


© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Contents

Series list xi
Introduction xix
Acknowledgement xxiii

Part 1 The development of phenotyping as a research field

1 Origins and drivers of crop phenotyping 3
Roland Pieruschka and Ulrich Schurr, Institute for Bio- and 
Geosciences (IBG), IBG-2: Plant Sciences, Forschungszentrum Jülich, 
Germany

1  Introduction 3
2  Technological progress in plant phenotyping 6
3  Community integration in plant phenotyping 9
4  Plant phenotyping as a tool for enhanced and sustainable crop production 14
5  Future trends 19
6  Where to look for further information 20
7  Acknowledgements 21
8 References 21

2 The evolution of trait selection in breeding: from seeing to remote 
sensing 29
Matthew Reynolds, Francisco Pinto, Liana Acevedo, Francisco 
J. Pinera-Chavez, and Carolina Rivera-Amado, International Maize 
and Wheat Research Center (CIMMYT), Mexico

1  Introduction 29
2  Selection of progeny and large-scale genetic resources 35
3 Characterization of parents and gene discovery panels: increasing 

throughput with sensors 38
4  Traits related to spike fertility and partitioning to yield 40
5  Traits to improve lodging resistance in cereals 44
6  Selecting for disease resistance 47
7  How might trait selection look in the future 49
8  Where to look for further information 51
9 References 52



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

vi Contents

Part 2 Sensor types

3 Advances in optical analysis for crop phenotyping 69
Jian Jin and Tanzeel U. Rehman, Purdue University, USA; and 
Qin Zhang, Washington State University, USA

1  Introduction 69
2  Popular optical sensors 71
3  Major challenges in optical sensing 77
4  Case studies 82
5  Summary and future trends 85
6  Where to look for further information 87
7 References 88

4 Advances in the use of thermography in crop phenotyping 99
David M. Deery, CSIRO Agriculture and Food, Australia

1  Introduction 99
2  Foundational theory of thermography 100
3  Principles of thermography measurement 102
4  Technologies available and thermography methods 103
5  Traits measured 108
6  Case studies 110
7  Main challenges 113
8  Summary and future trends 114
9  Where to look for further information 115

10 References 116

5 Advances in the use of X-ray computed tomography in crop 
phenotyping 123
Stefan Gerth, Norman Uhlmann and Michael Salamon, Fraunhofer 
EZRT, Germany

1  Introduction 123
2  X-ray sources 124
3  Interaction of X-rays with material 127
4  Detector 130
5  Computed tomography systems for crop phenotyping 131
6  From sensor to data 135
7  Case studies: Phenotyping using computed tomography 137
8  Summary and future trends 141
9  Where to look for further information 142

10 References 143



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

vii Contents 

Part 3 Carrier/delivery systems

6 Field robots for plant phenotyping 153
Rick van de Zedde, Wageningen University and Research, The 
Netherlands

1  Introduction 153
2  Specific challenges associated with field robots 157
3  Currently available field robots for phenotyping 158
4  Sensors and technologies for phenotyping field robots 161
5  Robotic arms for fruit phenotyping and harvesting 165
6  Conclusion and future trends 166
7  Where to look for further information 168
8 References 169

7 Advances in high-throughput crop phenotyping using unmanned  
aerial vehicles (UAVs) 179
Helge Aasen, Institute of Agricultural Sciences, ETH Zurich and 
Remote Sensing Team, Division of Agroecology and Environment, 
Agroscope, Switzerland; and Lukas Roth, Institute of Agricultural 
Sciences, ETH Zurich, Switzerland

1  Introduction 179
2  Remote sensing tools: unmanned aerial vehicles and flight protocols 180
3 Major plant traits that can be extracted using unmanned aerial vehicle 

remote sensing 182
4  Conclusion and future trends 191
5  Authors’ contributions 192
6  Acknowledgements 192
7 References 192

Part 4 Data analysis

8 Meeting computer vision and machine learning challenges in 
crop phenotyping 203
Hanno Scharr, Institute of Bio- and Geosciences: Plant Sciences  
(IBG-2) and Institute for Advanced Simulation: Data Analytics and 
Machine Learning (IAS-8), Forschungszentrum Jülich, Germany; 
and Sotirios A. Tsaftaris, The University of Edinburgh and Alan 
Turing Institute, UK

1  Introduction 203
2 Key dimensions to consider in computer vision applications in plant 

phenotyping 204



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

viii Contents

3 Creating synergies between research communities: the Computer Vision 
Problems in Plant Phenotyping (CVPPP) Workshop 208

4 Data challenges to accelerate progress in computer vision techniques: 
leaf counting and segmentation 209

5  Recent agriculture-related computer vision challenges 211
6  Summary 215
7  Where to look for further information 217
8 References 218

9 Digital phenotyping and genotype-to-phenotype (G2P) models 
to predict complex traits in cereal crops 223
Nicolas Virlet, Rothamsted Research, UK; Danilo H. Lyra, Biometrics 
and Breeding Research, BASF, Belgium; and Malcolm J. Hawkesford, 
Rothamsted Research, UK

1  Introduction 223
2  Digital phenotyping as a tool to support breeding programs 226
3 Genotype-to-phenotyping (G2P) models: integrating data from 

phenomics and envirotyping in predictive breeding 236
4  Conclusion 246
5  Acknowledgements 247
6  Where to look for further information 247
7 Abbreviations 248
8 References 249

10 The role of crop growth models in crop improvement: integrating 
phenomics, envirotyping and genomic prediction 263
Jana Kholová, International Crops Research Institute for the Semi-Arid 
Tropics (ICRISAT), India; Amir Hajjarpoor, UMR DIADE, Université 
de Montpellier, Institut de Recherche pour le Développement (IRD), 
France; Vincent Garin, International Crops Research Institute for 
the Semi-Arid Tropics (ICRISAT), Mali; William Nelson, Gottingen 
University, Germany; Madina Diacoumba, International Crops 
Research Institute for the Semi-Arid Tropics (ICRISAT), Mali; Carlos 
D. Messina, Pioneer Hi-Bred International, USA; Graeme L. Hammer, 
Queensland Alliance for Agriculture and Food Innovation - The 
University of Queensland, Australia; Yunbi Xu, Chinese Academy 
of Agricultural Sciences, China and International Maize and Wheat 
Improvement Center (CIMMYT), Mexico; Milan O. Urban, International 
Center for Tropical Agriculture (CIAT), Colombia; and Jan Jarolímek, 
Czech University of Life Sciences (CZU), Czech Republic

