
FACULTY OF INDUSTRIAL ENGINEERING, MECHANICAL ENGINEERING AND COMPUTER SCIENCE

Design and Evaluation of Data Analysis and Augmentation
Approaches for Functional-Structural Plant Models

Dirk Norbert Baker

2025





Design and Evaluation of Data Analysis
and Augmentation

Approaches for Functional-Structural
Plant Models

Dirk Norbert Baker

Dissertation submitted in partial fulfillment of a
Philosophiae Doctor degree in Computational Engineering

Supervisor
Prof. Dr.-Ing. Morris Riedel

Doctoral Committee
Prof. Dr.-Ing. Morris Riedel

Prof. Dr. Ebba Þóra Hvannberg
Dr. Hanno Scharr

Jens Henrik Göbbert

Opponents
Dr. Thomas Odaker

Prof. Dr. Michael Pound

Faculty of Industrial Engineering, Mechanical Engineering and
Computer Science

School of Engineering and Natural Sciences
University of Iceland
Reykjavík, 5 2025



Design and Evaluation of Data Analysis and Augmentation Approaches for Functional-Structural Plant Models
(Virtual Worlds for Machine Learning)

Dissertation submitted in partial fulfillment of a Philosophiae Doctor degree in Computational Engineering

Faculty of Industrial Engineering, Mechanical Engineering and Computer Science
School of Engineering and Natural Sciences
University of Iceland
Tæknigarður - Dunhagi 5
107 Reykjavik
Iceland

Telephone: 525-4000

Bibliographic information:
Dirk Norbert Baker (2025) Design and Evaluation of Data Analysis and Augmentation Approaches for Functional-Structural
Plant Models, PhD dissertation, Faculty of Industrial Engineering, Mechanical Engineering and Computer Science, University
of Iceland, 134 pp.

ISBN 978-9935-9837-1-8

Copyright © 2025 Dirk Norbert Baker
All rights reserved

Printing: Háskólaprent
Reykjavik, Iceland, 5 2025



Abstract
Analyzing plant data for precision and robust agriculture is a key component of adapting
to climate change. Plant data is multi-modal, experiments are directly restricted by
plant growth, and the data analysis is often supported by image capturing. Particularly
in the case of functional-structural plant models, the understanding of experimental
data, the primary indicators for plant development and health, is crucial to calibrating
robust and representative models of the real world. However, experimental data is also
limited in its scope, which makes it more crucial that the data analysis pipeline is not
only robust against noise but also yields as much value to researchers as possible. The
focus of this thesis is the embedding of plant models into a virtual environment in
such a way that it is informed by experimental data and compatible with both a more
precise extraction pipeline and a more scalable data generation pipeline. Synthetic
data generation is a key aspect of this thesis, as it is one of the promising ways to
combat data scarcity for biological data analysis. This thesis contributes to the field
by establishing a data generation framework that is compatible with modern high-
performance computing systems and is based on a realtime communication standard.
The virtual world embedding of the plant models also yields the possibility of measuring
in-place, allowing the coupling of plant models to visualization to exhibit true digital
twin behavior. Within the virtual embedding, data extraction is also more precise,
allowing users to directly interact with challenging data sets to increase the precision
and robustness compared to traditional methods. The output of this PhD thesis is a
distributed synthetic data-based training framework called Synavis, full realistic virtual
scenes that contain functional information and are computed scalably, and a data analysis
pipeline called VRoot that directly assists researchers in their data analysis whenever
automated approaches need human intervention.
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Útdráttur
Lykilþáttur í aðlögun að loftslagsbreytingum, er að geta greint plöntugögn, sem fengin
eru úr landbúnaði, nákvæmlega og áreiðanlega. Plöntugögn eru fjölhátta, tilraunir eru
takmarkaðar af plöntuvexti og gagnagreining er oft studd af myndatöku. Sérstaklega
í tilfelli virknibyggðra plöntulíkana er skilningur á tilraunagögnum, sem eru helstu
vísbendingum um þróun og heilsufar planta, afar mikilvægur til að fínstilla áreiðanleg
og raunhæf líkön af raunveruleikanum. Hins vegar eru tilraunagögn takmörkuð að
umfangi og gæðum, sem gerir það enn mikilvægara að gagnaúrvinnsla sé ónæm fyrir
gagnasuði og sé eins gagnleg vísindamönnum og hægt er. Áhersla þessarar ritgerðar er
á innfellingu plöntulíkana í sýndarveruleika þannig að hann fái upplýsingar um tilrauna-
gögn og sé samhæfður við nákvæmari útdráttarleið og stigfrjálsa gagnaúrvinnslukeðju.
Myndun gervigagna er lykilatriði í þessari ritgerð, þar sem hún er ein af efnilegustu að-
ferðunum til að bæta upp skort á líffræðilegum gögnum. Þessi ritgerð leggur af mörkum
til fræðasviðsins með því að þróa gagnasköpunarkerfi sem er samhæft við nútímalegar
ofurtölvur og byggir á rauntíma samskiptastaðli. Innfelling plöntulíkana í sýndarveru-
leika opnar einnig möguleikann á mælingum á staðnum, sem gerir kleift að tengja
plöntulíkön við sjónræna framsetningu og skapa raunverulega stafræna tvíburahegðun.
Innan sýndarveruleikans verður gagnaútdráttur einnig nákvæmari, sem gerir notendum
kleift að hafa bein samskipti við krefjandi gagnasöfn og auka þannig nákvæmni og
áreiðanleika samanborið við hefðbundnar aðferðir. Afurð þessarar doktorsritgerðar
er dreifður þjálfunarrammi fyrir gervigögn, kallaður Synavis, fullkomlega raunsæjar
sýndarveruleikasenur sem innihalda virkniupplýsingar og eru reiknaðar á stigfrjálsan
hátt, og gagnaúrvinnslukeðja nefnd VRoot, sem leyfir vísindamönnum að grípa inn í
sjálfvirka gagnaúrvinnslu þegar að þörf er á.
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1 Introduction
Facing climate change and changing conditions in agriculture, there is a large push
towards revolutionizing land use and crop production. Particularly in a global effort to
eliminate hunger and malnutrition by organizations such as the World Health Organiza-
tion, the need for precision agriculture is growing [FAO24]. These sweeping changes
depend on a solid and in-depth understanding of crop systems and plant species, a large
technological advance in agricultural practices, and a sustainable view and concept for
land use. One important cornerstone of this understanding is the use of models and
simulations, informed by digitized experiments, that fill the gaps in experimental data
[Jon+20]. These gaps might be caused by the limitations of the experimental setup, such
as not being able to excavate the root system of a plant without destroying it or by the
ambition to portray a larger scale while retaining the same amount of detail. However, a
good basis for the models through the careful use of experimental data is necessary to
be able to describe the complex effects we are seeing in the field.

1.1 Motivation

Diverse measurements can be performed on a single plant experiment, but these mea-
surements are often supported in large parts by captured images [MST15]. Many aspects
of plant development need understanding, which rests on a full tracking of the plant
development in experimental settings. This includes growth rate, time points of organ
emergence, senescence, and more. Captured images are very useful since plants exhibit
structural changes when their conditions change, such as changes in root elongation due
to phosphorus deficiency [Bau+24]. This emerging behavior might change the structure
of captured images, changes that might be uncovered if enough discriminative examples
are provided. This introduces the primary limitations of many data analysis pipelines.
High-effort annotation pipelines need to be established to uncover such effects. Par-
ticularly in cases as implemented by Bauer et al. [Bau+24] who require segmented
images or by Ward et al. [WMH18] who require leaf identification, these annotations
are required for the data analysis, but themselves do not carry domain knowledge.

The central research areas of this thesis are therefore how virtual world workflows
can assist in these use cases, particularly to alleviate the burden of measuring auxiliary
data and to increase extraction accuracy. Moreover, how can we make the best use
of the present experiments that have been carried out to limit unnecessary sources of
uncertainty in data extraction? What steps can we take to fill the gaps between our
understanding of the models and our data analysis in the field? How can our models
help us scale our workflows to provide a greater database of auxiliary measurements
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1 Introduction

that are needed but not domain-specific?
The research in this thesis aims to make better use of the experimental data to

inform models and to use these models to generate data that can assist in the analysis
of plant images by Deep Neural Networks (DNNs). Experimental data that is needed
to calibrate models is a focus of the research, yielding pipelines to generate auxiliary
data measurements and to enable a more precise data extraction. There is a great deal of
possibility regarding the employment of synthetic data. Taiz [Tai13] detailed a potential
future of agriculture in which automated remote sensing systems are being used to
quantitatively assess crop state based on models of the real world. These models have
limited expressiveness unless supplied with a large and representative data set. There
are cornerstone measurements that can be used to reduce the uncertainty in the data
[Mor+21a], but these measurements are often destructive, e.g. require excavation, and
cannot be performed on a larger data set.

Three key aspects of data extraction and analysis motivate this thesis. First, this
thesis aims to enable a direct but scalable coupling between models and virtual worlds
when creating synthetic data. While generative networks have been proposed for this
task, this thesis focuses on model-based data generation. As Hartley et al. [Har+21]
based on Zhu et al. [Zhu+17] found, generative networks have failure cases in which
they do not preserve the intrinsic logic of the scene. Nonetheless, generative networks
have a place in synthetic data generation in many circumstances, as they generalize some
aspects of the model space and might increase generalizability [Har+21]. A model-based
approach, while requiring more understanding of processes being simulated, is free of
such issues if the parametrization is grounded in experimental data and the visualization
is faithful to the domain knowledge included in such a model. Furthermore, the thesis
motivation is the fact that the absolute difference between the DNN output and the
synthetic label data is helpful and can provide insights into exactly which cases need
revisiting in the course of the training [Hel+21].

Second, as reported recently by Li et al. [Li+24], the data pipelines that are used
for training are often non-reactive and unidirectional. However, the primary advantage
of synthetic data, aside from enabling domain adaptation [Zha+20], is that it is not
restricted to a sequential process and can be used concurrently with the DNN training.
Both Li et al. [Li+24] and Zhang et al. [Zha+20] establish synthetic data pipelines
using a popular graphics engine, Unreal Engine (UE)1, developed by Epic Games
Inc. This allows for the use of common techniques to establish scene variety and a
baseline of representability, as UE is an engine developed for natural and realistic scenes.
Particularly the built-in support for outdoor virtual environments makes it a strong
choice for such workflows. Training and visualization might require separate hardware,
therefore requiring the orchestration of distributed data streams. This is particularly
impactful if active learning frameworks are taken into account, as the selection of
data based on previous training performance [Agh+19] can help the downstream tasks
of increased performance, particularly in important underperforming cases [Cao+20].
Early community feedback on synthetic data gathered in contribution A (C-A) [Hel+21]
also yielded that model embedding is necessary for successful and robust data generation
pipelines. In general, the generation of synthetic data is focused on large-scale systems
such as High-Performance Computing (HPC) systems, which enable greater scalability

1https://www.unrealengine.com/
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1.2 Thesis Aims

of training approaches for DNNs [Sed+19].
Third, when DNNs are employed, the actual extraction quality strongly depends on

the input data. This is especially true when implementing pipelines using Convolutional
Neural Network (CNN) models, which are a subclass of DNN approaches. Horn et
al. [Hor+21] uncovered cases of their automated tracing pipeline, supported by CNN
segmentation, in which the automated algorithm failed to identify the data true to the
expert annotation used as a baseline. The reason for this is the fact that there are certain
domain knowledge aspects not presented in the data that, if a network was trained to
detect such effects, could lead to a higher rate of mislabeling. The case provided in
Horn et al. [Hor+21] was a case of a larger gap in the root system which even human
but untrained evaluators would have trouble identifying, as certain expert knowledge is
required to know how a specific plant would behave in the context of the data. As our
synthetic data ultimately depends on well-callibrated models, the stage of extracting
the data necessary for that step is an important cornerstone, particularly regarding the
so-called hidden part [Atk+19] of the plant.

With these challenges in mind, this thesis aims to offer an interactive and robust
solution for the data extraction pipeline and to enable the generation of synthetic data
on dedicated visualization nodes of HPC systems. One concrete motivator to provide an
interactive pipeline, i.e., as opposed to a data generator, is the fact that steering is useful
in situations in where the data production is computationally intensive as in Roberts
et al. [Rob+21] due to the increased effort in making the scenes photorealistic, or if the
goal of the training cannot be defined in terms of the data produced, as has been shown
by Li et al. [Li+24] who rely on performance indicators outside of the virtual world.

1.2 Thesis Aims

Concisely, this thesis aims to conceive and implement a pipeline that can output synthetic
image data that can be annotated based on a semantic virtual world model. This virtual
world model should be scalable, customizable, and efficient. To this end, this thesis
will directly contribute to the field by extending how we embed and interact with
Functional-Structural Plant Models (FSPMs) [Sie+14; Sou+21] in 3D environments.
The representations will aim at producing visual models for both human and computer
vision, allowing researchers to maximize their experimental data yield even in the face
of difficult data acquisition. For the scalability of our visual embeddings, this thesis
showcases the virtual world model pipeline on HPC systems, such as JURECA-DC
[Thö21].

Overall, this thesis aims at investigating the following research questions that make
up its objectives (TO):

(TO1) How should an FSPM be embedded into a 3D virtual environment to enable and
support the generation of synthetic data?

(TO2) Does the direct and immersive visualization of model data in a virtual environment
assist in the data extraction process, compared to traditional methods?

(TO3) What are the primary use cases of visualizing plant and field models in virtual

3



1 Introduction

environments, and how can these be distributed on nodes of HPC systems?

(TO4) Is the virtual world embedding sufficiently faithful to the simulation model to
provide input data for a photosynthesis evaluation?

The objectives and their components, as well as their relation to one another, are
displayed in Fig. 1.1. There is a strong interconnection, primarily driven by the virtual
world embedding. TO1, shown in red, includes not only the Synavis framework but
also a prescribed method to embed the FSPM CPlantBox [Zho+20] in a 3D virtual
environment. This core feature is an example of a domain interpretation that has multiple
uses, extending into both TO2 and TO4. TO2, shown at the bottom, is an analysis
of the robustness of this embedding and if it can be used by researchers to not only
annotate data, but to better visualize the data to assist their workflows in basic and noisy
examples. Its primary output is a quantitative analysis of the immersive technology,
a Head-Mounted Display (HMD), in the context of Root System Architecture (RSA)
extraction workflow. Interactive tools are required to have more robustness in their
visual representation - which means that lessons learned from the virtual embedding
in TO2 can be used to inform the embedding in TO1. However, TO2 also influences
all virtual world models by providing a baseline accuracy for our model embedding, as
we are never exclusively generating synthetic data, but instead use models calibrated
on real data in our scenes. This calibration is important and the quantification of its
accuracy critical, particularly with human-in-the-loop techniques. Both TO3 and TO4
are specifically designed towards HPC workflows and include key aspects that are of
vital importance regarding the employment of synthetic data pipelines. As previously
reported, e.g. by Li et al. [Li+24], many data pipelines used for data production
are non-reactive. They reason that the data generation and the training process are
usually separate, and the data production is entirely unidirectional, while they include
a model of a robot arm that can interact with the environment. TO3 introduces the
domain-based parallelization on HPC nodes that are aimed at distinct use cases. TO4
employs an embedding of a simulation model that not only uses the virtual scene as base
measurement but also enhances it by employing a coupling of models and an embedding
of more complex information onto synthetic data.

1.3 Thesis Outline

This thesis is written in a cumulative format, meaning that the completion of the thesis’
objectives is based on the completion of several publications listed below. These
publications are detailed in Chapter 5, and the full text of the papers is attached to this
thesis. Furthermore, this thesis has the following structure:

Chapter 1 introduces the scope of this thesis, its objectives, and the relationship
between them, as well as a fundamental introduction to the problem statement.

Chapter 2 describes the central background technologies and approaches that are
required to understand this work, including the important information on machine
learning, plant modeling, and visualization.
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1 Introduction

Chapter 3 surveys related works that are connected or have had an impact on the
fields and challenges of importance to this research.

Chapter 4 details the implementation of the Synavis framework and the visual-
ization of the FSPM CPlantBox in the Unreal Engine (UE).

Chapter 5 summarizes and reiterates the key points of the main contributions to
this cumulative thesis.

Chapter 6 is a closing summary and a review of the current state of the topic and
potential future directions that need further exploration.

The research of this thesis, in addition to being published as software products or
open research data, has been published in the following papers:

Paper I D. N. Baker, F. M. Bauer, M. Giraud, A. Schnepf, J. H. Göbbert, H. Scharr,
E. Þ. Hvannberg, and M. Riedel. “A scalable pipeline to create synthetic datasets
from functional–structural plant models for deep learning.” In: in silico Plants 6.1
(Dec. 2023), diad022. ISSN: 2517-5025 DOI: 10.1093/insilicoplants/
diad022.

