frame-of-reference/before-there-were-drones-there-were-pigeons-with-cameras-300e471154a6
https://medium.com/frame-of-reference/before-there-were-drones-there-were-pigeons-with-cameras-300e471154a6


UAV Applications in Agricultural

• Plant Phenotyping

• Planting seeds

• Field Monitoring

• Disease Control

• Pest and herbs control

• Crop damage assessment
(lodging)

• Livestock management

33



4

Light Spectrum and Sensors



Light Interaction

DOI: 10.1094/PDIS-03-15-0340-FE

5

NDVI and Plant Health



Hyperspectral

Thermal

Norwegian University of Life Sciences6

Imaging Sensors

Multispectral



• Many different sensors and techniques are used for the measurement of the distance of objects to the 

camera, acquisition, and formation of 3D images. 

• Optical applications:  Passive, such as stereo imaging and structure from motion, or active, such as 

structured light and time of flight.

Norwegian University of Life Sciences7

3D Imaging



• ToF and LiDAR cameras are based on signal modulation and 

ranging. 

• Measuring the distance between the sensor and a target 

object by detecting the time difference from the signal 

emitted by a transmitter, reflected on a target object, and 

captured back by a receiver.

Norwegian University of Life Sciences8

Time of flight (ToF) and 
Light Detection and Ranging (LiDAR)

The drone LiDAR operation principle - LiDAR drone OnyxScan, 
UAV 3D laser scanner (onyxscan-lidar.com)

https://www.onyxscan-lidar.com/the-drone-lidar-operation-principle/
https://www.onyxscan-lidar.com/the-drone-lidar-operation-principle/
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• Creating a disparity map between the images 
from a single moving camera.

• The distance between the points where each 
image was captured by the camera can be used 
as the distance between “cameras.” 

• The main challenge of such a strategy is that 
the object of interest must remain practically 
motionless.

Norwegian University of Life Sciences9

Structure from Motion (SFM)

Structure from Motion (SfM) photogrammetric principle.
Source: Theia-sfm.org (2016) 
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What can we do with a UAV?
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How?



Yield Estimation

Norwegian University of Life Sciences12

https://www.sciencedirect.com/science/article/pii/S1161030120300381#fig0055

https://www.sciencedirect.com/science/article/pii/S1161030120300381#fig0055
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Disease Detection

UAV sample NDVI mapping for
health assessment and disease detection (Shamshiri et al., 2018). 

DOI: 10.1094/PDIS-03-15-0340-FE
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Schematic overview of the different ways to extract spectral information from plants throughout 
a growing season(https://doi.org/10.1002/ppj2.20100Digital Object Identifier (DOI)).

Plant Height:

https://doi.org/10.1002/ppj2.20100
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UAV processing chain



Introduction to Photogrammetry

Norwegian University of Life Sciences16

• Photogrammetry: Science of obtaining measurements and spatial information from photographs.

• Uses multiple overlapping images taken from different angles.

• Applies geometric principles to reconstruct objects or terrain in 3D.

• Images can be captured using drones, aircraft, satellites, or handheld cameras.

• Processed with specialized software to generate:

• 3D models

• Orthophotos

• Digital Elevation Models (DEMs)

• Maps

• Widely used in surveying, mapping, construction, archaeology, engineering, and environmental monitoring.

• Provides accurate, efficient, and non-contact data collection.

• Increasingly accessible due to advances in drones, digital cameras, and computing power.



From 2D to 3D-Stereo vision

Norwegian University of Life Sciences17



From 2D to 3D Stereoscopy

Norwegian University of Life Sciences18
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3 main processing steps in Pix4D
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Getting Enough Matches
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Extract Keypoints
• Good Images:

• Natural textures: rocks, bushes, dirt

• Urban features: buildings, streets

• Resolution: >10 MP

• Keypoints: >10,000 extractable points

• Difficult Images:

• Low-texture surfaces: sand, snow, fog

• Blurry or out-of-focus images

• Overexposed or underexposed

• Low resolution: <3 MP

• Keypoints: <100 extractable points
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Flight Plans



• overlap between images to at least 85% 
frontal overlap and at least 70% side 
overlap.