1  Introduction 263



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Contents ix

2 Crop growth models to understand gene × environment × management 
interactions 264

3  The role of crop simulation modelling in envirotyping 265
4  The role of crop models in defining phenotyping methods and targets 268
5 Crop models of the future: how can they gain from the current 

developments in phenotyping? 272
6  Integrating statistical genetic models and crop growth models (SGM–CGM) 273
7  Where to look for further information 276
8 References 276

Part 5 Case studies

11 Using phenotyping techniques to analyse crop functionality and 
photosynthesis 285
Eva Rosenqvist, University of Copenhagen, Denmark

1  Introduction 285
2 Understanding photosynthesis and its relationship to crop growth and 

stress response 286
3  Phenotyping photosynthesis in varying environmental conditions 289
4  Using gas exchange to analyse photosynthesis 292
5  Using porometry and thermal imaging of gs and hyperspectral techniques 301
6  Using chlorophyll fluorescence 302
7 Photosynthesis and climate change: accounting for heat stress, drought 

stress and elevated CO2 308
8  Case studies 310
9  Conclusions 314

10  Where to look for further information 315
11 References 316

12 Using phenotyping techniques to predict and model grain yield: 
translating phenotyping into genetic gain 325
Thomas Vatter and José L. Araus, University of Barcelona and 
AGROTECNIO (Center for Research in Agrotechnology), Spain

1  Introduction 325
2  Boosting genetic gain in grain yield by focusing on phenomics 327
3  Stomatal conductance 335
4  Functional stay green 336
5  Case study 337
6  Conclusion and future trends 340
7  Where to look for further information 341
8 References 341



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

 Contentsx

13 Automated assessment of plant diseases and traits by sensors: how  
can digital technologies support smart farming and plant breeding? 351
Anne-Katrin Mahlein, Institute of Sugar Beet Research, Germany; 
Jan Behmann, Bayer Crop Science, Germany; David Bohnenkamp, 
BASF Digital Farming GmbH, Germany; René H. J. Heim, 
UAV Research Centre (URC), Ghent University, Belgium; and 
Sebastian Streit and Stefan Paulus, Institute of Sugar Beet Research, 
Germany

1  Introduction 351
2  Digital plant disease detection 352
3  Complexity of host–pathogen interactions 355
4  Complexity in a crop stand 358
5  Case study: application of deep learning to foliar plant diseases 359
6  Summary 364
7  Future trends in research 366
8  Where to look for further information 367
9  Acknowledgements 367

10 References 367

Index  373



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Introduction
Plant phenotyping is rapidly developing technology that involves the 
quantitative analysis of structural and functional plant traits. It is widely 
recognised that phenotyping needs to match similar advances in genetics if it 
is to not create a bottleneck in plant breeding.

This volume reviews the wealth of research on advances in plant 
phenotyping for more sustainable crop production, focusing on new 
technologies such as optical and thermographic sensors, as well as alternative 
carrier systems such as field robots and unmanned aerial vehicles (UAVs). The 
book is split into five parts: Part 1 examines the development of phenotyping as 
a research field, chapters in Part 2 describe the different sensor types that can 
be used and Part 3 chapters look at the use of carrier and delivery systems in 
crop phenotyping. Chapters in Part 4 review data analysis in crop phenotyping 
systems. The three final chapters of the book in Part 5 provide case studies on 
using phenotyping techniques in different settings.

Part 1 The development of phenotyping as a research field
The book opens with a chapter that focuses on origins and drivers of crop 
phenotyping. Chapter 1 begins by outlining how plant phenotyping has 
developed over recent decades, driven by factors such as advances in 
optical sensors, image analysis and automation as well as multidisciplinary 
cooperation in establishing facilities for high throughput plant phenotyping. 
The chapter also describes successful uses of plant phenotyping and stresses 
the importance of collaboration in further development, particularly to address 
emerging potential bottlenecks such as management of data to enable 
interoperability. It highlights the development of networks across centres and 
why plant phenotyping will always require multi-disciplinary and multi-site 
resources and expertise to improve the knowledge about plant-environment 
interactions.

Chapter 2 examines the evolution of trait selection in breeding. It first 
outlines a historical basis for plant selection and examines the areas in which 
sensor technology has evolved from our eyes to the application of proximal 
and remote sensing. The chapter also discusses the use of none-invasive 
methods that can aid with selection of crop characteristics critical for improving 
yield potential, such as photosynthesis and partitioning-related traits, as well 
as the detection of traits that help protect yield, related to disease and lodging 
resistance. It also examines how trait selection could look in the future.
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Part 2 Sensor types
The first chapter of Part 2 reviews advances in optical analysis for crop 
phenotyping. Chapter 3 begins by focusing on optical sensors and the recently 
published literature in this area. The chapter also provides a comparison of 
advantages and disadvantages between the different sensor options. Moreover, 
several challenges related to the application of optical sensors are discussed. 
These include the distribution of stresses, compounds and colour across the 
canopy, but also the complexity of the canopy’s 3D structure, diurnal changes 
in plants and the impacts of rapidly changing environmental conditions. The 
chapter also provides potential solutions to these challenges through the 
inclusion of case studies and it discusses relevant technology trends.

The subject of Chapter 4 is advances in the use of thermography in 
crop phenotyping. The chapter first describes the foundational theory of 
thermography and then goes on to highlight the principles of thermography 
measurements. The chapter discusses the different technologies and 
procedures currently in use and what their limitations are. Two case studies 
demonstrate the use of thermography phenotyping in different settings. 
The first focuses on thermography phenotyping in plant breeding and the 
second case study focuses on the application of thermography phenotyping 
in Australian environments. Sections on the main challenges and future trends 
of thermography in crop phenotyping conclude this chapter, highlighting the 
relevance of airborne imaging because this can facilitate simultaneous analyses 
of a high number of plots.

Chapter 5 examines advances in the use of X-ray computed tomography 
in crop phenotyping. The chapter addresses the physical basis and the most 
relevant hardware components of a computed tomography system used for 
crop phenotyping. The chapter reviews different system setups and ways of 
acquiring a computed tomography dataset. It also discusses the post processing 
of the generated data using specialized algorithms for segmentation. For 
above- and belowground phenotyping applications two examples are shown 
to present the utilization of X-ray computed tomography for crop phenotyping: 
Belowground phenotyping of potato tubers and aboveground phenotyping of 
wheat ears.

Part 3  Carrier/delivery systems
Part 3 begins with a chapter that focuses on the use of field robots for plant 
phenotyping. Chapter 6 first provides an overview of current research on 
different morphologies of plant-phenotyping robots and state-of-the-art sensors 
and technologies for automatic plant phenotyping. The chapter summarises the 
advantages of and problems associated with this research field and presents 
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prospects for future development. Platforms are developed in many variations, 
with some being capable of carrying high loads and allowing simultaneous 
measurements with multiple sensors. A section on sensors and technologies for 
phenotyping field robots is also provided, which is then followed by an analysis 
of using robotic arms for fruit phenotyping and harvesting, before providing 
a summary of how using field robots for phenotyping can improve the overall 
collection of phenotypic information from crops.