The PhD candidate has authored the majority of the text of the paper. The main
contribution towards the publication of this article is the development and open-
access publication of the Synavis2 framework, along with the establishment of
the embedding of the FSPM CPlantBox3 in the UE. Furthermore, the evaluation
and analysis of the framework was conducted by the PhD candidate.

Paper II D. N. Baker, T. Selzner, J. H. Göbbert, H. Scharr, M. Riedel, E. þ. Hvannberg,
A. Schnepf, and D. Zielasko. “VRoot: A VR-Based Application for Manual Root
System Architecture Reconstruction.” In: Plant Phenomics (2025), p. 100013.
ISSN: 2643-6515 DOI: 10.1016/j.plaphe.2025.100013.

The PhD candidate has authored the majority of the text of the paper. The main
contribution towards the publication of this article is the development and open-
access publication of the VRoot4 tool. The laboratory user study was conceived
and designed by the PhD candidate, and it was executed, processed, and analyzed
by the PhD candidate.

Paper III D. N. Baker, F. Bauer, A. Schnepf, H. Scharr, M. Riedel, J. H. Göbbert, and
E. Hvannberg. “Adapting Agricultural Virtual Environments in Game Engines to
Improve HPC Accessibility.” In: Nordic e-Infrastructure Tomorrow. Ed. by A.
Azab and T. Malkiewicz. Cham: Springer Nature Switzerland, 2025, pp. 152–167.
ISBN: 978-3-031-86240-3 DOI: 10.1007/978-3-031-86240-3_11.

2https://github.com/dhelmrich/Synavis
3https://github.com/Plant-Root-Soil-Interactions-Modelling/CPlantBox/

pull/101
4https://github.com/dhelmrich/VRoot
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1.4 Contributions

The PhD candidate, along with the extension of the Synavis framework to support
scene distribution on modular supercomputers. The candidate designed the scene
steering, inspired by plant modeling use-cases, and conducted the performance
analysis. The PhD candidate has authored the majority of the text.

Paper IV D. N. Baker, M. Giraud, J. H. Goebbert, H. Scharr, M. Riedel, E. T. Hvannberg,
and A. Schnepf. “Virtual World Coupling with Photosynthesis Evaluation for
Synthetic Data Production.” 2025 DOI: 10.1101/2025.02.06.633870.

The PhD candidate extended the Synavis framework to support the coupling of
a simulation model to the virtual environment. The candidate co-designed the
simulation workflow that describes the virtual field, conducted the comparison
and data analysis to the Selhause experimental data, and conducted the scalability
experiments. The PhD candidate has authored the majority of the text.

This thesis is furthermore based on the following code repositories:

Synavis Framework, a C++ WebRTC Bridge for Unreal Engine, compatible with
large-scale distributed systems, orchestrating data streams across nodes. This is
the code of Paper I, extended in III+IV, available at github.com/dhelmrich/Synavis

VRoot Immersive data extraction tool for root-soil scans, allowing for diverse
posture annotation and is directly outputting plant model data from the annota-
tions, allowing for a seamless interplay between data and model. This is the code
of Paper II, available at github.com/dhelmrich/VRoot

1.4 Contributions

This thesis is motivated by an increasing need for data sets in diverse domains but with a
focus on plant science. The infrastructural question to be posed is how HPC centers can
meet this data-driven demand and what use cases present themselves. Synthetic data,
particularly with the growing diversity of artificial data sets, is a specific focus of the
efforts to scale the training of modern DNNs. Table 1.1 shows the relative assignment
of thesis objectives to the papers referenced in this thesis. Although Fig. 1.1 shows the
workflow of the tasks contributing to the thesis, the elements have more interconnection
than the figure suggests. Particularly, certain elements of the pipelines generalize to
other thesis objectives, and all tasks individually contribute to the software stack that
is one of the tangible research outcomes of this thesis, released as open source to the
larger research community.

Paper I addresses key components of establishing a synthetic data pipeline envi-
ronment for TO1. TO1 is the basis of most works, primarily regarding the Synavis
framework [Bak+23]. The coupling between the model and the UE is described by
the communication framework, which is an important aspect primarily of TO1 and
TO3-4. However, the geometric embedding plays a key role in the implementation of
all thesis objectives. Rules that define how the graph structure is mapped into the virtual
environment need to be consistent for annotation workflows to succeed, making this a
vital aspect of TO2 as well. Likewise, the data extraction pipeline established in TO2
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1 Introduction

provides a vital baseline accuracy that is needed to produce faithful models of plants in
use in other objectives.

To uncover the primary challenges and aspects of synthetic data generation that
have the highest need for improvement, TO1 includes extensive literature research as
well. Baker et al. [Bak+23] provides an overview of the state-of-the-art of synthetic
data generation. The gap identified in this literature research was the fact that synthetic
data pipelines, while enabling essentially costless domain adaptation [Zha+20], struggle
to accommodate greater workloads and HPC pipelines. With the Synavis framework,
researchers can now generate synthetic data on HPC systems on-the-fly through dynamic
scene creation.

Both TO1 and TO3 detail specific aspects of the HPC capability. With more techni-
cal limitations, i.e., security aspects, of HPC systems in mind, a central cornerstone of
TO1 is the bridging capability of the Synavis framework, allowing WebRTC [JBB21]
workflows to be set up even in the face of indirect network access. However, scalability
analysis focused primarily on latency or data generation, as common definitions of paral-
lel efficiency require domain partition and a problem whose solution has a well-defined
last step [EZL89]. For TO1, it was further explored what software is needed to support
HPC workflows. In TO3, specific methods were investigated regarding the distribution
of virtual environments for two specific domain use cases. In TO4, one such use case
was further developed by coupling the domain decomposition to a simulation model
that would yield the light influx of an FSPM, referencing a specific experiment and
day. For TO4, further scalability measurements were undertaken, yielding a complete
view of how the parallelization of light influx measurements performs. With the added
functionality in Synavis developed for TO3, researchers can now distribute virtual
scenes on clusters in a more controlled manner. The result of the coupling in TO4 is
that agricultural scientists can now develop pipelines to train their models on functional
aspects, such as light absorption efficiency, a key aspect of whether to add more nitrogen
to the fields [Bak+25c].

TO2 took the evaluation of the virtual embedding of the underlying structures
regarding plant models to a more concrete level. Based on previous reports of automatic
data extraction failures, VRoot was developed as a high-precision extraction tool. It
allows the embedding of 3D scans in a virtual immersive environment, where users
annotate a RSA directly on top of the scans. In a controlled user study, the immersive
and desktop approaches were compared, yielding a quantification of the impact of

Paper I Paper II Paper III Paper IV
TO1 x x x
TO2 x x
TO3 x x
TO4 x x
Transfer x x x x

Table 1.1. Contribution of the individual publications to the primary thesis objectives.
Transfer knowledge and implementation is generally retained through all aspects of the
thesis.
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1.4 Contributions

immersion on RSA extraction and a quantification of user behavior and errors. With
VRoot as a tool, researchers can now fine-tune their data extractions for more robustness
and precision, particularly with downstream use in FSPM model calibration, which is
necessary for the synthetic data employed in this thesis.

In summation, this thesis increases to the state-of-the-art of plant data extraction
through the embedding of FSPM model data into a virtual environment. This embedding
also extends to a scalable HPC environment, where this embedding was used to generate
synthetic data, distribute the virtual scene across nodes, and even couple functional
information to the virtual scene. Particularly, the evaluation and analysis of the coupling
between CPlantBox and the UE is a novel contribution to the field, as the embedding of
plant models into virtual environments is a novel approach to synthetic data generation.
Additionally, the evaluation of HMD use in RSA data extraction is novel, particularly
considering the rigorous quantitative analysis of the extraction quality across human
participants.

9





2 Background
This thesis involves the generation of model-based synthetic data on modular HPC
systems. The central aspect of this thesis is a data generation pipeline that utilizes
rendered models to produce data to train DNN models. The individual aspects of this
pipeline stem from different disciplines, and their interplay is largely based on the
consolidation of technologies and requirements, such as the prominence of DNNs and
the subsequent need for scalable computing infrastructures. HPC systems are thus a
primary focus of this work, both in recognizing their key role in DNN training and the
production of synthetic data. A particular focus is on the use of synthetic data and what
specifically a model-based approach can yield in terms of data quality. On the other
hand, human-in-the-loop techniques have been employed to improve the initial accuracy
of the model calibration through better data extraction, requiring some background in the
human-centered side of visualization in addition to synthetic data generation. Therefore,
rendering engines, the use of virtual environments and immersive technologies, and the
embedding and background of FSPMs are also important aspects of this thesis.

2.1 Machine Learning

Machine learning, and subsequently deep learning, is an ensemble of methods that
address uncovering mechanisms, patterns, or features in data. This can be either done
from examples (supervised) or from rewards (unsupervised). This thesis focuses on
virtual world models to assist deep learning pipelines. Supervised machine learning
algorithms are statistical learners that generate a hypothesis on the relationship between
data and label sets. Some mechanisms and properties accompany statistical learners
and how the data set relates to the label set, particularly regarding the structure of the
hypothesis space. For a full description of these topics beyond the scope of this chapter,
refer to Shalev-Shwartz and Ben-David [SB14].

A subset of machine learning is deep learning, which takes the central idea of
a perceptron learner and connects its instances to a computational directional graph.
Perceptron learners are attributed to McCulloch and Pitts [MP43]. DNNs are universal
approximators [Rag+17], and the complexity of the space the DNN can approximate
drastically increases with the number of layers. The computational graph structure is
implicitly inscribed into connected layers that encode weights of the linear sum of the
input. This sum is manipulated by an activation function. More background on DNNs
can be found in LeCun et al. [LBH15]. A subclass of DNNs are Convolutional Neural
Networks (CNNs), which operate using kernels that have a similar structure to fully
connected layers that transform a section of the input to a single output node. CNNs
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2 Background

have been used in a variety of applications, including instance segmentation [WMH18],
depth estimation [SCN06], and plant phenotyping [Wey+22].

2.1.1 DNN Training

DNNs consist of layers of nodes connected in a loop-free network, where the output of
a neuron is a scalar activation function value based on the sum of all connected inputs.
Gradient optimization is employed stochastically by optimizers such as the ADAM
optimizer by Kingma and Ba [KB17]. Modern DNN training frameworks recognize
that optimization on noisy target functions might not be able to reach a minimum loss
unless the gradient step is being controlled. Gradients might decay as they are subject
to backpropagation, as the weight update is dependent on the derivative of the activation
function, and certain derivatives, such as the sigmoid function, will dampen the gradient.
To avoid this, linear activation functions have been re-introduced when DNN depth
increased, particularly ReLu (rectified linear unit, i.e. linear but nonnegative). ReLu
has been introduced to avoid gradient decay in DNNs by Nair and Hinton [NH10].
To facilitate a more direct human expert involvement, feedback loops between the
algorithmic annotation and expert annotation can be implemented [Smi+20]. This
approach might become necessary in cases of noisy data, as feature extraction methods
might be sensitive to artifacts introduced by noise [Hor+21].

A form of training paradigm is also called active learning. This paradigm focuses
on extracting metrics on the training performance based on the data [Agh+19] and the
subsequent choice of data sets and aspects of the data based on these metrics [Cao+20].
Likewise, the notion of transfer learning is important, as specialized data sets might
be scarser than common ones, making the pre-training on larger but non-specific or
unrelated data sets valueable [Che+20], particularly also using synthetic data as in
[ACT21].

2.1.2 Computational Demand

DNN training is sensitive to hardware constraints. For a single Graphical Processing
Unit (GPU) to handle the backpropagation through a DNN, it must be able to contain
the parameters of the network (with the structure implicitly defined by the rule of
backpropagation) and the output and minibatch for the training. Modern GPUs, such as
those implemented in the LUMI supercomputer, have specialized hardware that can be
accessed through generalized programming paradigms [Mar+22]. This can increase the
number of parameters that can be stored by reducing the resolution of certain values.
However, the training of neural networks remains an optimization task in a very complex
space that might have multiple locally optimal points that need to be sampled to find
the global optimum. In combination with the increased complexity of problems and the
memory-related hardware constraints, most large-scale DNNs, including large language
models, are trained using HPC systems.

Large DNN training on HPC systems has been analyzed by Sedona et al. [Sed+19]
in the context of remote sensing. Other approaches that use HPC systems for the training
of DNNs scale up the potential to utilize these systems by introducing physics-based
principles, as implemented by Rodekamp et al. [Rod+22]. A more practical approach
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2.2 High Performance Computing

to overcome the problem of parameter tuning, particularly indirect parameters, such
as layers, dropout rate, and similar, has been implemented by Aach et al. [Aac+22].
Using reasoning constraints or policy rewards to allow to either overcome sparse data or
to steer DNN training has also been used in large language models, particularly those
required to operate within strict constraints, such as in Hou et al. [Hou+25].

2.2 High Performance Computing

Computational demand is increasing at a higher speed than the capabilities of individual
computing devices. This leads to a greater need for distributed and HPC systems to
calculate problems at a larger scale, including forecast models, large-scale simulations,
quantum simulators, or distributed deep learning. HPC is the discipline of using large-
scale computing machines to solve complex problems. It has not only developed into a
distinct discipline in the past decades but has also enabled other disciplines to increase
the scale of problems that can be solved and the complexity of the models that can be
used.

2.2.1 Parallelization

Parallelization is a key technique in HPC systems. It is defined as the distribution of a
problem in the form of sub-problems to individual concurrent computations. Common
definitions include task-based parallelism and data parallelism.

Task-based parallelism is the distribution of dynamically generated tasks based on
problem size and steering. It is a common approach for visualization tasks, as they
are often not only dependent on the data on a global scale but also require the data
to be processed in a specific order. An example of this is distributed raytracing, a
rendering technique that is not only task-based but can also be implemented to leverage
non-uniform memory [Bie+17].

Data-parallel approaches distribute the data to HPC compute nodes. These ap-
proaches generally have a method of aggregation, such as the collection of the subso-
lutions to recombine the global solution or to reduce the subsolutions by operations
such as averaging. An example of the reduction of distributed solutions is gradient
averaging in distributed deep learning [Sed+19], while visualization paradigms typically
depend on a combination of subsolutions, such as raytracing [Lar+15]. This memory
distribution might be explicit through communication libraries such as the Message
Passing Interface (MPI) or implicit through non-uniform memory access controllers.

Model-parallelism is an approach where the DNN model is distributed across
nodes, while the data itself is run concurrently through parts of the model on different
nodes [Mwa+22]. This technique is particularly suited for models with extremely high
parameter counts.

The network topology also has a great impact on the performance of the distributed
system. For modern systems, it would be unfeasible to connect each node to every other
node or to connect all nodes to a central one, thus overburdening the controller. One
network topology that allows for higher broadcasting efficiency (in scenarios where
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2 Background

the whole structure is used concurrently) is tree-based architectures [Jyo+16], which
uses high-throughput connections in levels of connectivity, allowing for logarithmic
worst-case communication times.

2.2.2 Domain Decomposition

How a problem is distributed onto the nodes of an HPC system is a matter of domain de-
composition. Domain decomposition is historically a term from numerical mathematics,
where a mesh or grid is defined over a space, yielding well-defined subproblems that
share boundaries. An example of this is numerical solvers for parabolic equations, such
as by Acebrón et al. [ARS10]. This is not the same technique as data parallelism, as the
domain decomposition for numerical problems is a technique to compute a discretized
version of a problem to approximate its continuous solution.

However, visualization and data analysis also have practical and immediate applica-
tion cases for domain decomposition. Identifying subproblems that can be decoupled is
a cornerstone of distributed visualization [Lar+15], and the inclusion of visualization
paradigms in large-scale HPC-enabled simulations is one of the key aspects in how
large data sets can be analyzed [Bau+16]. Indeed, in-situ visualization is a fully separate
field of research, and its primary concepts and terminology have been detailed by Childs
et al. [Chi+20].

2.2.3 Modular Supercomputing

While the unique selling point of HPC has historically been uniformity and parallel
performance, newer contributions to the field have also highlighted the concept of
modular supercomputing [SEL19; Lip21]. A modular supercomputer is not only
the reaction of the infrastructure to a diversifying demand for computational power,
specialized across methods and domains, but also the recognition that specialized
hardware will ultimately outperform classical computing approaches when the scale
is increased. Many examples of this can be found, most notably the computation of
DNNs, which scales well across GPUs [Sed+19] due to their highly parallelized nature.
The integration of modules into an existing HPC system also bears potential for new
technologies to have a quicker adoption among scientists, such as quantum computing
resource [Bec+24].