• Fly higher. In most cases, flying higher 
improves the results.

• Have accurate image geolocation and 
use the Agriculture template for processing 
in pix4D.

Norwegian University of Life Sciences24

Flat terrain with agriculture fields



• Ground Sampling Distance (GSD)

• Definition: Distance between the centers of two consecutive pixels on the ground.

• Importance:

– Determines the accuracy and quality of the final results.

– Affects the level of detail visible in the orthomosaic.

• Smaller GSD → higher resolution and more detailed maps.

Norwegian University of Life Sciences25

Designing the Image Acquisition Plan 
Computing the Flight Height for a given GSD
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Designing the Image Acquisition Plan 
Computing the Image Rate for a given Frontal Overlap

• The image shooting rate to achieve a given frontal overlap depends on the speed of the UAV/plane, the GSD, 

and the pixel resolution of the camera.

D = distance covered on the ground by one image in the flight direction [m]
overlap = percentage of desired frontal overlap between two images
od = overlap between two images in the flight direction [m]
x = distance between two camera positions in the flight direction [m] 
v = flight speed [m/s]
t = elapsed time between two images (image rate) [s]

Dh = distance covered on the ground by one image in the height direction (footprint height) [m]
imH = image height [pixel]
GSD = desired GSD [cm/pixel]

Camera oriented with the sensor width (long dimension) perpendicular to the flight direction (usual case)

od = overlap * D (1)                                                                   
x = D - od (2)
t = x / v (3)
D = Dh = (imH * GSD) / 100 (4)

x = ((imH* GSD) / 100) * (1 - overlap) (5)Combining Equations (1) and (4) into Equation (2):

Combining the equations (3) and (5):

t = x / v = ((imH * GSD) / 100) * (1 - overlap) / v (6)
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Flight Height and Image Overlap

• Higher altitude → lower resolution of captured images.

• For mature crops / general variability mapping:

• High resolution not required → fly higher (20–120 m)

• For young plants / emergence studies:

• Fly lower (20–60 m)

• Allows individual plants to be distinguished from the soil in the final map.



Project size, orientation, and position are initially unknown

GPS Tags

• Provide approximate position, orientation, and scale of images

• Require good synchronization between camera and GPS

• Higher number of GPS-tagged images → better position approximation

• Typical GPS accuracy may include ~10 m random positional shift

Norwegian University of Life Sciences28

Model Georeferencing



Points with known coordinates located within the area of interest.

• Projects with image geolocation:

– GCPs improve absolute accuracy by placing the model 

in the correct real-world position.

– Reduce GPS positional errors from meters to 

centimeter-level accuracy.

• Projects without image geolocation:

– GCPs are required to correctly position and scale the model.

Norwegian University of Life Sciences29

Collecting Ground Control Points (GCPs)



• A minimum number of 5 GCPs is recommended per project.

• The GCPs should be placed evenly on the landscape to minimize the 

error in Scale and Orientation.

• Do not place the GCPs exactly at the edges of the area

• Try to place one GCP in the center of the area

Norwegian University of Life Sciences30

How Many GCPs?

Distribution of the GCPs.
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Map Without GCPs and how to correct

• Map Without GCPs: May have incorrect position, scale, or orientation, GPS 

errors can cause shifts of several meters, Lower absolute accuracy; suitable 

only for rough visualization

• How to Correct:

Add (GCPs)

Without GCPs With GCPs
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Multispectral Imaging

Multispectral cameras



Calibration

The importance of calibrating your remote sensing imagery - Materials Talks (materials-talks.com)

42 Norwegian University of Life Sciences
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Questions?

Sahameh.shafiee@nmbu.no
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