Chapter 7 examines the advances in high-throughput crop phenotyping 
using unmanned aerial vehicles (UAVs). The chapter first discusses approaches 
to UAV remote sensing and data analysis for high-throughput field phenotyping 
and ecophysiological research. The chapter reviews the use of UAV remote 
sensing to measure key plant traits through a plant’s lifetime: canopy cover; 
leaf area index; plant emergence, density and tillering; plant height, growth 
and lodging; biomass; flowering, fruiting and yield; senescence; and canopy 
temperature. The chapter concludes with reflections on the need for plant 
scientists and remote sensing specialists to interact closely with each other for 
unlocking the full potential of their data in the interest of a more sustainable 
agriculture.

Part 4 Data analysis
Part 4 opens with a chapter that focuses on the advances in computer vision 
(CV) and crop phenotyping through data challenges. Chapter 8 begins by 
reviewing the key dimensions that should be considered in CV applications in 
plant phenotyping, focusing specifically on dimensions such as trait or scenario, 
plant type and organ and scale. The chapter also examines the technical issues 
such as hardware constraints and various data analysis needs. An analysis of 
the Computer Vision Problems in Plant Phenotyping (CVPPP) Workshop is also 
included, focusing on how the CVPPP workshop not only helped to attract experts 
already interested in the area, but also attracted new researchers. The chapter 
then goes on to discuss the various data challenges and how these can be used 
to accelerate progress in CV techniques, such as leaf counting and segmentation. 
This is followed by a review of recent agriculture-related CV challenges.

The subjects of Chapter 9 are digital phenotyping and how genotype-to-
phenotype (G2P) models are implemented to predict complex traits in cereal 
crops. The chapter first reviews the use of digital phenotyping as a tool to 
support breeding programmes, then goes on to examine various G2P models 
and how the data collected from phenomics and envirotyping can be used 
in predictive breeding. The current status of statistical models to incorporate 
secondary traits in univariate and multivariate models, as well as how to better 
handle longitudinal traits - such as light interception, biomass accumulation or 
canopy height - is also reviewed.
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Chapter 10 examines the role of crop growth models in crop improvement: 
integrating phenomics, envirotyping and genomic prediction. The chapter 
shows how crop models can be used to explore knowledge of phenotype, 
environment and genotype to better understand and predict their complex 
interrelationships. It describes how crop growth models have been used 
in envirotyping and in setting targets for phenotyping programmes. It also 
describes current limitations in modelling, how these are being addressed as 
well as emerging trends.

Part 5 Case studies
The final part of the book begins with a chapter that addresses using 
phenotyping techniques to analyse crop functionality and photosynthesis. 
Chapter 11 first reviews the relation of photosynthesis to crop growth and 
stress response. It then goes on to examine phenotyping photosynthesis in 
varying environmental conditions, focusing specifically on climate effects and 
photosynthesis. A section on using gas exchange to analyse photosynthesis 
is also included, which is then followed by a review of using porometry and 
thermal imaging of stomatal conductance and hyperspectral techniques. The 
chapter also provides a review of using chlorophyll fluorescence and analyses 
how photosynthesis can be affected by heat stress, drought stress and elevated 
carbon dioxide levels in the atmosphere. Four case studies analysing these 
effects are also provided.

Chapter 12 examines the use of phenotyping techniques to predict and 
model grain yield: translating phenotyping into genetic gain. The chapter 
describes the importance of boosting genetic gain in grain yield by focusing on 
phenotypic traits such as plant height, flowering time, aboveground biomass 
and ear density. A section on stomatal conductance is also provided, which is 
then followed by a review of the functional ‘stay green’ trait. A case study that 
analysed the difference between the data obtained from advanced sensors, 
digital cameras and UAV technology assessing grain yield in wheat in Spain is 
also provided.

The final chapter of the book focuses on the automated assessment of plant 
diseases and traits by sensors, as well as how digital technologies can support 
smart farming and plant breeding. Chapter 13 begins by providing an overview 
of digital plant disease detection, focusing on aspects such as non-invasive 
technologies, motivation, optical sensors and the combination with data analysis 
and carrier platforms at different scales. The chapter moves on to address the 
complexity of host-pathogen interactions as well as the complexity in a crop 
stand. A case study that examines the application of deep learning to foliar plant 
diseases is also included, which is then followed by a summary of why developing 
digital technologies is important in improving plant disease detection.
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1  Introduction
Understanding the phenotype of plants is essential in the context of food or 
biomass production from crops, for efficient use of resources such as water 
or nutrients or in understanding plant ecological performance. All these 
depend on the interaction between plant genetic makeup and the prevailing 
environment. Understanding multidimensional plant–environment interactions 
has a long history in the eco-physiological sciences. The subject gained new 
momentum when genomics technologies became available about three 
decades ago. An increasing number of plant genome projects were initiated 
to analyse the genetic makeup of plants. Within the last few decades, about 
600 genome assemblies from different plant species have been made available 
in public repositories (Kersey, 2019). Crop species dominated initially but a 
wider range of plants, including non-domesticated species, have now been 
analysed. In parallel with these developments, there have been advances in 
technologies to modify plant genetics. Recent progress in genetic engineering 
–specifically CRISPR/CAS9 – provides ʻ…enormous power in this genetic tool, 
which affects us all. It has not only revolutionised basic science but also resulted 
in innovative crops and will lead to ground-breaking new medical treatmentsʼ, 
to quote Claes Gustafsson, chair of the Nobel Committee for Chemistry. (https 
:/ /ww  w .nob  elpri  ze .or  g /pri  zes /c  hemis  try /2  020 /p   ress-  relea  se/).

Origins and drivers of crop phenotyping Origins and drivers of crop phenotyping
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However, genetic makeup provides only one element that determines 
the phenotype of a plant. Genes are the toolbox with which a plant can 
work when the plant is exposed to challenges – especially abiotic and biotic 
environment – in real life. Plant phenotyping is the process of quantitatively 
characterising the structural and functional properties of a phenotype within 
a dynamic environment. It is the next step beyond genotyping towards an 
integrated understanding of plant–environment interactions (Fig. 1). Based on 
a wealth of research, in the late 1990s plant phenotyping started to integrate 
genomics and eco-physiological perspectives into a more holistic approach. 
New methods for high-throughput phenotyping were based on technologies 
like computers, optical sensors and automation. It is worth remembering that 
computers only became generally accessible in the 1990s – a fact that we often 
forget given their ubiquity today. High-throughput genotyping revolutionised 
our understanding of the genetic makeup of plants. This development then 
increased the need for quantitative assessment of the phenotype as a basis for 
understanding plant–environment interactions and for breeding applications.