Common modular aspects of a supercomputer are a general purpose cluster for
Central Processing Unit (CPU)-focused workflows, a GPU cluster for highly parallel
tasks, and visualization or head nodes that are interactive or used for the orchestration
of the system. Modular supercomputers might have dedicated nodes for large-memory
computations, such as implemented in JURECA [Thö21]. Within this thesis, we
make heavy use of GPU nodes, but one of the base requirements is graphics support.
GPUs with graphics support can handle workloads that utilize graphics libraries such
as Vulkan5. A recent survey of autonomous driving simulators also showcases that
graphics capabilities on dedicated and exclusive nodes are an important requirement
of certain CNN training pipelines [Sil+24]. However, certain implementations such
as LUMI [Mar+22] have specialized GPU nodes that are aimed at highly parallelized

5https://www.vulkan.org/
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2.3 Visualization

workloads and are not compatible with graphics libraries.

2.3 Visualization

A core aspect of this thesis is the use of visualization in both data analysis and data
augmentation. Visualization techniques generally rely on rendering techniques for
display and data production. Rendering is the technique that generates an image from
a virtual scene. Basic aspects of the rendering include a scene camera with a view
frustum and a specific set of parameters that define how the pixels map to the scene and
how points in 3D space are projected onto the 2D image. Historically [Fol95; Den90],
rasterization techniques have been used, as they only rely on the geometry shaders in the
GPU, converting a 3D scene into an image. The image is then post-processed by pixel
shaders that can be used to apply screen-space effects such as reflections. Rasterization
techniques are still used today, particularly in Virtual Reality (VR) rendering techniques,
as latencies need to be minimized [FRS19]. A cornerstone of modern rendering is
physics-based rendering, which is a technique that models surfaces in a virtual scene so
that their reaction to light influx is realistic compared to real-world surfaces [PH10].

Game engines are software products that contain implementations of common
rendering techniques and are particularly suited for creating virtual worlds. Andrade
[And15] studied the use of game engines, particularly focusing on serious games. An
example of a game engine, particularly relevant for this thesis, is the Unreal Engine (UE).
UE includes different rendering techniques, a physics engine, hardware abstraction,
interaction device support, and a range of plugins for more specific use cases, including
the PixelStreaming plugin described in Sec. 4. The UE, like other modern game engines,
employs raytracing techniques.

Raytracing is a rendering technique that actively samples the pixel value for each
pixel individually by tracing rays from the view frustum into the virtual scene, thus
yielding the color of the pixel depending on geometries, light, and surface properties.
Raytracing has been considered until recently to be a too high compute workload to
achieve in real-time, i.e., within milliseconds of a change occurring in the virtual scene
[Den+17]. However, within the context of synthetic data generation, as employed in
this thesis, both the use of HPC systems and the decoupling of the rendering from the
training process enables the use of raytracing techniques without heuristics such as
Lumen6.

2.3.1 Human Vision and Visualization

Visualization will have two concurrent meanings in this thesis: Visualization for humans
and for synthetic data. Historically, visualization methods encompassed methods to
analyze and present data in a way that supports individual understanding of the data
or decision-making. The potential complexity of certain data sets also means that data
analysis, dimensionality reduction, or even computational methods for information

6Lumen Documentation dev.epicgames.com/documentation/en-us/unreal-engine/lumen-technical-details-
in-unreal-engine
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2 Background

extraction, are employed to assist with this [Ise+17].
Within the context of this thesis, one system that combines visualization with model-

ing and data analysis is a VR system. VR is used for many different data analysis tasks
in different domains, as researched by Fonnet and Prié [FP21]. Notably, many of the
use cases they found were targeted at exploration rather than manipulation or extraction.
VR headsets, so-called Head-Mounted Displays (HMDs), are low-persistence global
displays. Examples for VR headsets today are the HTC Vive Pro7 and the Meta Quest8.
These HMDs are consumer-grade hardware units that allow broader access to immersive
technologies. Many highly-detailed VR approaches historically have been room-scale
installations, such as the aixCAVE at RWTH Aachen University [KM22]. There are
advantages and disadvantages to these systems, though HMDs generally have a lower
barrier of entrance, as there is no need for any special installation.

Visualization, particularly data visualization, is a discipline that combines human
perception, computer graphics, and human-computer interaction. While there is much
literature on the topic, cf. Bowman et al. [Bow+17], our focus is on important concepts
to understand the VR technology utilized in this thesis. 3D visualizations of virtual
environments are created to support use cases in which 3D rendering is the most
natural data embedding. The discipline of using 3D visualizations to represent data
for analysis is called Immersive Analytics (IA), and a study on this topic and its use
in science has been published by Fonnet and Prié [FP21]. The software designed for
IA typically involves different metaphors for interacting with data [Bow+17]. These
metaphors are interaction tools designed to make the data exploration or manipulation
more intuitive, particularly if the standard motions, such as swiping for panning or
pinching for zooming, that are a direct translation of hand movements are not feasible.

Generally, software designed for immersive visualization should avoid and actively
mitigate the risk of cybersickness [LaV00], which is a physical sensation of unwellness
after using VR devices. Numerous factors contribute to cybersickness, and the pathology
is different across devices, such as investigated by Stanney et al. [SKD97], who highlight
that simulator sickness and what is commonly referred to as cybersickness are two
distinct effects. Current best practices will usually refer to a low render latency and high
reactivity while also excluding certain navigation techniques that could contribute to
cybersickness.

2.3.2 Machine Vision and Visualization

With the development of CNNs, the prevalence of computers that have vision increased
dramatically. As such, vision is no longer a uniquely human capability, which yielded
a lot of promising technical advances and a need for labeled images that computers
can train on. The complexity of measurement setups and other aspects of the labeling
make this process the most labor-intensive. Even public data sets, such as ImageNet
[Den+09], suffer from labeling errors and are prone to mistakes that might introduce
unforeseen consequences for models [Nor+21].

Synthetic data is a model of the input space, which is generated from individual
models or an approximation of the input distribution. The application cases for synthetic

7HTC Vive Pro Product Specifications: www.vive.com/us/product/vive-pro2/specs/
8Meta Quest 3 Product Specifications: www.meta.com/is/quest/quest-3/
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2.4 Functional-Structural Plant Models

data are those in which data pipelines are difficult to set up, either due to labor intensity,
as for creating data sets of leaf segmentation [WMH18], or due to the required detail
[McC+17]. Synthetic data requires the deterministic production of a label, meaning
that a data space model should represent the distribution of the input space along with a
generator that represents the desired labels. Synthetic data not only mimics the input
space, such as plant images, for the benefit of the learning algorithm. Instead, synthetic
data must also be diverse (and thus large) enough to cover as much of the possible
label space as possible, resulting in robust data production for DNN training. How
well a synthetic data set represents the true distribution depends on its variety and the
correctness of the emergent property model, but not necessarily on realism, even though
that may be a factor.

The realism of a data pipeline is very challenging to quantify. One approach, also
used by Zhang et al. [Zha+20], is to use the trained model on a real-world labeled data
set and subsequently analyze the successful training of the model on synthetic data.
While this approach has merit, it does not make any statement on the realism of data.
There are approaches, particularly in algorithm verification and evaluation, that use
synthetic data to quantify error rates but purposefully sacrifice realism because it does
not increase similarity to the base data in relevant statistics, as employed by Schnorr
et al. [Sch+20] for time-variant analysis problems. Another approach to quantify the
similarity of the training data compared to experiments is to extract derived measures
or features that can be compared between the two data sets. This is an essentially
model-free approach, as it does not depend on the actual performance outcome of the
model but on the similarity of the data sets. To generate synthetic data, however, realism
is secondary to coverage of the input space, which is a more crucial aspect, as it provides
more full information on the algorithm performance [McC+17; Zha+20; Sch+20].

Dataset diversity is generally increased through augmentation methods. Augmenta-
tion methods typically transform the data point synchronously with its label or without
changing the label. Examples of this are mirroring, turning, and even elastic deforma-
tions [CCP18]. Using synthetic data, domain augmentation can be performed, which
means that the scene itself and the conditions in which the images are captured are
changed, such as implemented by Qiu et al. [Qiu+17], Zhang et al. [Zha+20], or Zhang
et al. [Zha+18]. In certain cases, domain augmentation simply means to arrange, deform,
or otherwise change the scene in a way that influences geometry positions, geometry
shapes, or lighting conditions. More domain-specific cases could generate data, such as
seen in Ward et al. [WMH18] using fewer or more leaves, hidden leaves, or even no
leaves at all.

2.4 Functional-Structural Plant Models

Understanding processes in the plant, the contribution of its organs, and the genotype
of the plant is key in evolving our crop to accommodate both climate change and a
growing world population. However, measurements that yield actionable information
are scarce and not necessarily based on above-ground information that can be sampled
easily.
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2 Background

A plant model is a phenotypic description of a plant, meaning it encompasses
simulated information about plant traits and plant function [Vos+09]. Classically,
structural plant models are Lindenmayer systems [CK09], describing the growth and
spatial distribution of plant organs. An example of a functional model is a rhizosphere
uptake model: Mai et al. [Mai+19] describe a multi-scale model to solve the water
uptake equations, making explicit use of the FSPM structure. This is informed by a key
aspect of structural models, which will generate a graph structure G1, which is a set of
vertices and edges G1 := (V,E) together with properties assigned to either.

The baseline for FSPMs is the calibration of the model to experimental data. This
becomes self-evident once the number of individual parameters (> 50) in models such
as CPlantBox [Sch+18a; Zho+20; Gir+23] is considered. The stochastic expressiveness
of the model [Mor+21b] has been evaluated, but many experimental data acquisitions
cannot be immediately mapped onto parameters, requiring stochastic optimization
[Mil+19]. Modeling platforms such as Helios [Bai19] have even more burden of
calibration, as the baseline model is a framework rather than explicitly encoding plant
structures or experimental conditions. This is a one-domain approach that is also used in
other models, such as by Paulus [Pau19]. For individual experimental conditions, there
might be multiple distinct solutions to the reverse problem. This issue can be mitigated
by introducing more auxiliary measurements that might lead to the correct result.

Another example of models that combine functional and structural information are
photosynthesis models. These models simulate the biochemical reaction pathways in
the canopy of the plants as a result of the plant’s interaction with the surrounding air
and the light influx. These models are not only used to model the reaction pathways in
the plant [Leu95] but also assist in uncovering mechanisms across varieties of plants
[RM20] and to extract additional information from measurements [Jun+21].

FSPMs are uniquely able to describe experiments [Bau+23] and further enhance the
experimental data by allowing full-scale access to the structural properties that have
most likely developed within the field or laboratory experiment. The most important
added value for these models is to more fully inform the possible variance that leads to
similar experimental measurements.
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3 Related Work
This thesis is situated at the intersection of several fields, particularly visualization,
plant modeling, and high-performance computing. Consequently, previous publications
and related work often touch upon certain aspects of this work, but a larger survey is
necessary to shed light on all aspects. This chapter goes into the details of each topic,
particularly their relevance to this thesis.

3.1 Computer Vision

Minervini et al. [MST15] showed that image analysis, mainly through computer vision,
is the primary bottleneck of plant data analysis. This is confirmed by the persistence of
image-based methods in plant phenotyping. Computer vision problems are diverse, as
are the tools researchers use to meet them, and this section focuses on the use of DNNs
to extract important markers from images that can be used in plant modeling. LeCun
et al. [LeC+89] introduce the concept of CNNs to extract text from handwriting samples.
Since then, the employment of CNNs has had a great impact on plant data analysis.
Pound et al. [Pou+17a] and Gao et al. [Gao+20] report a significant increase in the per-
formance of plant data extraction when CNN techniques are employed. However, CNNs
require large training data sets and computational resources [SS17; KP18]. Efforts to
address this are three-fold: Firstly, the public availability of data sets increases, with
research practices adapting to accommodate a better common knowledge and data basis,
with high-quality data sets such as by Pound et al. [Pou+17b]. Secondly, Ronneberger
et al. [RFB15] altered the CNN architecture by introducing layers that learn to apply
filters, reducing the amount of data required for a satisfactory training result. Thirdly
as Sedona et al. [Sed+19] presented, HPC systems are a key technology to train DNNs
to the level of robustness and generalizability required for remote sensing problems.
These approaches particularly make use of modular supercomputing architectures, as
they accommodate special use cases through dedicated hardware, as implemented in
JURECA-DC [Thö21], JUWELS [Kes+21], LUMI [Mar+22], and in the future in
JUPITER [Dum23].

3.2 Synthetic Data and Distributed Visualization

Synthetic data, especially in digital twin modeling, has seen recent advances as the
data requirements for DNN training increased. One of the prominent building blocks
of synthetic data is domain-based augmentation, which is the augmentation of the
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virtual scene through privileged information. This thesis focuses on synthetic data as
produced by modeling, as opposed to a direct approximation of the data space through
generative networks, such as presented in Yates et al. [Yat+22]. One of the more
influential works in the realm of synthetic data generation using virtual scenes was
written by Qiu et al. [Qiu+17], who developed a Python-based coupling to the UE that
works similarly to OpenCV [Pul+12]. Works such as by Mania and Beetz [MB19] build
on this by expanding the framework for more specific purposes, such as robotic agent
environments. From the perspective of visualization that needs to achieve a high level of
realism, the use of game engines such as the UE is common. Korkut and Surer [KS23]
researched the use of game engines in science, particularly for visualization and data
analysis tasks performed by human users, showing a broad adoption of game engines
in the scientific community. However, they also point out that while very convenient,
game engines might perform optimizations that make them unreliable visualizers. This
concern is mostly aimed at the visual-focused nature of game engines. However, the
choice of using a game engine rather than a conventional visualization tool is mostly a
matter of both convenience and efficiency. Huo et al. [Huo+21] as well as UnrealCV
[Qiu+17] show that the employment of a game engine-based rendering pipeline also
provides auxilary functions that directly allow label data extraction. Fast prototyping
is another matter, with the engine allowing the user to arrive at an acceptable image
quality rather quickly. Casao et al. [Cas+23] highlight such use-cases, and though they
do not provide quantification on how fast the generation was achieved, they do provide
established support for this point. A data-centric approach to close the gap between
synthetic and real-world data has been used by Zhang et al. [Zha+20], who implemented
a pipeline that uses downstream transfer learning [ACT21]. Indeed, synthetic data as a
precursor for real-world data is commonly employed if there is a gap regarding structure
or features within the data, as described by Achicanoy et al. [ACT21] and Rajpura et al.
[Raj+18].

A more in-depth survey of the model visualization for geospatial data has been pub-
lished by Mat et al. [Mat+14]. The use of game engines, particularly in the simulation of
virtual worlds, has been explored by Chance et al. [Cha+22], who studied frameworks
that can assist in the coupling of autonomous agents to virtual worlds in the context of
self-driving cars. Bondi et al. [Bon+18] employed a UE pipeline in the generation of a
virtual world assisting unmanned aerial vehicle agents to assess wildlife presence. The
strengths of using UE specifically are highlighted by Zhang et al. [Zha+20], who employ
domain-based augmentation, i.e., changing of clothes on human avatars, to enhance
data production capabilities of the pipeline. Furthermore, UE provides auxiliary data
usable in synthetic data pipelines, such as depth information, a central component of
the geometry buffer that is used for screen-space effects in post-processing shaders
[Zha+18; McC+17].

However, there is still a gap between what synthetic data can achieve and real-world
data sets, even with large-scale application cases, such as by Mu et al. [Mu+20] or
Roberts et al. [Rob+17]. The primary challenge is that plant models carry biological
meaning, and most phenotyping algorithms that need to infer that biological meaning
[Bai19; Lei+24] still depend on extensive measurement setups, even modern methods
as developed by Berrigan et al. [Ber+24]. Within plant science, synthetic data can be
a powerful tool to overcome the burden of annotation. Implementations such as by
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Ward et al. [WMH18] already incorporate some level of domain-based augmentation,
namely using a labeled sub-picture to generate a composition image that will yield
different properties and can extend the data set size of the training data. The strength
of simulating virtual worlds for plant science has also been highlighted by Lei et al.
[Lei+24], who implemented a framework for the physics-based simulation of light
propagation in the context of plant science. Model-based data generation, which is
particularly relevant for plant phenotyping, was implemented by Lobet et al. [Lob+17],
who uses CPlantBox, an FSPM that is well known in its stochastic properties [Sch+18a;
Mor+21b]. This thesis aims to establish that the use of the UE is a scalable (TO3+4)
method of generating synthetic data with domain-based augmentation (TO1) and that
the model realism and biological information can be retained through the use of FSPM
models (TO4).