The challenges posed by the complexity of plant structures and functions 
and their environmental plasticity continue to drive research. This research 
requires dynamic assessment of individual plant organs, developmental stages, 
entire canopies or plant processes. These components are interconnected. 
A change in one has an impact on the others and, in turn, the whole plant 
and its interactions with the environment. Continuous measurements with 
non-invasive technology have provided the key to connecting phenotypic 
dynamics, molecular properties and environmental dynamics to create models 
to visualise and predict these complex interrelationships and transfer them into 
applications such as breeding.

Phenotypic data are pivotal to understanding quantitative traits which are 
under polygenic control. Quantitative description of a phenotype is extremely 
challenging. It ranges from subcellular, cellular, tissue and organ levels up to 
the level of the whole organism or even the arrangement of individual plants 
in a stand. These different levels must be analysed in the context of dynamic 

Figure 1 Multidimensional system addressed by plant phenotyping. 
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environmental conditions in space and time (Pieruschka and Poorter, 2012). 
Houle et  al. (2010) described this relation using genotype–phenotype maps 
to determine the phenotypic state that organisms occupy within the overall 
space of possible phenotypes, taking into account phenotype response to 
variation in environmental conditions within a complex multidimensional 
system (Fig. 1). This level of analysis requires robust and accurate measurement 
technologies (technology development), integration of technologies in 
phenotyping infrastructures and applications (phenotyping infrastructures), 
use of phenotyping systems in interaction with plant material which has been 
properly characterised in its genetic setup (genotype analysis) and with analysis 
of its often dynamic (bio-)chemical composition (chemical phenotype). Only 
by combining all these dimensions in adequate temporal and spatial domains, 
can a mechanistic understanding of interactions of genetics, structural, 
physiological and environmental processes be made. Since this is the basis 
for crop improvement, a concerted effort is essential to further advance 
the quantitative understanding of crops in a dynamic environment. This is 
particularly important with multiple grand challenges related to feed and food 
for a growing population in times of climate change (FAO, 2017).

Selection based on phenotypic traits has been the basis for crop 
improvement for thousands of years and has been fundamental for breeding 
from the beginning of crop domestication until genetic tools became available. 
Wheat is an outstanding example where phenotypic selection based on traits 
such as large seeds, plants with low toxicity and reduced seed dispersal was 
essential for adaptation of plants to crop cultivation. The success of using early, 
non-quantitative phenotyping was vital to the shift from hunter-gatherer to 
agricultural societies, and it stimulated the development of cities and modern 
civilisations. The increased understanding of genetics, which became available 
during the Green Revolution, allowed genetic improvement towards much 
higher-yielding varieties through the introduction of dwarfing traits with huge 
increases in wheat yield (Vergauwen and De Smet, 2017). The development of 
various DNA/gene marker technologies shifted the emphasis of breeders from 
selection based on phenotypes to marker-assisted methods based on access 
to cheap sequencing methods (Collard and Mackill, 2008). Phenotypes were 
linked to DNA-markers which could then be used to assess crossing material 
without expressing the phenotype at each step of the selection process. This 
has been critical to the success of modern breeding. One study has shown that, 
on average and across all major arable crops cultivated in Europe, quantitative 
phenotyping contributes approximately 74% to overall productivity growth 
(Noleppa, 2016).

Plant phenotyping has been recognised as one of the major limitations 
to further advances in breeding and pre-breeding (Watt et al., 2020). Progress 
in phenotyping requires improved technology and access to state-of-the-art 
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methods and facilities, as well as dissemination of novel technologies to 
phenotype an increasing diversity of traits under controlled and field conditions 
above and belowground. These must be combined with integrated data 
management techniques to allow reuse of data.

This chapter outlines how plant phenotyping has developed over recent 
decades, driven by factors such as advances in optical sensors, image analysis 
and automation as well as multidisciplinary cooperation in establishing facilities 
for high throughput plant phenotyping. The chapter describes successful uses 
of plant phenotyping and stresses the importance of collaboration in further 
development, particularly to address emerging potential bottlenecks such as 
management of data to enable interoperability.

2  Technological progress in plant phenotyping
The terms phenotype and genotype were first mentioned over a hundred 
years ago and quantitative plant phenotyping has been a central element of 
eco-physiological research ever since (Johannsen, 1903, 1911). Over the past 
two decades, however, there has been a dramatic increase in the accuracy and 
speed of phenotyping with new technologies in high-throughput based on 
huge volumes of genetic information from next-generation sequencing. Since 
then, plant phenotyping has made impressive progress, developing novel 
sensors and imaging techniques able to quantitatively measure a wide range 
of traits at many spatial scales and in many different temporal dimensions. 
Quantitative phenotyping to understand the interaction between plants and 
environmental conditions is now possible, using low and high-throughput 
phenotyping for quantitative screening of a high number of genotypes under 
well-defined conditions at cellular, organ, plant and canopy levels under a 
variety of environmental conditions.

This progress in phenotyping can be seen in the massive increase in the 
number of publications addressing plant phenotyping from around 2010 
(Costa et al., 2019). This period coincides with the development of tools for 
quantitative assessment of plant traits that allowed the matching of phenotypic 
analysis with genetic information from DNA sequencing.

Non-invasive imaging sensors and computer vision technologies have 
significantly improved measurement of plant traits. These were based on 
the rapid increase in affordable and robust imaging systems in the 1990s 
following the development of digital imaging sensors (Blais, 2004). Non-
invasive technology initially focused on recording time series at the level of 
single organs in single (or a few) plant(s). Schmundt et al. (1998) were able to 
demonstrate the temporal and localised character of growth in leaves of Ricinus 
communis and tobacco with growth restricted to the base of the leaf and to a 
few hours at the end of the night and the start of the day. The ability to obtain 
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high-resolution time-lapse videos, paired with development of algorithms in 
image analysis, represented a substantial advance in understanding growth 
processes. The progress was possible by linking image analysis expertise 
with plant physiology. Similar examples include characterisation of growth of 
primary roots (Walter et al., 2002) and functional imaging of photosynthesis 
(Genty and Meyer, 1995).