Distributed visualization paradigms are common in cases of large data sets that do
not fit into GPU memory, such as implemented in Moreland et al. [Mor+16], Aumüller
[Aum15], and Larsen et al. [Lar+15]. Setups such as the aixCAVE in Aachen use
distributed rendering to allow for each node to render a part of the scene, as detailed
by Kuhlen and Marthys [KM22]. Biedert et al. [Bie+17] have implemented a scalable
approach for task-based parallel visualization, agnostic towards the memory model
that is implemented on the hardware. An example of a distributed rendering model
that directly aims at distributing virtual scene rendering is implemented by Liu et al.
[Liu+22]. A contribution from this thesis also delves into the use of load balancing
techniques specifically for cases in which the task, but not the data, is being transferred
between nodes (C-B), as implemented in Demiralp et al. [Dem+22]. To our knowl-
edge, distributed rendering techniques for our specific use case - cases in which actor
movement on a single node is limited due to the overhead required in unloading and
loading scene geometry - have not been established yet before this research. As such,
an important aspect of this thesis is the implementation of distributed paradigms for
virtual world simulators (TO3).

3.3 Functional-Structural Plant Models

FSPMs are models that generate a digitized plant. An early employment of this was
through using Lindenmayer [Cie+21] systems, developed by Ciosek and Kotowski
[CK09]. This is also true for CPlantBox, the FSPM utilized in this thesis, as its
inaugural implementation, CRootBox, developed by Schnepf et al. [Sch+18b], was
primarily such a system. Comprehensive surveys on the state and history of FSPMs have
been performed multiple times, e.g. by Vos et al. [Vos+09], Soualiou et al. [Sou+21], and
Louarn and Song [LS20]. The significance of FSPMs in uncovering new mechanisms
was highlighted in a study by De Bauw et al. [De +20] for rice crops. Recent results
confirm this, including a contribution from this thesis, showcasing the use of modeling
in uncovering otherwise hidden mechanisms and functional properties [Bau+24] (C-D).

To extract the plant-light interaction, full geometric modeling needs to be employed
to accurately quantify surface radiation exposure. Models for this simulation are com-
monly called radiative transfer models, as the properties of the light are being simulated
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physically, including the reaction with surfaces. DART, developed by J. P. Gastellu-
Etchegorry and Gascon [JG04], is an example of such a model based on successive
simulation of photon paths through raytracing. Models that compute radiative transfer
have a direct use in estimating functional properties from plants, such as chlorophyll
content, as implemented by Zhao et al. [Zha+24]. Of particular note are computer graph-
ics models that use basic radiative transfer concepts, which have been standardized by
Martonchik et al. [MBS00]. The physics-based rendering and surface scattering is an
important aspect of the realism achieved by UE, which depends on a model by Jimenez
et al. [Jim+15] for the computation of a surface scattering component that is compatible
with the deferred rendering and material shading pipeline. An analysis of the similarities
between radiative transfer models and physics-based rendering models has been per-
formed by Salesin et al. [Sal+24]. The need for a full geometric model of the plants has
been highlighted by Xiao et al. [Xia+23], and while it has been implemented in models
such as Lecarpentier et al. [Lec+19], the question on the 3D-functional embedding of
specific models such as CPlantBox [Gir+23] remains an open question (TO4).

3.4 Data Analytics

Data processing is ideally fully automated, as it requires the least workload. However,
there are always cases in which automated tools do not perform, and the reasons for this
are diverse. Horn et al. [Hor+21] uncovered cases in which expert annotation differed
from the automated approach, but reviewing cases of discrepancies, the individual
decision made by an expert in this context would also be difficult to replicate for an
untrained human annotator. Many tools to handle noise or low contrast issues in plant
imaging data are either semi-automated or fully manual. Regarding images, Smith et al.
[Smi+20] developed a tool to assist a learning framework by providing annotations that
correct edge cases, and Bauer et al. [Bau+22] show that this annotation can perform for
larger experimental setups. Respectively, tools such as NMRooting, a 3D extraction tool
by Pflugfelder et al. [Pfl+17], try to accommodate a mixture of human and automatic
annotation.

Extraction tasks are often the extraction of sparse information from dense data, as
implemented by Usher et al. [Ush+18]. In this paper, the authors developed an expert
annotation tool that they could extend using data analysis functionality [McD+20].
One finding is that experts are better able to annotate data sets for further analysis on
immersive instead of conventional software. This comparison between desktop and
immersive software is uncommon, yet the prevalence of these studies increases the
impact of new technologies on domains that underutilize them. In plant data analysis,
2D methods for feature extraction are well explored, but particularly technologies
such as HMDs require formal verification to assess whether they outperform similar
annotation methods on desktop systems (TO2).
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4 Synavis: Virtual Environments for Plant
Models

The scientific workflows of the publications following this chapter depend on a technical
infrastructure and software stack that requires a dedicated chapter to be described fully.
UE is a graphics engine that has historically been used for game development but has
increasingly been applied to scientific and technical applications. The visualization of
plant data in this thesis permeates all publications, though it is of particular interest
within the Synavis framework.

From a technical perspective, the choice of visualization back-end is centered around
three main concepts: First, the visualization should be adaptable to a broader range
of hardware and also make infrastructural support feasible to allow for a wider range
of use-cases. Second, while realism is a secondary goal of data production, with the
primary goal being coverage of the input space, it is a valuable starting position to have
industry support that is primarily concerned with photorealism [Sil+24]. Third, a user-
facing perspective regarding the data generation aspect needs to be considered: There
should be an efficient pathway towards common label data sets, including the potential
for fast prototyping. Preliminary analysis of rendering tools that was conducted for
this thesis yielded two main factors that informed the choice of using a game engine
such as UE over other tools: UE is open-source9 and adaptable, which was used in the
Synavis framework to some degree, as it is implemented such that it can be used with
the standard UE implementation, but change it to such an extend that it is possible to run
the engine in a data-generation mode. UE has furthermore been shown to be useful for
synthetic data, as its render pipeline is permissible and offers its transient information
up for further processing, a fact that was used by Mousavi et al. [MKE20] to establish a
training framework.

The implementation of the Synavis framework is three-fold. A WebRTC [JBB21]
bridge and communication framework, called Synavis, manages the communication
between the endpoint application and the visualization backend. This backend is
the SynavisUE plugin running in UE. The third component is the plant visualizer
implemented in CPlantBox, which carries the embedding and is designed to work with
Synavis to facilitate UE visualization of plant data. Synavis and SynavisUE are available
as open-source software10, and the plant visualizer has been developed for this thesis as
part of the CPlantBox software package11.

9Registration required
10Synavis: github.com/dhelmrich/Synavis
11CPlantBox: github.com/Plant-Root-Soil-Interactions-Modelling/CPlantBox
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4.1 Model Coupling to Unreal Engine

CPlantBox produces a graph structure of a plant, as described in Schnepf et al. [Sch+18b]
and recently in Giraud et al. [Gir+23]. This structure can be encoded in a structural
language, described in Lobet et al. [Lob+15]. The structure, which we call G1, consists
of a graph (V,E,P) that encodes vertices, edges, and properties, respectively. In the
CPlantBox visualizer and VRoot, a high-precision data extraction tool, the geometriza-
tion scheme yields an outer geometry G3 that uses 2D shape templates and connects
them using triangles. This method is a simplistic method of describing the outer geom-
etry, but it retains access to the model by allowing relative texture coordinates to be
referenced, scaling with the organ size.

This structure, G3, is used in SynavisUE to visualize plant data. It is important to
state that while the one-way visualization is an important factor, the actual coupling is
synchronous, meaning that the FSPM simulation is run concurrently with the engine.
This is done partially to allow for a dynamic scene generation, as highlighted in Baker
et al. [Bak+23] and later in Baker et al. [Bak+25c] (Sec.5), but also to be able to change
the plant model concurrently with the virtual scene. However, it should be noted that
the inclusion of FSPMs depends on their calibration, and while tools such as VRoot
[Bak+25b] alleviate some concern regarding the accuracy of model calibration, it is still
a task that ultimately requires domain knowledge.

Within UE, the visualization utilizes procedural geometries. A procedural geometry
in UE refers to a set of points, edges, and triangles that are inserted into the virtual
environment at runtime. This reduces the complexity of the application within UE and
allows for the runtime creation of the virtual environment. The geometry is rendered
in UE by raytracing algorithms. Rasterization algorithms are available for geometric
visualization, which can be used to visualize data on devices such as Oculus Quest
3 as implemented in Baker et al. [Bak+24] as part of this research (C-E). However,
for a complete and faithful view of the scene, raytracing, primarily path tracing, is
employed. Raytracing is a method of producing an image from a virtual scene by using
measurement rays, yielding the final color of a pixel. The algorithm uses "reverse" light
exposure, meaning that the camera shoots measurement rays into the scene that get
reflected or diffused on surfaces. Fig. 4.1 illustrates the individual paths the rays take -
in this instance, it is also of particular note that the diffuse measurement can be replaced
by a heuristic or a surface cache. In our use case, as the data is procedurally introduced
into the scene, a fully faithful visualization is only possible through path tracing. Path
tracing is a UE-term referring to this measurement without scene simplification or
heuristics. Path tracing will be randomly reflected to sample the hemispheric diffuse
light influx onto a surface, adding a measurement with subsequent path traces, yielding
a final image after a certain number of samples.

UE uses physics-based rendering. Surfaces are encoded as materials, which means
that there is a graph-based shader description, which can be translated to high-level
shader language code. This graph description encodes all physical properties needed to
establish the bi-directional radiative transfer, which includes texture information and
surface properties. These properties are illustrated by individual modification in Fig. 4.1
at the bottom. For the full description of how this is implemented, we refer to the official
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Figure 4.1. Visual description of the raytracing algorithm. Below are samples of
materials that exhibit different properties as listed above.

documentation of UE12. A full clarification of the properties shown: Diffuse refers to a
high roughness value, with the base color being grey. Metallic refers to how much the
original color of the light is retained when reflected off the surface. Specular refers to
the level of direct reflection. Subsurface scattering is implemented like in Jimenez et al.
[Jim+15]. Lastly, emissive is an added contribution of the surface brightness value to
the scene.

4.2 Synavis: WebRTC Communication

WebRTC [JBB21] is a communication protocol that aims to provide a standardized
way of communicating using media streams. These media streams, such as video or
audio packaged via Real-Time Protocol (RTP) [Sch+03], are accompanied by a data
channel, which hosts messages and other information on a User Datagram Protocol
(UDP) connection. There are numerous examples of WebRTC in industry, but for the
setup used in this work, we focus on the implementation within UE and subsequently
within Synavis. All control messages, either through the data channel or through the
Hypertext Transfer Protocol (HTTP) signaling server, are written in JavaScript Object
Notation (JSON) format, further described in Bourhis et al. [Bou+17]. JSON format
is a structural format that uses key-value pairs: json{"key":"value", "key2":

{"nested-key": "nested-value"}}.
PixelStreaming is a UE plugin, turning the visualization into a WebRTC endpoint

12Unreal Engine Documentation: dev.epicgames.com/documentation/en-us/unreal-engine/
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Figure 4.2. Schematic of communication components when using Synavis via WebRTC.
The Synavis concept is centered around mimicking a local WebRTC connection and
using the wrapper within Synavis to tunnel the communication via SSH connection. The
signaling server is an HTTP-Server that is used to establish the connection between the
two peers, allowing them to identify each other via public identity. Media streams are
transmitted via RTP and data channel communication is UDP-based.

by encoding the final image, otherwise being displayed on a screen, into a video stream.
This stream can be output to any WebRTC connection, and the primary use case for
this is remote visualization use cases. The central idea of Synavis is that the plugin
and the WebRTC implementation do not require an active user, nor do they require
manual interaction. Synavis defines two automated WebRTC endpoints: a streamer
and a receiver. The receiver is the application that uses the media streams and trains
the DNN, while the streamer is the virtual environment producing the media streams.
Another type of receiver is a simulator, which is a WebRTC endpoint that serves to
provide geometries and scene information, such as weather conditions, to the streamer.
These types of receivers will use the WebRTC standard but only to establish the setup
of the data channel.

WebRTC is a framework that establishes communication by hole-punching, which
means that the public identity of two peers is communicated through a signaling server,
a separate entity that transmits information about potential direct connections. This
direct communication, as it depends on a dynamic port range, is not always possible
when spanning modules or different HPC systems. Fig. 4.2 illustrates this setup. The
central communication host is the Synavis framework at the bottom, acting as a bridge
by collapsing individual ports to a Secure Shell (SSH) tunnel. This is indicated with the
bridge and the Synavis wrapper in Fig. 4.2. Synavis also handles the direct WebRTC
connection, making it a standalone feature of the framework. If the bridge functionality
is used, there are two separate WebRTC connections managed by Synavis, which are
synchronized through the bridge. For the connector side, i.e., the simulator or DNN
training, this is showcased in Fig. 4.2 by illustrating a WebRTC setup. The startup
of the streaming connection is done in three steps: The signaling server is an HTTP
server that will communicate and relay communication candidates via the session
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Figure 4.3. Data flow when using the SynavisUE plugin, in direct interaction with UE.
Clockwise, the components are the Synavis drone generating the data, the UE render
pipeline, the PixelStreaming plugin that extends the pipeline by an encoder and hosts
the WebRTC connection, the Synavis framework that bridges and defines JSON
commands, the connector running the simulator or DNN and controls the scene, the
input processing containing user implementations and custom geometrization schemes,
and the SynavisUE plugin taking commands for scene control.

description protocol. When this communication has been finalized, the media streams
are established as RTP [Sch+03], and the data channel is opened. Our implementation
primarily orients itself around the standard WebRTC description, seen in Jennings
et al. [JBB21], while it uses a third-party implementation of the protocol, which is
libdatachannel13.

4.3 SynavisUE: Dynamic Virtual Environments

The SynavisUE plugin is a WebRTC virtual world steering plugin for UE. Its primary
feature is the full control it allows over the virtual world. This is done in three ways:

1. SynavisUE exposes the entity-component system of UE in a JSON format.

2. SynavisUE contains methods to steer the virtual scene and embed geometries,
which can be extended using the InputProcessing class to implement methods for
a specific use case.

3. Within SynavisUE, the generation of labels and the streaming of videos can be
controlled to allow for an expedient setup of the training process.

SynavisUE generates uniquely named entities, which it stores in a runtime database
that can be accessed and polled. The methods to manipulate the scene are either based

13libdatachannel: github.com/paullouisageneau/libdatachannel
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on entities or functions that directly manipulate these entities, such as changing the
transformation of an object. Fig. 4.3 shows the Synavis drone, which is a central class
that not only parses commands but also uses virtual cameras to generate data streams.
Sparse data can also be accessed through commands, resulting in complete control over
the data generation aspect of the framework. Once the Synavis drone has been placed
within the editor of UE, it will automatically take control of the virtual environment and
is steerable through WebRTC.

Fig. 4.3 illustrates the data flow when using the SynavisUE plugin. The Synavis
drone orchestrates what data is rendered into an image to generate synthetic data. From
the UE scene, as seen in Fig. 4.3 on the top, the rendered image is further processed
into a video stream using encoding. This is output to PixelStreaming, which hosts the
WebRTC implementation in UE. On top of this implementation, the SynavisUE plugin
also uses a predefined set of JSON commands to communicate with a Synavis endpoint.
On this endpoint, a simulator or DNN training framework is running, which will receive
the streams and can communicate using the data channel. An example of such a commu-
nication is the polling of objects in the scene, {"type":"query"}, which will return a
list of objects in the scene, {"type":"query","data": ["SynavisDrone_C_0",

"SkyLight_0", "Plane_0", ...]}.
Extending the list of standard commands can be done using custom input processing

methods, which can contain domain information, such as the ability to create virtual
fields using simplified commands. This thesis showcases an example of this, as the
implementation of the virtual crop field in Baker et al. [Bak+25c] is implemented on top
of SynavisUE. For the data’s transmission, the connector should break simulation data
down to geometry and texture levels that the Synavis drone can directly process and
place into the scene. The code from above directly showcases that UE internally uses an
entity-component system, which SynavisUE exploits to make UE remotely steerable.

Downstream tasks that are of interest to DNN training are varied. With Synavis,
both image-based and measurement-based tasks can be used. Particularly for image-
based tasks, the transient properties of the rendering engine are particularly useful
[MKE20; Tre+18]. However, Synavis also enables the generation of aggregate data for
the training of DNNs. For example, counting and tracking tasks can be used to extract
exact in-silico measurements on the amounts of entities (such as plant organs) or the
position of objects (such as pedestrians). Line traces can be created, such as used in
virtual distance sensors, to simulate light detection and ranging systems. Additionally,
as highlighted in Baker et al. [Bak+23], and also by other works such as Zhang et al.
[Zha+20], the implementation of scene variation changes the data in such a way that it
influences central metrics, such as thresholds, and DNN approach performance.
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5.1 Article I: Synavis

D. N. Baker, F. M. Bauer, M. Giraud, A. Schnepf, J. H. Göbbert, H. Scharr, E. Þ.
Hvannberg, and M. Riedel. “A scalable pipeline to create synthetic datasets from
functional–structural plant models for deep learning.” In: in silico Plants 6.1 (Dec.
2023), diad022. ISSN: 2517-5025 DOI: 10.1093/insilicoplants/diad022.