Newly developed imaging systems and the increasing number of image 
analysis programs led to the next step in the evolution of phenotyping. These 
phenotyping approaches were integrated into automated systems allowing 
increasingly high throughput. Automated systems first addressed phenotyping 
of small plants such as Arabidopsis to measure growth dynamics (Granier 
et al., 2006) or Arabidopsis and tobacco seedlings to measure growth and 
photosynthetic properties (Jansen et al., 2009). These marked an important 
step towards measuring genetic variability. The importance of imaging 
approaches in plant phenotyping can be seen in the growth in publications 
using the terms plant phenotyping with different types of imaging over the 
last decade (Fig. 2). This analysis shows that functional imaging (spectral, 
hyperspectral, thermal) also grew over the same decade. Merging these 
different imaging modes (sensor fusion) may become an important tool in 
the future, enabling simultaneous monitoring of the dynamics of structural 
and functional properties by combining measurement of 3D plant structure 
with spectral measurements (Paulus, 2019). Increased use of imaging can be 
expected with the development of affordable, mobile technologies providing 
high-quality images (Mueller-Linow et al., 2019; Reynolds et al., 2019).

Many of the ongoing developments in plant phenotyping are driven by 
developments in non-invasive sensors providing information from the entire 
electromagnetic spectrum. A wealth of information can be obtained from 
data from reflected, transmitted or emitted radiation. The magnetic resonance 

Figure 2 Number of publications using imaging technology. Web of Science (Clarivate 
Analytics) was used for a simple evaluation of publications within the last 10 years with 
search terms: phenotyping x imaging, spectral imaging, hyperspectral imaging, thermal 
imaging and sensor fusion. 



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Index

Active chlorophyll fluorescence imaging 49
Aerial remote-sensing platforms 156
Agronomic trait prediction 230
Airborne thermography method 109
Amenability 210
ANN. see Artificial neural network (ANN)
ANU. see Australian National University 

(ANU)
APPF. see Australian Plant Phenomics Facility
APSIM simulation outputs visualization 267
Artificial intelligence (AI) approaches 141
Artificial neural network (ANN) 85
Arvento 312
Australian National University (ANU) 11
Australian Plant Phenomics Facility 

(APPF) 10, 161
Automated assessment of, plant diseases 

and traits
case study, foliar plant diseases

classification accuracy and 
discussion 362–363

deep learning approach and 
experimental set-up 359–361

description of, leaf diseases 359
improved interpretation 362
optimization phase results 361
synopsis 364

complexity of, crop stand 358–359
complexity of, host–pathogen interactions

biotrophic fungi 357
factors influence 355
sensor signals 357
spectral signatures of, wheat 

diseases 356
spectral vegetation indices (SVIs) 357

future trends 366–367
sensor 351–352
synopsis 364–366

technology 351–352
Automated systems 7, 366

Beam geometry 134
Beam hardening 129
Bipolar tubes 126
Blackbody 101
Boston Dynamics, 160
Breeding pipelines 238

Canopy photosynthesis 288
Canopy temperature (CT) 99
Cell walls 46
CGMs. see Crop growth models (CGMs)
Chemometric techniques 185
Chickpea growth 270
Class activation maps (CAM) 362
CNN. see Convolutional neural network 

(CNN)
Commonwealth Scientific and Industrial 

Research Organisation (CSIRO) 11
Complex phenotyping 8
Computer vision (CV) challenges

data challenges
counting objects 210
FAIR principles 210–211
instance segmentation 209–210
plenoptic segmentation 209–210
semantic segmentation 209

finding data sets 214–215
recent agriculture-related 211

agriculture-vision 213
crop detection, satellite imagery 213
Cross-Language Education and 

Function (CLEF) 212
global wheat challenge 212
leaf segmentation and counting 211–

212



Index374

© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

plant pathology 213
semantic segmentation and biomass 

composition 214
wheat rust challenge 212–213

Computer Vision for Agriculture 
(CV4GC) 212–213

Computer Vision Problems in Plant 
Phenotyping (CVPPP) 
workshop 208–209

Computer vision technologies 6
Confusion matrix 363
Convenience 211
Convolutional neural network (CNN) 164, 

360, 365
Coverage-based approaches 186
Crawler robots 160
Crop growth models (CGMs) 263–264, 273

crop simulation modelling role, 
envirotyping

breeding community 266
CI programs 268
independent envirotyping 265–266
integrative envirotyping 266

digital agri-system twins 265
further information 276
future crop models 272–273
modelling and simulation systems 264
physiology disciplines study 264
role of, phenotyping methods and targets

breeding programs 268
controlled conditions 271
generic models 269
integrative envirotyping 268–269
target phenotypes 271

statistical genetic models and crop 
growth models (SGM–CGM) 273–
276

Crop management 30
Crop phenology 229
Crop phenotyping. see also individual entries

community integration 9–13
future trends 19–20
overview 3–6
sustainable intensification of, crop 

production 14
field phenotyping 17–19
root phenotyping 15–17
utilisation of, genetic resources 14–15

technological progress 6–9
Crop production 325
Crop surface models (CSMs) 187

CSIRO. see Commonwealth Scientific and 
Industrial Research Organisation 
(CSIRO)

CSMs. see Crop surface models (CSMs)
CT. see Canopy temperature (CT)

DARLING 47
DDA. see 2D detector array (DDA)
Decision tree-based segmentation 

techniques 183
Deep learning (DL) 37, 365

models 359, 361
regression 75

Deep rooting genotypes 17
Degree of freedom (DOF) 166
Digital phenotyping tool 226–227

envirotyping 225–226
high-throughput plant phenotyping 

(HTPP) 225
integrative secondary traits 235–236
multi-sensor secondary traits 

modelling 230
arithmetic combination of secondary 

phenotypes 230–231
multi-linear/non-linear 

regression 231–233
partial least square regression 

(PLSR) 233–235
rapid screening of, populations 224
remote sensing technologies and 

methods 224
simple secondary traits 227

morphological traits 227–228
phenological traits 229–230
physiological traits 228–229

Digital plant disease detection 353
carrier platforms and different 

scales 354–355
motivation 353
non-invasive technologies 352–353
optical sensors and combination, data 

analysis 353–354
DL. see Deep learning (DL)
DOF. see Degree of freedom (DOF)
Doubled-haploid (DH) lines 109
Dry matter (DM) partitioning to yield 41

Electrical signals 162
Electron transport chain 286
Elevated CO2 (eCO2) 309–310
Emissivity surface 101



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Index 375

EMPHASIS. see European Infrastructure for 
Multi-scale Plant Phenotyping and 
Simulation (EMPHASIS)

Encoder–decoder networks 137
Environment interactions (GEI) 237
EPPN2020, 11
ESFRI. see European Strategy Forum for 

Research Infrastructures (ESFRI)
ESFRI internationalisation strategy 13
European Infrastructure for Multi-scale 