This paper addresses TO1 of the thesis objectives, focusing on the use of model-
based world generation to support and augment DNN training. The primary technical
focus of this paper is the enabling and design of a pipeline that connects plant modeling
and deep learning and respective complex technical components, such as FSPMs and
CNNs. It also describes how we embed CPlantBox into UE, with relevance to all thesis
objectives. The video description of this paper can be found at:

D. N. Baker. Supplemental Video for our Manuscript ISPLANTS-2023-026.R1.
FigShare. 2023 DOI: 10.6084/m9.figshare.24179136.

5.1.1 Summary

The article describes in detail the virtual world embedding of a plant model to enable
the generation of image data that CNNs can use. Conceptually, CNN training uses
emergent properties of image data to connect the annotated data labels to features in
the image. These features can be used to infer labels from images, ideally including
unknown or atypical images. The key challenge for synthetic data is to generate features
in images that are emerging from plants in the scene, without prescribing model on
what these features look like.

Synthetic data extends the data augmentation domain to use case-specific domain
augmentation, a promising way of combating data scarcity for CNN image analysis.
We employ UE to achieve a base level of realism for our model data. For this purpose,
we have developed Synavis, a coupling mechanism that uses standardized protocols and
allows the coupling of different software to UE (or any WebRTC [JBB21] compatible
endpoint) within one ecosystem-like coupling. The coupling is furthermore explicitly
implemented for HPC use cases, allowing for the tunneling of communication and the
localized coupling of streaming peers.

The article highlights the scalable coupling method (TO1+3) and aims at establish-
ing a baseline and framework for the setup of synthetic data pipelines for (TO1+4).
Consequently, this article provides the primary description of how the plants are imple-
mented in terms of their virtual embedding. The geometrization is a critical factor, but
it also introduces a lot of additional parameters that either rely on standard assumptions,
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Figure 5.1. Model-free comparison of the same field image, showcasing a measure for
data diversity that can be utilized to control the generation. Adapted from Baker et al.
[Bak+23].

i.e., the leaf blade being perpendicular to the branching vector, or are directly derived
from the experimental data. Our approach uses an extrusion-based geometrization,
shaping a 3D realization G3 from the node structure G1, which assigns each organ of
the plant a base outline connected by triangles. Examples of additional parameters in-
troduced are stem segment orientation, radius, leaf blade orientation, and thus potential
sun exposure, and more. This iteration of the pipeline mostly focuses on scalable data
generation, highlighting aspects of the virtual environment that can be randomized and
how data set diversity can be increased. An example of this is weather, shown in Fig. 5.1,
which can be dynamically changed within UE, yielding different image properties. To
highlight the change, the histogram threshold-based leaf area index is shown below
each configuration, highlighting how domain-based adaptation can introduce dataset
diversity. This is a model-free comparison, which is a method to measure features in
the data that can be directly derived and are not dependent on an approximation. This
comparison also yields another argument for the use of a game engine, particularly
UE, in these scenarios, as the rapid change and the inclusion of weather effects rest on
previous work already implemented in this software.

To accommodate modern and modular HPC systems, the pipeline working with
the WebRTC [JBB21] implementation had to be adapted. Synavis was developed with
the bridge functionality to allow this type of connection to be hosted on HPC systems.
Video transmission is optional to accommodate the CPlantBox simulator endpoint. The
JSON communication between the peers is used to control the virtual environment, and
within SynavisUE, runtime information controls both the surfaces and the rendered
image as runtime material. These runtime materials and the insertion of geometries into
the virtual environment use the data connection, which has restricted message lengths.
To avoid the overhead of an additional communication protocol when one is already
established, the geometry information is split into packets of Base64-encoded data. The
data is then reassembled on the receiving end, and the geometries are inserted into
the scene as procedural content. Our article also showcases the use of templated base
materials that runtime materials derive from, allowing a quick prototyping of virtual
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scenes, even from a purely code-based approach. In these experiments, the FSPM has
been grown to the stage measured in the experiment before the data is extracted from
the virtual scene.

The article describes our implementation and evaluation of synthetic data. It is
imperative that underlying hypotheses about real-world data or the assumptions made
by the implementation of FSPMs are not violated by the transition and embedding in
the virtual world. To this end, we used calibrated FSPMs of maize plants to recre-
ate an experimental setup that is a virtual copy of a real experiment conducted at
Forschungszentrum Jülich GmbH at the Institute of Bio- and Geosciences 3, also de-
tailed in Bauer et al. [Bau+24] (C-D). When using the feature extraction pipeline that
was used in Bauer et al. [Bau+24] on Synavis data, it should yield similar size distribu-
tions for each leaf, depending on its age and, thus, its size. We compared the nth longest
leaf to the experimental distribution and showed that the synthetic data is slightly below
but very similar to the experimental distribution.

This work has been presented at multiple conferences and workshops, including the
Symposium on Functional-Structural Plant Models 2023 in Berlin, Germany. The soft-
ware is open-source, and our investigations into data analysis pipelines using synthetic
data on modular supercomputers provide key insight into scaling opportunities for a
very data-scarce domain.

5.2 Article II: Immersive Root Annotation

D. N. Baker, T. Selzner, J. H. Göbbert, H. Scharr, M. Riedel, E. þ. Hvannberg, A.
Schnepf, and D. Zielasko. “VRoot: A VR-Based Application for Manual Root System
Architecture Reconstruction.” In: Plant Phenomics (2025), p. 100013. ISSN: 2643-6515
DOI: 10.1016/j.plaphe.2025.100013.

This paper addresses TO2 of the thesis objectives, focusing on the data extraction
that is assisted by the direct visualization and interactive implementation of a root system
architecture that allows for the tracing/editing of RSAs and the manipulation/screening
of automated tracings. It directly uses the geometric embedding also developed for
TO1, though its original root structure visualization predates that of Baker et al. (2023)
[Bak+23]. The video description of this paper can be found at:

D. N. Baker. Video on VRoot: An XR-Based Application for Manual Root System
Architecture Reconstruction. FigShare. 2024 DOI: 10.6084/m9.figshare.
26003494.

5.2.1 Summary

The article describes our immersive RSA extraction application that uses HMDs to
enable an intuitive and direct interaction with the data. In VRoot, as also visualized in
Fig. 5.2, the 3D soil column scan is superimposed with an annotation of the root structure.
The immersive implementation of the visualization and the interaction methods allows
for a precise annotation because it removes positional or perspective-based ambiguity
that is present in desktop implementations.
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VRoot is implemented on top of UE, which serves as a platform for cross-device
compatibility. It is an immersive application that allows the direct extraction of RSAs
from 3D scans of soil columns. All visualization in the application is geometry-
based, and appropriate interaction metaphors have been implemented that assist in the
extraction of root system architectures in VR. This workflow is particularly useful in
cases where automatic tracing fails to incorporate expert or situational knowledge, as
previously reported by Horn et al. [Hor+21].

The implementation includes a data analysis server running on top of a Python14

/VTK15 software stack. Implemented methods are called, and data is communicated
via ZeroMQ16. Most more complex tasks that require only basic interaction, such as
topology changes to the RSA, are executed on the server. Both the 3D soil column scans
and annotations are stored remotely, and the VR client receives geometric information
as well as Root System Markup Language (RSML) data to construct an interactive
model visualization. The server additionally keeps track of versioning and enables the
undo action for the client side. A user-centered view of the application can be seen in
Fig. 5.2.

Within UE, the embedding of the data is done with the geometrization scheme
developed for TO1 in Baker et al. [Bak+23]. For the visualization, different methods of
translucency are used to enable the perception of depth differences. Users can choose
their posture, and the application uses fully dynamic elements. 3D scans must adhere
to common formats, and the resulting RSA is output and read in RSML format ideally,
though polyline-based formats are also supported. The choice of interaction metaphors
was based on feedback from a core user group, together with the observation that a
high-precision extraction tool requires fine-tuning on different scales of the data. For
example, the data set size can be changed, and users have been observed to refine the
tracing at different scales in the course of the annotation.

Overall, the application enables direct interaction with the data for annotation and
correction of tracings that were produced by automated tools. The user study performed
to analyze the application showed that untrained users perform better in the median
when using VRoot compared to NMRooting, while the root length extraction yields
a lower deviation from the correct length, as shown in Fig. 5.2. The study addresses
whether the immediate interaction with the embedding in a virtual space through
more intuitive metaphors can improve the data extraction process, as posed in TO2.
Specifically, there are tool sets around topological editing, also developed for the article
by Selzner et al. [Sel+23] in the contribution (C-C). A more full-fledged application,
with a focus on root system annotation and the tools needed to quickly fulfill the tasks
as an untrained user, has been developed for the article in Baker et al. (2024) [Bak+25b],
and further refined as presented in the demo [Bak+24] (C-E). Our contribution is both
methodological and multidisciplinary: We developed an immersive method to extract
RSAs, which we evaluated to yield significant improvements both with and without
noise effects. The development of VRoot is part of a larger workflow to couple data to
models, which is further detailed in Selzner et al. [Sel+25] (C-F). The steps between
data extraction and FSPM simulation are crucial, and a joint interplay between DNN

14Python: python.org
15VTK: vtk.org
16ZeroMQ: zeromq.org
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Figure 5.2. Overview of key points of VRoot in practice. A: The user uses an HMD to
interact with the data. B: More complex interaction tools are available through widgets
or menu buttons. C: The FSPM structure is directly visualized and interactive. D:
Untrained users perform better in the median when using the immersive application
compared to a standard workflow in a laboratory user study. E: The high-precision
metric of deviating from the correct root length is also lower on average when using
immersive techniques. Adapted from Baker et al. [Bak+25b].

methods [Sel+23] and manual correction [Bak+25b] is necessary to ensure the quality of
the data [Sel+25]. The application is open-source and has been presented both internally
and at multiple conferences and workshops, including the ACM Symposium on Virtual
Reality, Software and Technology, seen in Baker et al. (2024) [Bak+24] (C-E).

5.3 Article III: Synavis Parallelization of Unreal En-
gine

D. N. Baker, F. Bauer, A. Schnepf, H. Scharr, M. Riedel, J. H. Göbbert, and E.
Hvannberg. “Adapting Agricultural Virtual Environments in Game Engines to Improve
HPC Accessibility.” In: Nordic e-Infrastructure Tomorrow. Ed. by A. Azab and T.
Malkiewicz. Cham: Springer Nature Switzerland, 2025, pp. 152–167. ISBN: 978-3-031-
86240-3 DOI: 10.1007/978-3-031-86240-3_11.

This paper, submitted to and presented at the Nordic e-infrastructure collaboration
conference in Tallinn, Estonia, has been written to fulfill TO3 of the thesis objectives.
The paper describes the parallelization of UE on HPC systems, supported by the Synavis
framework and in preparation for its use in TO4.

The video description of the paper has been uploaded to:
D. N. Baker. Scene Distribution using Synavis for Game Engine HPC Use-Cases.

FigShare. 2024 DOI: 10.6084/m9.figshare.25723773.
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Figure 5.3. Overview of how the HPC embedding uses a distributed but concurrent
workflow of simulation, rendering, and DNN training. The FSPM uses a discretization
of its model but is ultimately solved as one task per plant. The rendering is distributed
according to either domain decomposition based on field segments or based on
interactive data streams. The role of the DNN training is to provide active learning
feedback. Baker et al. [Bak+25a].

5.3.1 Summary

UE and rendering tasks that rely on all rendered data being locally available are chal-
lenging to parallelize. Image stitching is a method where rendered sections of the image
are distributed to GPUs, allowing for the task-based parallelization of the rendering
workload. However, data-parallel approaches are generally more beneficial since they
distribute the workload across GPUs, but there might not be a image-based domain
partition available for certain render tasks. Our analysis has shown that the number of
concurrent FSPM simulations actively updating the UE scene will decrease the render-
ing speed to below 25 frames per second at ≥ 2000 FSPM instances. This is a challenge
when using large-scale scenes, as the render performance required to produce a drone
footage-like scene is memory-bound. However, within the use case of crop production,
typically, the focus is on a smaller area per image, meaning that the actual field size is
beyond the scope of any current training algorithm being able to deduce field properties.
This means that to distribute the scene, remote parts of the field can be omitted from the
rendering instead of resorting to level-of-detail approaches.

Virtual environments are hard to parallelize, as the render focus and the point of
greatest detail might need to shift to allow the rendering of a broader area. Particularly
in aerial vehicle-based remote sensing simulations, these points are widely distributed.
Autonomous systems for measurement and intervention are important tools for more
accurate, high-yield crop production as discussed in Taiz [Tai13]. One essential factor
is that in multi-agent systems, such as implemented by Skobelev et al. [Sko+18], the
individual agents might have different reference frames and could be either in line of
sight or not in line of sight with one another. Visualizing cooperative agents that can
view each other is harder to parallelize if the crops need to be visualized at high detail or
with physical embedding as well. Figure 5.3 shows the infrastructural markup that was
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derived for this work. The actual computation of the FSPM simulation is typically done
on a CPU (or a CPU compute node), as the diversity of the individual models means a
GPU computation is bound by the transfer of information. In the experiments described
in this paper, the FSPMs are simulated successively, and the snapshot geometries are
visualized in UE while the FSPM continues simulating.

Our pipelines offer unique possibilities when coupling DNN training to UE. The
primary distinction from other frameworks is that we utilize a loose coupling to enable
scalability and usability across cluster modules. The pipelines are especially useful for
the LUMI supercomputer, which uses dedicated nodes for vectorized calculation but
does not allow graphics to run on its primary GPU nodes [Mar+22]. This challenge
is at the core of what the effort regarding TO3 was about - the implementation of
a coupling and data generation system that is compatible with other modern efforts
to scale DNN training on HPC systems. The research question TO3 also provides a
valueable contribution to later work in TO4, which depends on the scalability of the
data generation pipeline.

Not only does our approach facilitate HPC use for model-based training, but it
also encourages the mostly physics-driven community of high-performance computing
to consider alternative use cases of infrastructures. HPC funder and centers often
acknowledge that visualization is a useful and often necessary tool to inspect data and
scale simulations in a matter that is most useful to scientists, but oftentimes, funds are
not allocated for these modules. An example of this is the JUPITER system, whose early
benchmark process is focused on the parallel implementation of simulation architectures
to gear them towards exascale computing [Her+24]. The architecture of JUPITER
[Dum23] is indeed focused on extreme-scale computing and does not currently allocate
a visualization module. While insights, especially in-situ monitoring of results, has
proven to be an effective and sometimes necessary [Bau+16] tool when using the large-
scale resources available, funds for the specific support of this kind of use case are
often underallocated. We discussed this both in our publication [Bak+25a] and on the
conference.

5.4 Article IV: Synavis-Driven Photosynthesis

D. N. Baker, M. Giraud, J. H. Goebbert, H. Scharr, M. Riedel, E. T. Hvannberg, and
A. Schnepf. “Virtual World Coupling with Photosynthesis Evaluation for Synthetic
Data Production.” 2025 DOI: 10.1101/2025.02.06.633870.

This article was written in partial fulfillment of TO4 of the thesis objectives. The
article has been sent for review to in silico plants. We present a functional coupling
between the FSPM CPlantBox and UE.

The video description of the paper has been uploaded to:
D. N. Baker. Video to: Virtual World Coupling with Photosynthesis Evaluation

for Synthetic Data Production. FigShare. 2025 DOI: 10.6084/m9.figshare.
28280780.
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Figure 5.4. Overview of the sampling process for light evaluation. The measurement is
done using virtual screen space sampling using path tracing. Surface properties are
implemented using a model scene that reflects appropriate wavelengths. The data
mapping is a texture mapping in a data scene with textures. Adapted from Baker et
al. [Bak+25c].

5.4.1 Summary

Photosynthesis equations depend on both the solution to the equations governing the
biochemical reactions and the interplay between the photosynthesis solver and the other
parts of the plants that inform its boundaries. For a well-posed system, the coupling
between the individual organs and plant systems needs to be densely defined. CPlantBox
contains a photosynthesis module, developed by Giraud et al. [Gir+23], which solves the
photosynthesis problem based on similar models developed by Farquhar et al. [FCB80]
and Leuning [Leu95].

The primary purpose of geometric modeling of plant data is the computation of
radiative transfer true to the actual surface of the plant [JG04]. For this purpose, tech-
niques that evaluate photon propagation through 3D geometric data have been developed,
illustrated in Fig. 5.4 left. Since this development was driven from a remote sensing
perspective, such as in Malenovský et al. [Mal+21], it somewhat diverged in terms of
new technical advances from the base raytracing algorithms. Very similarly, computer
graphics also developed radiative transfer models for physically-based rendering. The
similarity of the techniques and their overlap was highlighted in a study by Salesin
et al. [Sal+24]. In UE, the rendering pipeline uses as much separation of components as
possible, as game developers tend to optimize the rendering pipeline by omission of
certain components. An example of this is surface scattering, which uses a model by
Jimenez et al. [Jim+15], and can be turned on and off along with the remaining material
shader pipeline.

This publication highlights our work to elevate the FSPM visualization to a true
model embedding. Three primary contributions are highlighted, especially due to their
relevance and relative novelty when combined into a single pipeline. First, we coupled
our synthetic data pipeline to a specific functional model to compute the photosynthesis
equations within the virtual world. The model is fully integrated into the pipeline,
and the data is directly visualized. This functional view of the model is visualized
mid-measurement in Fig. 5.4. It is an indirect response to a common critique of model-
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driven data pipelines: Typically, these pipelines are one-directional, as reported by Li
et al. [Li+24]. Though Synavis [Bak+23] does not fall into this category because of its
inherent online-generation aspect, an extension of the pipeline by including functional
information is an important step towards using automated systems to discover hidden
functional traits in plants.

Second, the output of the photosynthesis model is directly visualized and imple-
mented into a data generation pipeline. The primary purpose of this coupling is to
allow for an efficient in-place evaluation of functional properties without needing to
couple to an additional GPU-intensive task separately. The UE coupling is effective and
efficient in its evaluation, as we condense spectrum-wide information into a modeling
platform that evaluates quickly based on surface property calibrations. This data view
that includes light influx information is visualized in Fig. 5.4.

A common critique of pipelines that use graphics engines is the validity of the
data. In contrast to non-heuristical frameworks such as DART [JG04] that simulate
the whole spectrum, engines such as UE are often considered unreliable visualizers
[KS23]. This critique directly questions the use of game engines as a valid heuristic
for data visualization and in this research also the functional embedding. However,
the representativeness of a reduced-spectrum view is not a question of implementation
but of data calibration, as the underlying principles are the same [Sal+24], such as
implemented in UE by Jimenez et al. [Jim+15] for surface scattering. In Baker et al.
(2025) [Bak+25c] we show that the replication of an experiment using our framework, is
possible when effective checks are used and the scene is properly calibrated. Examples
of adaptions to the render pipeline are: disabling of geometry culling, increased lightmap
resolution or path tracing, conversion of experimental measurements into UE units and
subsequent check using clearsky measurements for sun radiation.

Third, the HPC embedding of the pipeline has been evaluated on the supercomputer
JURECA-DC [Thö21]. This evaluation is important as it provides a baseline measure-
ment for this pipeline and for the implementation of the task distribution inside the
UE-Synavis pipeline and framework. The implementation is sufficienctly scalable to
match the distributed training scalability of DNN pipelines [Sed+19], which is a core
aspect of this thesis, namely TO1+3+4.
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6 Conclusion
The aspects of a full data generation and training pipeline are diverse and for plant
science also challenging to combine. This thesis not only provides a framework to
couple the simulations that contribute to plant function to a rendered virtual world,
but it also provides insights on how to embed, scale, and adapt virtual world data to
accommodate machine learning pipelines.

6.1 Summary

The work presented in this thesis yielded a framework and new method for generating
and steering virtual environments based on loose coupling between a simulation or
training framework and the virtual environment (TO1). The primary contribution of
this framework is the establishment of a coupling concept that does not only support
high-fidelity rendering on dedicated hardware but is also compatible with diversifying
hardware and modular HPC system constraints.

The use of virtual worlds to assist synthetic data as well as data extraction through
the use of immersive techniques rests on developing visualization techniques for plant
models that not only accurately reflect their simulation but also enable direct interaction
with the underlying database (TO2). The use of FSPM models for the generation of
synthetic data is a novel approach as it provides a basis for a very complex model
coupling. Models such as CPlantBox are designed to be extendable and the boundary
communication between plant functions allows for dedicated computing on separate
hardware. Individual coupling mechanisms vary, using a streaming protocol for Synavis,
while VRoot uses a message-passing interface, but the general concept of the geometric
embedding into the virtual world remains the same.

The main goal of this thesis, increasing the utility of partially limited and precious
experimental data, has been tackled in three ways. Firstly, the use of FSPMs to generate
synthetic data has been established, which is a novel approach to addressing data scarcity
in plant data analysis (TO1). Secondly, both the parallelization and the combined
embedding of experimental data and FSPMs into the virtual environment advance this
approach to not only be scalable but also more biologically relevant while retaining the
advantages the use of a graphics engine provides (TO3). Thirdly, the FSPM structural
data embedding and the involvement of interaction techniques have shown, provably,
that the use of immersive techniques enhances an individual’s ability to extract data
from noisy or complex experimental data sets (TO2). This extends the potential to use
more realistic experimental conditions without needing to resort to either expensive
equipment or methods that induce plant stress. The accommodation of more realistic
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6 Conclusion

measurement scenarios is particularly highlighted when using FSPMs to facilitate a
domain-specific data production pipeline, which allows for the generation of applicable
synthetic data with real-world use cases (TO4).

6.2 Future Directions

A host of use cases would need more support to enable this pipeline for more scalable
applications. One such use case would be the automotive industry and autonomous
driving, which has not only seen a lot of development but is also in dire need of
robustness training. Generally speaking, in many instances, the challenge is less setting
up the data pipeline and more faithfully representing a real-world object, such as a
robotic device, in a virtual world. This challenge is being tackled in numerous ways,
but the overall pipeline of using real-world models that depend on sometimes fine-
grained physics to inform its interaction with the world is still a challenge. For certain
applications, it also remains to be determined whether this level of physical accuracy
is needed. However, autonomous driving is a problem for synthetic data production
which depends on the algorithm knowing the car’s capabilities and physical properties.
The Synavis framework is suited for these use-cases for the orchestration of the data
streams, but a down-side of the Synavis framework is the fact that for physics-based
learning models, the UE scene needs to be adapted, as this type of information cannot
be established at runtime due to how UE is implemented.

Large-scale DNNs need to be trained to facilitate a greater expansion of present best
practices and work dedicated to training DNNs is needed to uncover new paradigms in
training using synthetic data, especially from the standpoint of online randomization of
training data. Domain-based randomization is a powerful tool, and its expansion into a
more sophisticated physics-based space would greatly benefit many use cases, such as
drone footage. One use case that could benefit from a scalable embedding is to not only
train a large model that detects draught stress, but also to proof it against false-positives
to preserve resources.

Lastly, synthetic data production and particularly a more fine-granular geometriza-
tion of plant organs, or geometric data from other domains, could greatly benefit from
generative methods that produce geometries. Approaches such as Shu et al. [Shu+19]
have the potential to increase the realism and augmentation performance of synthetic
data frameworks. The inclusion of DNNs into the visualization pipeline could benefit
the data production as well as the data annotation. Assisted annotation could save a lot
of time for manual expert annotation in applications such as VRoot, which has been
shown by McDonald et al. [McD+20] for a neuron tracing application. However, a high
level of precision and robustness is needed, otherwise users would need to fallback on
manual methods again with the risk of increasing workload beyond a purely manual
annotation.

Concisely, virtual worlds are an important tool that can benefit the robustness
of DNN approaches and the rigurous validation of them in synthetic, even unlikely,
scenarios might also improve public trust.

40



Article I

Article I
A scalable pipeline to create synthetic datasets from functional–structural
plant models for deep learning
D. Baker, F. Bauer, M. Giraud, A. Schnepf, J.H. Göbbert, H. Scharr, E.Þ. Hvannberg,
and M. Riedel
https://doi.org/10.1093/insilicoplants/diad022 2023

This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted reuse, distribution, and reproduction in any medium, pro-
vided the original work is properly cited.

Submitted to in silico Plants in August 2023, Accepted December 2023

41

https://doi.org/10.1093/insilicoplants/diad022
https://creativecommons.org/licenses/by/4.0/


in silico plants, 2023, 6, 1–18
https://doi.org/10.1093/insilicoplants/diad022
Advance Access Publication 08 December 2023
Technical Advance

Technical Advance
A scalable pipeline to create synthetic datasets from
functional–structural plant models for deep learning

Dirk Norbert Baker1,2,
 

 

, Felix Maximilian Bauer3,
 

 

, Mona Giraud3,
 

 

, Andrea Schnepf 3,*,
 

 

,
Jens Henrik Göbbert2,

 

 

, Hanno Scharr4,
 

 

, Ebba Þora Hvannberg1,
 

 

and Morris Riedel1,2,
 

 

1School of Engineering and Natural Sciences, Sæmundargata 2, 102 Reykjavík, Iceland
2Jülich Supercomputing Centre, Forschungszentrum Jülich GmbH, Wilhelm-Johnen-Straße, 52428 Jülich, Germany

3Institute of Bio- and Geosciences 3 (Agrosphere), Forschungszentrum Jülich GmbH, Wilhelm-Johnen-Straße, 52428 Jülich, Germany
4Institute for Advanced Simulation 8 (Data Analytics and Machine Learning) Forschungszentrum Jülich GmbH, Wilhelm-Johnen-Straße, 52428

Jülich, Germany

*Corresponding author’s e-mail address: a.schnepf@fz-juelich.de
Citation:Dirk Norbert Baker, Felix Maximilian Bauer, Mona Giraud, Andrea Schnepf, Jens Henrik Göbbert, Hanno Scharr, Ebba Þora Hvannberg, Morris Riedel. 2023.

A Scalable Pipeline to Create Synthetic Datasets from Functional-Structural Plant Models for Deep Learning
In Silico Plants 2023: diad022; doi: 10.1093/insilicoplants/diad022

Handling editor: Tsu-Wei Chen

ABSTRACT

Inplant science, it is an establishedmethod toobtain structural parameters of cropsusing image analysis. In recent years, deep learning techniques
have improved the underlying processes significantly. However, since data acquisition is time and resource consuming, reliable training data are
currently limited. To overcome this bottleneck, synthetic data are a promising option for not only enabling a higher order of correctness by offer-
ing more training data but also for validation of results. However, the creation of synthetic data is complex and requires extensive knowledge in
Computer Graphics, Visualization andHigh-Performance Computing.We address this by introducing Synavis, a framework that allows users to
train networks on real-time generated data.We created a pipeline that integrates realistic plant structures, simulated by the functional–structural
plant model framework CPlantBox, into the game engine Unreal Engine. For this purpose, we needed to extend CPlantBox by introducing a
new leaf geometrization that results in realistic leafs. All parameterized geometries of the plant are directly provided by the plant model. In the
Unreal Engine, it is possible to alter the environment. WebRTC enables the streaming of the final image composition, which, in turn, can then
be directly used to train deep neural networks to increase parameter robustness, for further plant trait detection and validation of original pa-
rameters.We enable user-friendly ready-to-use pipelines, providing virtual plant experiment and field visualizations, a python-binding library to
access synthetic data and a ready-to-run example to train models.

KEYWORDS:Computer vision; deep learning; FSPM; HPC; synthetic data; visualization.

1. INTRODUCTION

Machine learning (ML) algorithms usually perform well when
trained on large quantities of data well covering the input space.
Deep learning (DL) techniques are a subset ofMLandutilize the
training of many-layered compute graphs. Pound et al. (2017)
show that DL techniques have the highest performance on plant
image analysis, which, in turn, has been established to be a sig-
nificant bottleneck for plant phenotyping (Tsaftaris et al., 2016;
Kamilaris and Prenafeta-Boldú, 2018; Yang et al., 2020; Scharr
and Tsaftaris, 2022). Many image-based applications for plant
phenotyping involve semantic or instance segmentation, that is,

associating eachpixelwith a class label such as organ type and/or
organ numbering (Scharr et al., 2016; Tsaftaris et al., 2016; Yang
et al., 2020). In terms of DL in biological image analysis, data
are often rare and hard to extract from real-world measurements
(Pound et al., 2017). This is due to the high variability of envi-
ronmental conditions, including light conditions, rain, soil types,
stresses influencing plant appearance even for the same genoty-
peand the high intrinsic variability of plants and their changing
appearance over timedue to growthor senescence. Even lab con-
dition data cannot always be acquired in optimal circumstances
and cannot easily be reproduced as plants would need to be
regrown. Consequently, data sets acquiredover years of intense

© The Author(s) 2023. Published by Oxford University Press on behalf of the Annals of Botany Company.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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2 • Baker et al.

measurement campaigns are often heterogeneous and can only
cover small parts of a large data space.Therefore, developedplant
image analysis solutions are typically highly specialized, for ex-
ample, for specific organs and/or plant types, and do not gener-
alize broadly (Lobet et al., 2013). Inmost cases, the full potential
of the data remains unused. Analysis methods that exploit large
quantities of heterogeneousdata sets, covering amore significant
part of the data space, would be highly beneficial for robustness
and generalization.

DL frameworks and algorithms can address data analysis chal-
lenges but need a lot of data to performwell. Synthetic data gen-
eration can provide arbitrary amounts of well-annotated data,
thus enabling the scaling of DL methods to a more powerful
capacity for generalization and accuracy. Previous approaches
showed that introducing synthetic datamakes high-quality train-
ing examples available at low cost (Pollok et al., 2019; Zhang
et al., 2020). The generation of versatile synthetic data, how-
ever, requires a lot of inter-domain expertise on plant biology
as well as computer graphics and High-Performance Comput-
ing (HPC). Solutions to generate more data for specific tasks
often end up highly specialized, such as for 2D image gener-
ation approaches by Ubbens et al. (2018), who generate leaf
images for counting tasks or 2D root rasterization with noise
components as implemented by Lobet et al. (2017). Similar ap-
proaches for root systems have also been implemented byBenoit
et al. (2014) or the 3D voxelization approach by Masson et al.
(2021). Functional–Structural PlantModels (FSPMs) produce,
using cultivar-specific input parameters, plant morphological
and topological data that can then be used to produce synthetic
images. To assist with making FSPM rendering more realistic,
some approaches also include physics-based surface simulation
and reaction to light spectra (Bailey, 2019). In contrast, Hartley
and French (2021) address the potential synthetic-to-real data
gap by applying domain adaptation using image generation, such
asGao et al. (2023). Other approaches additionally use few-shot
learning, that is, a limited number of observations/samples, and
transfer learning tobridge thegapbetween synthetic andauthen-
tic images (Zhang et al., 2020). An example application where
synthetic data can be very impactful are rhizotron experiments,
which is a method for whole-plant measurement that requires
plants to be grown in specialized containers, such as producedby
Nagel et al. (2012).Themeasurements of this type of special set-
up are resource consuming and produces accurate but little data.
The significant overhead for a single plant measurement causes
challenges for theDLmodels thatneed toworkon limiteddata as
well as a need to process the present data with as much accuracy
as possible.

To use the full potential of synthetic data in the training
of DL approaches, we developed Synavis (Synavis Framework:
https://github.com/dhelmrich/synavis), a coupling framework
that is versatile enough to allow different approaches and makes
use ofHPC to allow an interplay of FSPMs, visualization andDL
model training. We developed a pipeline using visualizations of
the FSPM CPlantBox (Zhou et al., 2020) and the Synavis soft-
ware, enabling the coupling of the FSPM with Unreal Engine
(UE) (Unreal Engine, https://unrealengine.com/) and the DL
framework. Synavis handles dynamic workflows with UE and is
scalable for HPC systems. The combination of CPlantBox with

Synavis in UE also allows for the easy addition of wind, leaf
diseases imposed onto the leaf texture, and other effects such as
rain or degraded image quality. The primary goal of this work
is to improve image analysis processes for plant phenotyping
andmodel parameter extraction. To support the data generation
for these difficult tasks, there are bottom-up approaches to di-
rectly simulate surface radiation (Bailey, 2019) and top-down
approaches aimed at replicating measures (Bouvry and Lebeau,
2023). Synthetic data can also be generatively produced to as-
sist with specific tasks, such as leaf segmentation (Ward et al.,
2018).

This article highlights the central points of our contribution,
which are centred around three main axes. We implemented a
geometrization and texturization for FSPM Visualization with
CPlantBox. Furthermore, we introduce our Synavis framework
that enables the integration of CPlantBox models into UE in an
HPC compatible method for the purpose of flexible synthetic
data generation.We test our approach against experimental data
by implementing the specific use case of rhizotron experiments
todemonstrate feasibility andperformance.Furthermore,wede-
tail thefield scale rendering inour virtual environments andwhat
aspects of the pipeline give this method advantages over other
approaches.