Plant Phenotyping and Simulation 
(EMPHASIS) 11

European Strategy Forum for Research 
Infrastructures (ESFRI) 11

FAIR principles 141, 210–211
FCN. see Fully convolutional network (FCN)
FDD. see Focus detector distance (FDD)
Feasibility 210
Feldkamp artifact 135
Field-of-view (FOV) 104
Field Phenotyping Platform (FIP) 181
Field-planting areas 158
Field robots, plant phenotyping

field-phenotyping robot 158–159
design of current field robots 159–

161
fruit phenotyping and harvesting, robotic 

arms 165–166
future trends 166–168
overview 153–157
sensors and technologies 161–165
specific challenges associated 157–158

Field Scanalyzer 181
Fieldwork 158
FIP. see Field Phenotyping Platform (FIP)
FlyBy 134
Focus detector distance (FDD) 131
Focus object distance (FOD) 131
Fourier transform near-infrared (FT-NIR) 46
FOV. see Field-of-view (FOV)
Fraction of transpirable soil water 

(FTSW) 309
Fruit harvesting 165
FT-NIR. see Fourier transform near-infrared 

(FT-NIR)
Fully convolutional network (FCN) 162

G2P models. see Genotype-to-phenotyping 
(G2P) models

Gantry system 133
Gartons Agricultural Plant Breeders 32

GBSSs. see Ground-based static sensors 
(GBSSs)

GCPs. see Ground control points (GCPs)
Gene editing 33
Genetic gain

boosting of
aboveground biomass 332–333
breeder’s equation 327
breeding programs 328
development and application 327
ear density 333–335
flowering time 331–332
highthroughput phenotyping 

(HTP) 328–339
phenotyping benefits 330
plant height 330–331
trait heritability importance 328

case study
durum wheat 338
HTPP images 340
Mosaic tool 339
remote sensing methods 337
RGB cameras 338

functional stay green 336–337
future trends 340–341
stomatal conductance

definition 335
thermal imagery 335–336
traditional phenotyping 335

synopsis 340–341
Genomic selection (GS) 223

application of 326
Genotypes comparison 313
Genotype-to-phenotyping (G2P) models

breeding programs
envirotyping 237
frameworks 238–239
grain yield 238
routine of, breeding pipelines 238
schematic representation, integration 

HTPP data 239
types of, statistical models 237

combining HTPP data 240
longitudinal (time-series) traits 245–

246
multivariate predictive 244–245
univariate predictive 240–241, 244

incorporating HTPP secondary 
traits 242–243

German Plant Phenotyping Network 11
GLCM. see Gray-level co-occurrence 

matrices



Index376

© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Global food production 285
Global population predict 325
Global positioning system (GPS) 161
Global Wheat Head Dataset 189
GPR. see Ground-penetrating radar (GPR)
GPS. see Global positioning system (GPS)
GPS/real-time kinematic (RTK) 164
Grain yield

evaluation 224
goal 326

Gray-level co-occurrence matrices 
(GLCM) 72

Green revolution (GR) 326
GreenSeeker 155
Ground-based phenotyping systems 18
Ground-based static sensors (GBSSs) 105
Ground control points (GCPs) 182
Ground-penetrating radar (GPR) 47
Ground sampling distance (GSD) 181

Handy phenotyping traits 33
Harvest index (HI) 40, 41
High Resolution Plant Phenomics Centre 11
High-throughput genotyping 4
High-throughput phenotyping (HTP) 33, 

331, 337, 340. see also Unmanned 
aerial vehicles (UAVs)

High voltage (HV) supply 126
Hyperspectral data cube 355

Imaging sensors 162
IMU. see Inertial measurement unit (IMU)
Incentives 211
Inertial measurement unit (IMU) 161, 164
Infrared gas analyser (IRGA) 301
Innovative smart farming approaches 351
Integrated Plant Management (IPM) 352
International Plant Phenotyping network 

(IPPN) 13, 51

Kernel partial least squares regression 
(KPLSR) 75

LAI. see Leaf area index (LAI)
Lambert–Beer Law 128, 129
Latin American Plant Phenomics Network 

(LatPPN) 13
Leaf area index (LAI) 154, 182
Leaf nitrogen concentration (LNC) 71
Legged Squad Support System (LS3) 160
LiDAR. see Light detection and ranging 

(LiDAR)

Light compensation point (LCP) 293
Light detection and ranging (LiDAR) 75, 76, 

154, 164
sensor 337

Light-emitting diodes (LED) 292
Lightweight field robots 156
Linear detector array 134
Linear nonparametric regression 

methods 185
LNC. see Leaf nitrogen concentration (LNC)
Lodging 187
Long-wave infrared (LWIR) 102
LS3. see Legged Squad Support System (LS3)
LWIR. see Long-wave infrared (LWIR)

Machine learning. see Computer vision (CV) 
challenges

Machine learning regression algorithms 
(MLRAs) 185

Machine learning techniques 9
Magnetic resonance imaging (MRI) 16
Magnification factor 131
Marker-assisted selection (MAS) 326
Mask R-CNN 165
Metal crab 160
Mixed-model perspective 241
MLRAs. see Machine learning regression 

algorithms (MLRAs)
Mock drone system 83
Monoblock type X-ray tube 126
MRI. see Magnetic resonance imaging (MRI)
Multi-rotor UAVs 182
Multivariate linear mixed model 

(MegaLMM) 245
Multiview imaging 184

NaPPN. see North American Plant 
Phenotyping Network (NaPPN)

NDVI. see Normalized differences vegetation 
index (NDVI)

Near-infrared (NIR) 73
Netherlands Plant Eco-phenotyping Centre 

(NPEC) 154
NOA. see Number of angles (NOA)
Non-invasive imaging sensors 6
Non-photochemical quenching (NPQ) 39
NOP. see Number of detector pixels (NOP)
Normalized differences vegetation index 

(NDVI) 35, 36, 73, 185, 228–229, 
233, 337

North American Plant Phenotyping Network 
(NaPPN) 13



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Index 377

NPEC. see Netherlands Plant Eco-
phenotyping Centre (NPEC)

NPQ. see Non-photochemical quenching 
(NPQ)

Number of angles (NOA) 134
Number of detector pixels (NOP) 134
Nutrient availability, photosynthesis 288
Nyquist Theorem 134