1.1. Description of theCPlantBox FSPM
FSPMs describe digitized versions of a phenotype (Soualiou

et al., 2021) of a plant, providing means of assessing interven-
tions, crop combinations, photosynthesis assessments and even
nutrient and soil interaction.They canprovide insight into in vivo
counterparts by providing access tomoremeasures andmodeled
information, making them ideal digital twin candidates. The in-
teraction between the in silico and in vivo versions of plants can
provide valuable insight, especially concerning possible success
from interventions, as shown by Perez et al. (2022).

CPlantBox (Zhou et al., 2020; Giraud et al., 2023) is a mod-
eling framework for FSPMs based on the graph formalism as
seen in Fig. 1. Plants are described as a series of vertices linked
by edges describing the abstract morphology of the plant. The
plant object stores, moreover, a series of arrays that can con-
tain any kind of necessary information for each point or edge,
such as radius or age. CPlantBox is a stochastic model, where
all parameters are defined via their truncated normal distribu-
tion. CPlantBox can be used to generate raw plant structural data
mimicking various plant development dynamics under specific
environmental conditions. Parameterization of CPlantBox is il-
lustrated in Fig. 1 and can be done in two ways: Calibration of
the model are sometimes done directly from experimental data,
such as in Bauer et al. (2023), who investigate the effect of phos-
phorus deficiency in Zea mays plants. Another approach is mea-
suring a target distribution from experimental data, and running
an estimator for the posterior distributionof the parameter space
w.r.t. the target distribution, as done byMorandage et al. (2021)
in their work on analysing how well model parameterizations
can fit onto synthetic field data. Additionally, CPlantBox can be
coupled with other models that simulate dynamic soil or atmo-
spheric conditions. Such models can exhibit growth properties
that are grounded in, for example, nutrient availability, such as
developed by Giraud et al. (2023).
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Scalable pipeline • 3

Figure 1. Overview of CPlantBox parametrization, adapted from Giraud et al. (2023), simulation of structural and functional properties, and
visualization. Parametrization exemplifies different measuring techniques—direct and through stochastic optimization. Modelling shows our
approximation model for the true plant shape, which is the discretized point/edge model. We further introduce two options for leaf-blade
calibration. The visualization approach introduced with this work infers a 3D plant shape from the graph-like structure by assuming that by
default, there are no drastic local changes to the rotation.

2. METHODS

2.1. ModellingCPlantBox inUnreal Engine
As one of the cornerstones of our synthetic plant data

pipeline, this section will detail our 3D meshing and the mod-
eling framework for texturing plants in SynavisUE.

For the generation of the CPlantBox geometry, as seen in
Fig. 1 on the right, we implemented a visualization module that
produces triangulatedmeshes from theCPlantBoxdata. For this,
we needed to write a geometrization scheme that could convert
the point/edge graph structure into a mesh. The mesh is then
rendered in UE as object that can be placed in the scene using
Synavis.

Generally, models of the leaf surface should incorporate its
morphological properties. It greatly enhances the realism and
visual quality of the rendering, as was shown by Wang et al.
(2006). While there are different established ways of produc-
ing and texturing leaves in graphics engines, one of the more
common methods is masking. This technique displays a rectan-
gle that contains a texture with an binary mask that describes
the leaf area. As exemplified in Bailey (2019), masking the leaf
surface as a texture is a good tool of fast creation of varying
plant shapes as themasking is very cheap in both ray-tracing and
rasterization renderers. It has drawbacks, however, as modern
graphics engines such as UE might introduce additional geo-
metric features, for example, NaniteHierarchical Culling (Karis,
2021), which might change masked geometries more than their

unmasked counterparts, or their rendering does not accurately
reflect the geometry of the plant as optimizations are made.This
leads to a discrepancy between the masked leaf shape and what
is visible in the scene. Another approach is to declare a full trian-
gulated geometry for the shape of the plant, such as performed
by Yun et al. (2019) for simulated Light Detection and Ranging
(LiDAR) data (Behroozpour et al., 2017). In this work, we use
the latter approach for producing leaf shapes. The advantage of
this is that there exists a pre-rendering correct geometry that DL
approaches can train against. Our approach infers an orientation
from the point position by either assuming that the local forward
vector (i.e. in growth direction) is upright or by branching off
from the parent organ. For leafmeshing, this orientationmust be
robust, as the inferred orientation at the origin point of the leaf
blade has more extreme effects at the sides of the leaf. The leaf
blade is scaled using theCPlantBox parameter sets that also con-
tain its description. We detailed the CPlantBox geometrization
approach in Appendix E. Fig. 1 also shows how the leaf area tem-
plates are saved in the parameter file, either as linear description
as distances from the midline or as radial distance-angle pairs.
Leaf blade distances are generally shape-only parameters and
are pending the scaling using the leaf area parameters or growth
stage.

For the visualization of CPlantBox plants, textures arewarped
onto the geometry. This means that there is an internal rela-
tive coordinate system spanning the leaf surface.This projection
of the surface onto the texture is similar to some world map
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4 • Baker et al.

Figure 2. (A) We model the material, that is, the shader language graph representation, in UE for sample textures to make sure both
dynamically set parameters and operations on textures are feasible. (B) Starting from this graph, we dynamically instantiate not only surface
colour textures but also additional effects, such as normal maps or opacity masks. Example shows use of composition, with discolouration
masks and parameters set to 0 by default (such as in A), which can by used during runtime to generate additional effects, such as
discolouration. (C) UE is capable of handling a lot of geometries. While there are diverse geometry pipelines supported, Synavis uses
procedural meshes as they directly accept geometry buffers. To differentiate between organs, their individual geometries have to be transmitted
separately into mesh sections.

projections. This allows for more pixels at the leaf tip and the
start of the leaf, where oftenmore complex surface properties are
exhibited as structures merge and leaf veins flow together. Leaf
textures either stretch the whole leaf length or are automatically
repeated by the UE. However, graphics engines also support the
creation of rectangular textures that again provide more resolu-
tion along the leaf length. Masking the leaf texture comes at the
cost of potentially not allowing for enough pixel space at poten-
tially crucial parts of the leaf.With thewarping of the leaf texture,
we alsomakemaximumuse of the texture resolution and the tex-
ture buffers on the GPU. Moreover, there is an obvious midline
on the leaf, which is exactly the m ∶ ℝ ∋ x ↦ (0.5, x) ∈ ℝ2

coordinate line in the texture. For masked textures in contrast,
there always needs to be a fixed starting point and the midline
of the leaf might not be obvious. Positioning leaf sickness effects
or structural defects such as holes can be done by generating the
appropriate discoloration and transmitting the texture as buffer
to SynavisUE.

Stem textures are similarly warped, but the texture coordi-
nates for cylindrical plant organs are wrapped around the axis
counter-clockwise. Generally, this behaviour of the system can
be adapted by changing the geometrization, but mapping dis-
colourations onto parts of the plant is easier when using a nor-
malized coordinate space.

Fig. 2 gives an overview over the individual steps involved.
Users can achieve clearer data mapping and visualization when
using warped data-containing textures as opposed to vertex
colours. The surface modelling approach for the Synavis frame-
work mainly rests on the material shaders in UE as shown in
Fig. 2A. The structure of the surface descriptions allows for dy-
namic parameters that can be set during runtime, such as in
Fig. 2B. Parameter ranges can be investigated within UE, such as
how discolourations are projected onto the surface, while actual
data augmentation is done through Synavis. Parameters intro-
duced in shaders will be available for runtime adaptation. Visual
editing modes in UE are helpful for validating value ranges and
assessing how the material reacts to changes in values. This tem-
plated material increases the possible training data space signif-
icantly. Fig. 2B shows this with the example of a simplistically
generated texture mask that is superimposed onto the leaf, gen-
erating a discolouration of the leaf surface. Field settings, such
as Fig. 2C rely heavily on stochastic augmentations of either ge-
ometry ormaterial, which are alterations of the basic parameters
with random chance. Plant textures used in this example were
generated using simple generative color filters and calibrated
based on image data from experiments shown in Fig. 5. Soil and
environment texture choice depends on what is being trained. If
it serves only secondary purpose, we refer to either free-to-use
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Scalable pipeline • 5

Figure 3. Overview of the total workflow setup. Synavis is a coupling framework that utilizes standardized communication across a
supercomputing network. Oftentimes, different applications must run on specific architectures. This include highly parallelizable algorithms
such as backpropagation for DL model training. In contrast do visualization, these can also run on accelerator compute nodes that mainly
provide tensor cores, which, in turn, cannot provide rendering support.

scanned textures (examples include Quixel Megascans), or paid
custom asset collections (Unreal Engine Marketplace).

The main difference of this work, separating it from all previ-
ous approaches, are threemain points. Synavis enables a versatile
workflow that works well on plant data generation, but is not
restricted to it, as it can be added to any existing project. Further-
more, our approach is provable to be scalable, with its primary
design being catered towards its use onHPC systems. Finally, we
aimed to make it more accessible by using the default protocols
and behaviours of UE, such as WebRTC (Jennings et al., 2021).
An overview of the framework components can be seen in Fig. 3.

As shown inFig. 3A, Synavis handles the connectionandcom-
munication between UE and the DL training frameworks. Fur-
thermore, Synavis was designed as bridge service similar to the
one described in Reddy et al. (2020), connecting compatible
endpoints in amodular supercomputing architecturewhere soft-
ware might run most optimally on specialized hardware (Suarez
et al., 2019). An important feature is the steering of the virtual
scene using JavaScript Object Notation (JSON) commands, as
in Fig. 3B. Synavis also integrates well with UE without requir-
ing a direct coupling to it. The network interfacing used by this
method follows a standard and provides simple tools. More-
over, this framework allows the coupling of UE to many differ-
ent endpoints—providing simulation data, geometry, textures,
commands, information for training or communication with the
simulation.

During our investigation of current practice, we uncovered
some key workflows that we wanted to support, with tangible
applications either in demand, or already in use: Firstly, we pro-
vide access to otherwise inaccessible data for training workflows

using synthetic data, such as depth estimation (McCormac et al.,
2017) with UE, as was already shown to integrate well with the
underlying rendering pipeline (Jansen et al., 2022). Secondly, we
use UE to digitally mimic the environment for synthetic data
such as light interception (Kim et al., 2020), or scalable work-
flows to meet the rising demand for high-quality data (Scharr
et al., 2016; Pound et al., 2017; Qiu et al., 2017; Zhang et al.,
2020).

The central theme in these use cases is the combination of
complex frameworks and very domain-specific workflows. Es-
pecially in plant sciences, in combination with visualization and
DL, it can be a challenge to overcome the technical requirements
of different systems and users. Synavis is a pathway for collab-
orative use of these techniques. Incorporating a specific visual-
ization for an FSPM, plant scientists can dictate the look and
structure of the virtual scene at runtime.

2.2. Central concepts of Synavis
Synavis uses the standardized WebRTC communication

method as well as a command structure based on JSON. Gener-
ally, WebRTC is a framework to couple participants in real-time
communication. This means that the communication is always
non-blocking and reception, while possibly assured through cer-
tain protocols, does not occur in any predictable order. This
setup is preferable when messages are sent by peers at the same
time and an ordering might not be possible.

Fig. 3C shows that CPlantBox is connected to UE via a Data
Connector, which is the main component that accommodates
the possibility of transferring data to and from UE. The data

D
ow

nloaded from
 https://academ

ic.oup.com
/insilicoplants/article/6/1/diad022/7462759 by H

elm
holtz-Zentrum

 fur U
m

w
eltforschung G

m
bH

 - U
FZ user on 21 January 2025



6 • Baker et al.

connector also introduces the possibility of connecting mod-
els directly to each other or to the DL framework. For commu-
nication with UE, the data connector provides functionalities
consisting of a base set of commands that are pre-integrated to
enablemany simple workflows. As amethod of communication,
the data connector uses a WebRTC concept called data chan-
nel, which is the direct peer-to-peer message passing connection
that is the minimum required setup for a connection with the
framework. Enhancing the data connector with a media track
yields a setup similar to a video conference client receiving a
video stream, which in Fig. 3D serves as a UE–DL connection.
This type of coupling class is called Media Receiver in Synavis
and its added functionality is the capturing of video frame pack-
ages (Schulzrinne et al., 2003). The media receiver also offers an
easy coupling to decoding services that work with streams, such
as OpenCV with GStreamer (Nimmi et al., 2014). The setup of
such an example can be found in Appendix C.

Finally, communication through the Synavis framework uses
JSON. This method of communication encapsulates data well
without requiring a lot ofmeta text and is the default for thePixel
Streaming Plugin as well. An example of a simple prompt would
be {"type":"query"} , which prompts UE to relay the list
of objects within the virtual scene. All objects are accessible that
are present within the reflection system of UE. This system is a
separate data structure generation system that contains meta in-
formation on classes, properties and objects of code definitions
in UE.

2.3. SynavisUE visualization
UE is a graphics engine that has been in development since

1995 (Sanders, 2016).Apart fromgamedevelopment, it has uses
in scientific and industrial disciplines (Qiu et al., 2017; Bondi
et al., 2018; Zhang et al., 2020). We are using UE in combina-
tion with Synavis to generate virtual scene data. Using a graph-
ics engine such as UE has a number of advantages. Focusing
on the ones that are directly relevant to our workflow, we want
to highlight that (i) UE is capable of handling scripted run-
time manipulation while offering a system for fast prototyping
through editors. Whereas digital twin models require transfer-
ence of measurements, the engine itself further enables the de-
sign and use of virtual environments that are designed rather
than programmed—the user interface will make it much easier
formost users to arrive at a visually realistic environment. Large-
scale environments produced by the engine have already seen
some synthetic data uses, such as the Unmanned Aerial Vehicle
(UAV) approach by Bondi et al. (2018). (ii) UE, furthermore,
uses a reflection system, which this framework makes heavy use
of, as highlighted in Fig. 3E. Reflection systems are generally
helpful in counting or selection tasks, retrieving properties of
objectsand tracking objects. UE also grants access to the GPU
buffers that contribute to the rendering of the final image, such
as distance buffers. These buffers provide an expedient way of
accessing distance and segmentation information, which has al-
ready been taken advantage of by approaches such as by Jansen
et al. (2022).

PixelStreaming is a plugin that also changes the render
pipeline of UE to include an encoding step, providing a video
stream of the virtual scene. Typically, the final image buffer is

the last step of the rendering scene, preceeded by pixel shaders.
This image is usually transmitted to the display and discarded.
The plugin handles the final image in an another step, encoding
a video stream on the graphics card using the H264 (ISO/IEC
14496-10:2022, 2022) or H265 (ITU-T H.265, 2023) encod-
ing standards.There are alternateCPU-based encoders that have
performance drawbacks but increased compatibility, such as an
arbitrary number of encoders.The encoded image is transported
using Real-Time Protocol (Schulzrinne et al., 2003) packages.
The plugin enables easy and web-based access to a stream from
a data centre’s backend. We are using this pipeline to enable our
couplingbetween the visualizationwithUEand theDLpipeline.
Wedeveloped amanagedwayof coupling video streamswithDL
frameworks through a framework akin to a kind of relay server
(Reddy et al., 2020). This standard also provides us with means
of inserting data into UE.

2.4. Trainingwith Synavis
The central techniques we will illustrate in this work, which

enable workflows driven by Synavis, are tracking, segmentation
andmapping. This relates to Fig. 3F.

Tracking is a method of obtaining frame-wise information
about elements of the virtual world at each point in time. The
temporal resolution of this information is ultimately dependent
on the frame time of the engine. However, the temporal res-
olution of the tracked information always matches the tempo-
ral resolution of the world. Prompting tracked information is
done using a JSON prompt that triggers the transmission of the
tracked information through the data channel. The information
is sent every frame, and to compensate unordered arrival of the
data channelmessages relative to the video track frames, a times-
tamp is added to the messages to provide ordering information.
As this timestamp is also present in the video track messages
(Schulzrinne et al., 2003), the messages can be ordered. In our
use-cases, we train through the use of an intermediate image
buffer.This allows the training to progress through the data set at
any speed, decoupled from the rate of image production. While
this is not practically an issue, it does alleviate some scheduling
and fetching delay concerns for supervised learning.

Segmentation and mapping are both techniques that require
pixel-level information. UE can deliver semantic segmentation
maps via multiple techniques, specifically a separate depth ren-
dering pass for segmentation maps. This way, objects can be as-
signed an ID that will be rendered to ground truth by Synavi-
sUE. Mapping on the other hand, is largely related to mapping
properties onto the scene, on the geometry level or on popula-
tion level. Plant surfaces can contain valuesmappedonto colours
much like in standard visualization pipelines. In Synavis, these
additional information carriers are then marked as visible only
to the information camera. Alternatively, the information can also
be mapped on patches of the image rather than the actual plant
geometry. This way of generating ground truth is also possible
remotely within Python.