Open type X-ray tubes 125
Optical analysis, crop phenotyping

diurnal variance and environmental 
calibration 83–85

future trends 85–87
LeafSpec 82–83
optical sensing challenges

environmental impacts 81–82
leaf surface slope impact 78–79
plants’ diurnal changes 80–81
variance in pigments, nutrients and 

stresses across canopy 77–78
optical sensors

3D LiDAR and thermal cameras 75–
77

multispectral and hyperspectral 
cameras 74–75

near-infrared-enabled RGB 
cameras 73–74

red–green–blue (RGB) cameras 71–72
overview 69–71

Optical plant sensing 70

Partial least squares regression (PLSR) 75
Pathogen infections 48
PET. see Positron emission technology (PET)
PhenoField gantry robot 159
PHENOME 11
Phenomic selection 241
PhenoMobile®, 161
Phenomobiles 18
Phenotyping 153. see also individual 

entries
Phenotyping open-field robots 158
Phenotyping photosynthesis

case studies
effect of drought stress, tomato 313–

314
high and low throughput, wheat heat 

stress 310–311
low throughput, tomato heat 

stress 312–313
screening of heat stress, tomato 313

chlorophyll fluorescence
abiotic stresses 305
camera-based modulated 306
de-excitation pathways 302–303
genetic differences 306
high-throughput 307
laser 307
light, direct and indirect effect 305
light absorption 303–304
low-throughput 307
nomenclature modulated 304
non-photochemical quenching 

(NPQ) 304–305
photochemistry 302–303
vs. physiological measurements 306

climate change 308
drought stress 309
elevated co2, 309–310
heat stress 308–309

crop growth and stress response
and growth 287–288
mechanisms and improvement 286
stress effects 288–289

environmental conditions
climate effects 290–292

further information 315
gas exchange analyse 292

CO2 response 296–299
light response curve 293–296
measurements, fluctuating light 301
point measurements 292–293
stomatal effects 299–301

hyperspectral techniques 302
porometry, thermal imaging 301–302
selected references on 293
synopsis 314–315

Phenotyping platforms category 329
Photodiode 131
Photoinhibition 296
Photosynthesis 285–286
Photosynthetic light response curve 291
Photosynthetic photon flux density 

(PPFD) 293
Pixel-to-pixel sensitivity 107
Planck’s law 100
The Plant Accelerator in Adelaide 11
Plant phenotyping

CV/ML challenges (see Computer vision 
(CV) challenges)

dimensions of 204
data analysis 206
imaging technique 205–206



Index378

© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

scale 205
trait/scenario 204–205
type and organ 205

DNNs and ML techniques 206
further information 217–218
imaging techniques 203–204
quantitative description 204
solutions 207
synopsis 215–217
training and testing data 206

Plant Screen Mobile 15
PLSR. see Partial least squares regression 

(PLSR)
Portable ground spectrometers 162
Positron emission technology (PET) 16
Precision phenotyping traits 33
Predictive G2P model, HTPP secondary 

traits 242–243
PROSAIL model 79
Proximal sensing mode 82
Pushometer 47

Quantitative trait locus (QTL) 15, 310–311
Quantum detectors 106

Radiative transfer models (RTMs) 37
Radiometric ground control points 

(RCPs) 182
Random regression model (RRM) 246
RCPs. see Radiometric ground control points 

(RCPs)
Reactive oxygen species (ROS) 39
Recombinant inbred lines (RILs) 109
Reproducibility 211
RGB image processing pipeline 334
Rhizotrons 157
RILs. see Recombinant inbred lines (RILs)
Root phenotyping 16
Root system architecture (RSA) 124
ROS. see Reactive oxygen species (ROS)
RSA. see Root system architecture (RSA)
RTK. see GPS/real-time kinematic (RTK)
RTMs. see Radiative transfer models (RTMs)

SATs. see Stomatal aperture-related traits 
(SATs)

Sensor technologies 154
SfM. see Structure from motion (SfM)
SGM–CGM set-up 275
Short wave infrared (SWIR) region 75
Signal-over-noise ratio (SNR) 86

Simultaneous localization and mapping 
(SLAM) 164

Single-image normalized difference 
vegetation index (SI-NDVI) 154

SLAM. see Simultaneous localization and 
mapping (SLAM)

SNR. see Signal-over-noise ratio (SNR)
SPAD 502 Plus Chlorophyll Meter’s 

measurement 77
Spectral reflectance indices (SRI) 36
Spectral signatures of, wheat diseases 356
Spectral vegetation indices (SVIs) 357
Spectroscopy 37
Spot robot 161
SRI. see Spectral reflectance indices (SRI)
Stay-green phenotypes 190
Stefan–Boltzman law 101
Stomatal aperture-related traits (SATs) 111
Stop & Go measurement mode 134
Stress detection 314
Structural biomass of crop straw/stalk/stem/

culm 46
Structure from motion (SfM) 227

algorithm 72
technique 76, 187

Support vector regression (SVR) 75
Sustainable crop production 14. see also 

individual entries
SWIR. see Short wave infrared (SWIR) region

TERRA-MEPP. see Transportation Energy 
Resource from Renewable 
Agriculture Mobile Energy-crop 
Phenotyping Platform (TERRA-
MEPP)

Terrestrial and aerial platforms 50
Thermal imaging 302
Thermography, crop phenotyping

in Australian environments 112–113
challenges 113–114
foundational theory 100–101
future trends 114–115
methods and technologies 103

airborne thermography 107–108
ground-based static sensors 

(GBSSs) 105–106
hand-held infrared thermometers 

(HHIRTs) 103–105
thermal cameras 106–107

overview 99–100
in plant breeding 110–112



© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Index 379

principles of thermography 
measurement 102

traits measured 108–109
heritability of canopy temperature 

phenotype 109–110
3D crop surface model (CSM) 72
3D-CT 134
Three-dimensional convolutional neural 

network (3D-CNN) 359–360, 366
Three light response curves 294
TPE approach 267–268
Track robots 159
Trait heritability importance 328
Trait selection breeding

characterization of, parents and gene 
discovery panels

fluctuating light and photoprotection, 
plant response improvement 39–
40

sensing photosynthesis 38–39
future trends 49–51
improving lodging resistance, cereals 44

chemical composition of, structural 
biomass 46

digital pushomics 47
lodging models and traits 44–46
remote sensing for lodging 47

overview 29–31
phenotypic selection, plant 

breeding 32–35
plant selection

industrial age 31–32
prehistory 29–31

progeny and large-scale genetic 
resources

remote sensing (RS) 35–38
visual scores and proximal sensing 35

selecting for disease resistance 47–49
spike fertility and partitioning to 

yield 40–43
Transportation Energy Resource from 

Renewable Agriculture Mobile 
Energy-crop Phenotyping Platform 
(TERRA-MEPP) 160

Tuber growth 138
2D detector array (DDA) 134

UAVs. see Unmanned aerial vehicles (UAVs)
UGVs. see Unmanned ground vehicles 

(UGVs)
U-net 136
Unipolar X-ray tubes 126

University of Arizona’s Maricopa Agricultural 
Center 160

Unmanned aerial vehicles (UAVs) 18, 154
biomass 187–189
canopy cover and leaf area index 182–

183
absorption-based leaf area 

estimation 184–185
image segmentation, leaf area 

estimation 183–184
canopy temperature 190–191
flowering, fruiting and yield 

estimation 189
future trends 191–192
overview 179–180
plant emergence, density and 

tillering 186
plant height, growth and lodging 187
remote sensing tools

flight protocols 182
UAVs 180–182

senescence 189–190
Unmanned ground vehicles (UGVs) 155

Vapour pressure deficit (VPD) 104
Vesselness approaches 136
Visible near-infrared (VNIR) hyperspectral 

camera 75
VPD. see Vapour pressure deficit (VPD)

Water soluble carbohydrate (WSC) 43
Wheeled robots 161
Wireless sensor networks (WSN) 154
WSC. see Water soluble carbohydrate  

(WSC)
WSN. see Wireless sensor networks (WSN)

Xanthophyll cycle 39
XEye detector 138
X-ray computed tomography (CT) 16

CT system for crop phenotyping 131–
135, 137

potato tubers, belowground 
phenotyping of 137–139

wheat ears, aboveground 
phenotyping 139–140

detector 130–131
future trends 141–142
interaction of X-rays with material 127

Compton scattering 128
pair production 128–130
photoelectric absorption 127



Index380

© Burleigh Dodds Science Publishing Limited, 2022. All rights reserved.

Rayleigh scattering 128
overview 123–124
sensor to data 135, 137

data normalization and 
correction 135

feature calculation 136
segmentation 135–136

3D reconstruction 135
X-ray sources 124–127

Yara N-sensor 156, 159
Yield increase percent 326

Zeaxanthin 39


	Cover.pdf
	Anne-Katrin Mahlein, Institute of Sugar Beet Research, Germany; Jan Behmann, Bayer Crop Science, Germany; David Bohnenkamp, BASF Digital Farming GmbH, Germany; René H. J. Heim, UAV Research Centre (URC), Ghent University, Belgium; and Sebastian Streit and
	1 �Introduction
	4 �Complexity in a crop stand
	5 �Case study: application of deep learning to foliar plant diseases

	Automated assessment of plant diseases and traits by sensors: how can digital technologies support smart farming and plant breeding?
	Chapter 13
	Thomas Vatter and José L. Araus, University of Barcelona and AGROTECNIO (Center for Research in Agrotechnology), Spain
	1 �Introduction
	3 �Stomatal conductance

	Using phenotyping techniques to predict and model grain yield: translating phenotyping into genetic gain
	Chapter 12
	Eva Rosenqvist, University of Copenhagen, Denmark
	1 �Introduction
	4 �Using gas exchange to analyse photosynthesis
	9 �Conclusions
	10 �Where to look for further information
	11 References

	Using phenotyping techniques to analyse crop functionality and photosynthesis
	Chapter 11
	Jana Kholová, International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), India; Amir Hajjarpoor, UMR DIADE, Université de Montpellier, Institut de Recherche pour le Développement (IRD), France; Vincent Garin, International Crops Research 
	1 �Introduction
	4 �The role of crop models in defining phenotyping methods and targets
	5 �Crop models of the future: how can they gain from the current developments in phenotyping?
	6 �Integrating statistical genetic models and crop growth models (SGM–CGM)

	The role of crop growth models in crop improvement: integrating phenomics, envirotyping and genomic prediction
	Chapter 10
	Nicolas Virlet, Rothamsted Research, UK; Danilo H. Lyra, Biometrics and Breeding Research, BASF, Belgium; and Malcolm J. Hawkesford, Rothamsted Research, UK
	1 �Introduction

	Digital phenotyping and genotype-to-
phenotype (G2P) models to predict complex traits in cereal crops
	Chapter 9
	Hanno Scharr, Institute of Bio- and Geosciences: Plant Sciences (IBG-2) and Institute for Advanced Simulation: Data Analytics and Machine Learning (IAS-8), Forschungszentrum Jülich, Germany; and Sotirios A. Tsaftaris, The University of Edinburgh and Alan 
	1 �Introduction
	3 �Creating synergies between research communities: the Computer Vision Problems in Plant Phenotyping (CVPPP) Workshop
	4 �Data challenges to accelerate progress in computer vision techniques: leaf counting and segmentation
	5 �Recent agriculture-related computer vision challenges

	Meeting computer vision and machine learning challenges in crop phenotyping
	Chapter 8
	1 �Introduction
	Advances in high-throughput crop phenotyping using unmanned aerial vehicles (UAVs)
	Chapter 7
	Rick van de Zedde, Wageningen University and Research, The Netherlands
	1 �Introduction
	3 �Currently available field robots for phenotyping
	4 �Sensors and technologies for phenotyping field robots

	Field robots for plant phenotyping
	Chapter 6
	Stefan Gerth, Norman Uhlmann and Michael Salamon, Fraunhofer EZRT, Germany
	1 �Introduction
	4 �Detector
	5 �Computed tomography systems for crop phenotyping
	9 �Where to look for further information
	10 References

	Advances in the use of X-ray computed tomography in crop phenotyping
	Chapter 5
	David M. Deery, CSIRO Agriculture and Food, Australia
	1 �Introduction
	5 �Traits measured

	Advances in the use of thermography in crop phenotyping
	Chapter 4
	Jian Jin and Tanzeel U. Rehman, Purdue University, USA; and Qin Zhang, Washington State University, USA
	1 �Introduction
	3 �Major challenges in optical sensing
	7 References

	Advances in optical analysis for crop phenotyping
	Chapter 3
	Matthew Reynolds, Francisco Pinto, Liana Acevedo, Francisco J. Pinera-Chavez, and Carolina Rivera-Amado, International Maize and Wheat Research Center (CIMMYT), Mexico
	1 �Introduction
	2 �Selection of progeny and large-scale genetic resources
	3 �Characterization of parents and gene discovery panels: increasing throughput with sensors
	7 �How might trait selection look in the future
	8 �Where to look for further information

	The evolution of trait selection in breeding: from seeing to remote sensing
	Chapter 2
	Roland Pieruschka and Ulrich Schurr, Institute for Bio- and Geosciences (IBG), IBG-2: Plant Sciences, Forschungszentrum Jülich, Germany
	1 �Introduction
	3 �Community integration in plant phenotyping

	Origins and drivers of crop phenotyping
	Chapter 1

	Contents
	Introduction
	Part 1 The development of phenotypingas a research field
	Chapter 1 Origins and drivers of crop phenotyping
	1 �Introduction
	2 �Technological progress in plant phenotyping