Overall, Synavis offers direct callbacks for frame reception
or alternatively, rerouting into decoding frameworks, such as
GStreamer, which is commonly used for remote video platforms
(Nimmi et al., 2014; Ahmadi et al., 2016). The base implemen-
tation to couple Synavis to a DL framework is implemented as a
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buffering of images, such that the reception and decoding does
not limit throughput in the training framework. This handling,
however, is implemented within the DL framework and while
Synavis offers a template on how to handle this, there are many
hyperparameters that limit generalization capacity of any single
implementation, such as output resolution, or whether images
or a video stream is needed. Image augmentations that are be-
ing considered best practice (Kuznichov et al., 2019) should still
be used, albeit as a precursor to fetching the next image as op-
posed to an operation on the data set. In this way, the actual
image is drawn from a selection of equally likely possibilities
I ∈ {I, IT, (−x, y)x,y∈I, (x, −y)x,y∈I, ...}. This augmentation
should be random depending on rank, such that the individ-
ual instance will not usually receive the same image during
training.

3. RESULTS
The creation of synthetic data for model training is useful be-
cause it is scalable (Scharr et al., 2016; Qiu et al., 2017). The
strongest advantage, even surpassing any potential synthetic-to-
real data gap, as exemplified by Zhang et al. (2020), is the ability
to generate varying data of different visual properties, while re-
taining exact information on training labels. A non-exhaustive
list of randomization options can be found in the Appendix A,
where remarks are included on how and when to introduce
stochasticity to virtual scenes.

We generally recommendmaking asmuchuse of stochasticity
as possible. A strong reason for this is the fact that previous inves-
tigations into learning behaviour of DL models found that more
general pre-training greatly improves later out-of-distribution
performance (Jitsev, 2021).

We note that for entirely custom scenes, UE provides a full-
featured3Deditor aswell as integrationof commonarchitectural
data types, such as computer-aideddesign (CAD)drawings.Our
framework, furthermore, targets runtime-creation of scenes. Ini-
tializing and coupling Synavis to UE, or its respective Synavi-
sUE plugin, the data channel connection provided is capable of
handling operations such as spawning and scene manipulation.
SynavisUE allows a combination of pre-made assets and scenes
with runtime generation of objects, and anything on the scale of
purely one or the other. Steering of the scene is done using the
Python bindings of Synavis, which allows for the direct interac-
tion of the DL framework with the virtual scene, including the
training of agents using reinforcement learning.

3.1. Setting up data generation for scalable use cases
Important aspects of the rendering should be changeable. It

is important to note that in a lot of cases, such as UnrealPer-
son (Zhang et al., 2020), synthetic-to-real transfer learning yields
better results than simple application of a synthetically trained
model onto real-world data. As such, we setup HPC-targeted
workflows and highlight how the different aspects of the scene
can be changed to target scalability rather than exact replication.
UEuses a game loop that constantly produces new images as part
of the rendering.

Through the reflection system, any registered parameter and
function can be accessed. Parameters can be changed, and

Synavis can spawn geometries as well as textures. Synavis was
further designed to make educated guesses as to the properties
of objects, so that scene setup is fast while retaining versatility.

Users should change positions, materials, geometries if appli-
cable as well as the camera properties, as this further introduces
data diversity. More possibilities and descriptions can be seen in
Appendix A.

3.2. Pipeline performance on the JUWELSBooster
In our measurements, we focused on the performance of

the individual pipeline components that contribute to the to-
tal performance. As such, we measured the field-filling capacity
of CPlantBox, meaning the timing of the generation of enough
plants to realistically fill a plant field in Table 1.

Furthermore, we measured the performance of Synavis for
different message passes. We measured the performance of Un-
real Engine in dealing with the rendering of a large-scale plant
field, as is also shown below in Section 3.3. The results of the
frame time measurements can be seen in Fig. 4.

Queries for objects or properties are delegated to either the re-
flection systemor the objectmanagement system.Manymodern
gameengines run such a systemunder-the-hood, and specifically
in the case of UE, this allows for a functionality extension that is
otherwise not possible.

An important factor of scalability is making use of the net-
work topology, namely using the fastest network available on
the supercomputer. This means that all services have registered
their expected communication via the InfiniBand network inter-
face (Pentakalos, 2002). We refer to literature (Krause, 2019;
Alvarez, 2021; Kesselheim et al., 2021) for an in-depth overview
of the supercomputing system that we are using. One the Jülich
Wizard for European Leadership Science ( JUWELS), one clus-
ter compute node has two Intel Xeon Platinum 8168 CPUs.
Booster compute nodes additionally have four NVIDIA V100
GPUs. Furthermore, the JUWELS supercomputer has, in ad-
dition to its Ethernet network, an InfiniBand high-performing
high-throughput network that is entirely unrestricted. The sig-
nalling server included in the Synavis framework also contains
methods of automatically detecting and using the InfiniBand
network. Overhead is introduced by the layers of application
management. These layers are the PixelStreaming plugin it-
self, the transport layer using WebRTC, and also the mes-
sage passing management by Synavis and its handling on the
Python side. This amounts to an average of 0.1 s per message
(𝜎= 7.79E−05, n = 1000). The low standard deviation shows
that the main delays are in fact the traversal of the communica-
tion layers.This average is also a total of diversemessages, but the
individual categories are not very different, such as for a simple
query in ∼ N(0.1003, 8.771E−05, n = 250) seconds in con-
trast to transmitting geometry in ∼ N(0.1004, 8.01E−05, n =
250) s.

For complex scenes and geometries, it is also important to un-
derstand the underlying processes that happenwithinUEduring
scene generation. To showcase UE performance on JUWELS,
we ran a measurement of the complete engine tracing (Unreal
InsightsTracing) on the JUWELSboostermodule.The setup for
this tracing is simple and can be seen in the listing inAppendix B.
The timings of certain UE processes can be seen in Table 2.
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Table 1.Timing of CPlantBox generation of plant structures. For this experiment, the plant parameters from Section 3.3 were used. The
visualizations were taken into account for the stem and leaf part, as for the field scene, the roots are not visible. Note that these measurement
were done using a descriptive callibration of CPlantBox for experimental measurements and thus only capture the structure and morphology
of a maize plant as observed in the laboratory. Coupled simulations will take longer. CPlantBox simulations were run on 4 CPU nodes with 192
MPI instances total (48 cores each). Timings were wallclock timings before simulation run until after geometrization was completed.

Task Simulation of one plant Parallel total Num cores

1 M plants/7 days 0.015 s 𝜇 = 0.005 121.40 s 192
1 M plants/14 days 0.067 s 𝜇 = 2.6E−4 353.34 s 192
1 M plants/28 days 0.1 s 𝜇 = 3E−4 535.44 s 192

Figure 4. Performance measurement on field scene in Unreal Engine, see Fig. 6. This measurement was done on the JUWELS Booster with
about 340 K plants and a total of 80 M triangles. The average frametime is measured for each call of the field drone’s update method. There are
spikes in the framerate for initialization and geometry loading. The maximum frame time is 0.4 s.

Table 2.Timing statistics of UE runtime on a JUWELS Booster node, total time of experiment was 6 min, and measurements were taken per
frame. This table shows the most significant timings that were relevant to the game performance. Lumen Screen Probes are used for dynamic
shadowing and global illumination, whereas the scene captures are separate full render passes. Timings were taken using Unreal Insights, an
application shipped with Unreal Engine.

Task Average time per call (s) Total seconds

Time until rendered image is encoded to video 0.0366 19.3
Rendering of the synthetic data onto the image 0.006 54.3
Raytracing steps for the image composition 0.005 70
Cumulated two-sided rendering of the image 0.018 163
Full run of the application loop 0.052 360

The configuration of this test can be seen Appendix B. UE
performs on the JUWELS cluster using the installed compat-
ible graphics interfaces and NVIDIA drivers. The program is
packaged in Windows and only uploaded to the cluster. Alter-
natively, UE packages can also be generated within the cluster
environment, using the shared memory as build directory.

For larger fields, plant generation might be an issue. We
measured how long the FSPM CPlantBox, callibrated on lab-
experiment grown plants, needs to generate one million indi-
vidual geometries. This includes the loading of the parameters
and full FSPM simulation, which also creates a single realization
of the stochastic parameter set, as well as our geometry genera-
tionmodule.Themeasurements can be seen in Table 1 andwere
performed on the JUWELS CPU module.

3.3. Synavis for augmentation of a Rhizotron experiment
To validate the Synavis framework and showcase that it

correctly replicates experimental (Data Source: Repository of
CPlantBox)data,wefirst producedavirtual replicaof a rhizotron
experiment seen in Fig. 5 and then scaled the CPlantBox model

up to field scale in Fig. 6. There is a strong bottleneck in data ac-
quisition for rhizotron experiments as the effort to produce data
is very high: Rhizotrons need to be filled, seeded and stored dur-
ing the measurements and most of the processes must still be
done manually. This causes a large overhead for the data acqui-
sition that is not comparable to field data, as field data can be
seeded in bulk and the restrictions on how to grow the plants
are less limiting. To repeat a rhizotron experiment many times,
either a lot of resources are needed to run the experiments in
parallel, or an long time is needed for the back-to-back repeti-
tions of the individual experiments. Moreover, it is necessary to
achieve the proper environmental conditions for each experme-
ntal run. Therefore, often only a very limited number of shoot
and root images can be obtained from rhizotron experiments.
Since it is of huge interest to have data of shoot and root from
the same plant, a precise segmentation of all organs is required.
Consequently, labelled image data from rhizotron experiments
are both needed and scarce.The scarcity of the data makes train-
ing a segmentation network based on this kind of data very hard.
As such, it is necessary to implementmethods thatmake optimal
use of rhizotron images. To approach these challenges, we design
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Figure 5. Overview of experiment setup. For this setup, we chose to model the soil within UE by making use of the modelling toolkit. From the
material properties, we can change this dynamically similar to how the plant is positioned (middle). Synavis allows us to change properties of
the plant as well as what measurements we make, whether pixel-based (right) or quantitative, as presented here by examples of leaf instances,
root segmentationand depth mask.

a virtual rhizotron experiment using the FSPMCPlantBox, cou-
pled via Synavis to the UE. In the course of this section, we will
highlight how the setup works, how data are produced, how to
fetch the data and furthermore, present a variety of test scenarios
to use for training.The experiment setup for this example is pub-
licly available andwe encourage the tuning and customization of
all content we produce.

3.4. Setting upCPlantBox for the laboratory scenario
Therhizotron used as baseline has an interiormeasurement of

(20 × 60 × 2) cm in w × h × d as well as a distance of 138 cm
to the camera. In the UE scene, for the sake of generating syn-
thetic data, some of these measurements might be varied.While
the orientation of the camera to the rhizotron matters, as it, of
course, must be directed at the object, themeasurements are not
impactful and, in fact, should be changed for the training. The
base setup can be seen in Fig. 5 (left).

However, root growth must happen within the constraints of
the rhizotron,which canbedoneusing signeddistance functions
to limit root growth (Zhou et al., 2020). This restriction helps
with the visualization in this instance, but does not detract from
the stochasticity of the simulation.The seed position of the plant
is put on top of the rhizotron box, and the simulation time is 25
days in steps of 0.5 days.

3.5. Integrating the geometry intoUE
Simulation of the CPlantBox plants is done sequentially: in-

dividual plant geometries are inserted into UE uniquely and
regularly to exchange the data. This is shown in Fig. 5 in the
middle, where a plant is rendered within the otherwise empty
rhizotron. For this implementation, we automatically add cer-
tain textures to the geometry, by using a container class in UE
that can separately receive a stem, leaf, and root geometry group.

This separation of the organ parts allows the use of different ma-
terials for the individual organs.This is not strictly necessary, but
it is much easier to separate the individual components both on
the Python endpoint as well as in UE.

Geometry generation is handled in the same script as the cou-
pling, as the generation is done in regular intervals. This is a
hyperparameter for training: more regular exchanges of the ge-
ometry might help in some circumstances. For feature extrac-
tion tasks where the orientation of the shoot to the root does
notmatter, we can further randomize shoot orientation formore
images.

We note that the segmentation is done by using an alternate
depth rendering pass within UE, which makes sure that we have
a separation of the roots from the rest. However, it is also impor-
tant to only show the root system that is actually visible, which
is being taken into account during soil rendering. In Fig. 5, we
highlight now this part of the rendering pipeline works by con-
trasting the root rendering.There is apossibility of estimating the
whole biomass or leaf area from a drone perspective, but there is
a strong distinction between the tasks estimate total leaf area and
segment and calculate visible leaf area, which depends on the label
sets and themeasurements of the accompanying real-world data,
if applicable.

3.6. Randomizing the laboratory scene
Scene randomization in laboratory settings is challenging, but

not impossible. A lot of robustness also stems from changing
camera properties. Lens properties, such as shutter speed, ISO
factor and aperture, can be configured in UE through Synavis to
allow for some more physically based randomization. UE also
offers features such as film grain to allow for more augmenta-
tion. This is a filter that would introduce noise that does not
correspond to what the information rendering is seeing, similar
to depth of field. Distance measures through UE can be altered
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10 • Baker et al.

but will be exact by default. Users might choose to artificially
decrease data quality through selection or filtering algorithms,
as LiDAR data can be imperfect as well (Zhao et al., 2022). At
this point, image-based augmentation usually done on image
datasets should still be employed, evenon streams.Wecalibrated
leaf surface colours in thedirect comparisonusing average colour
measurements.

3.7. Training concepts
In this framework, the active camera in the scene continuously

emits an encoded video stream,much like a webcamwould.The
other data transport method is the data channel—a direct mes-
saging pathwaywith low latency andminimal overhead.Thedata
channel is also the minimum required communication channel
to setup a WebRTC connection.

Fig. 5 on the top-right shows an example of leaf instance seg-
mentation that was handled via the data camera. Note that this is
not necessary if the training algorithmalso has access to the plant
data, fromCPlantBox, alongwith its orientation and position on
themap.There, leaf instances on regions of the image can also be
inferred directly from the plant data. However, ultimately it de-
pends on how the real-world data are labelled, and the synthetic
data should be labeled the same. In this case, pixel labels can be
acquired much faster than any other type.

3.8. Upscaling the simulation to field level
Large-scale examples of the Synavis framework are possible,

but require a lot of resources. In our case, the best way to uti-
lize the scalable aspects of the framework is to make use of the
modular supercomputing architecture. We present a large-scale
example of synthetic field data generation using Synavis and the
FSPM CPlantBox. The setup is shown in Fig. 6. For the setup
of the field, usually a boundary definition is sufficient. The addi-
tion of geometries for the soil can be done premeditated in the
editor or at runtime throughSynavis.Whengeneratingplants us-
ing CPlantBox dynamically, we refer to themeasurements of the
associated processes in Section 3.2.

Randomization between compute nodes is done using JSON
descriptions that are generated based on local rank, as exempli-
fied in Fig. 6. This can be included in the runscript, or explicitly
in the python environment. Generally, it is possible to have both
varying (SynavisUE Lighting Management or Dynamic Volu-
mentric Sky Lighting Management) as well as static-property
scenes for comparisonbetween compute nodes ofmodel robust-
ness. This is especially shown in Fig. 6.

The setup is aimed at producing high stochastic variability
while allowing for cross-comparisonbetween the individual data
extractions. As such, we utilize a large field that is centrally pop-
ulated by the FSPM with plant geometries. UE uses primarily
GPU resources, but will also have a lot of CPU work to do, as
the virtual world has to be simulated and UE needs to respond
to inputs through the Synavis framework. As such, UE can run
either on the booster module or the visualization module of a
supercomputer. This is only true for booster modules that allow
rendering, such as JUWELS. Training frameworks and extrac-
tion tasks are best run on the booster module and connected to
UE via a common network interface or through tunnelling. The

CPlantBoxgeneration is best runonpureCPUnodes, as the gen-
eration of plant models can be run in parallel or, in the case of
coupled simulations, would use too many resources to be used
together with UE on the same node. In our approach, we do not
compute theCPlantBox geometries locally on theUEnode.One
bottleneck, however, is that the spawning of geometries occurs
in batches for each frame, resulting in a warm-up time until the
scene is loaded and present.

4. DISCUSSION
We developed a novel framework for a direct and scalable cou-
plingof anFSPMvisualizationwithUE.This framework, Synavis
and its plugins SynavisUE, are primarily designed to allow for a
loose coupling of data generationwith synthetic data training on
HPC systems. The framework is designed to allow the transport
of FSPMs toUE, while also allowing easy access to objects in the
scene as well as their properties. Synavis automatically conveys
information from UE and is extremely suitable for people who
develop their own applications in UE, especially building on top
of existing projects.

4.1. Analysis of the synthetic data
Synthetic data must, most of all, convey the information and

retain the measurable properties that the experimental data also
exhibits. To analyse the performance of SynavisUE in the exam-
ple use-case, the rhizotron experiment, we ran the data through
the extraction pipeline that is also used for themodel calibration
on rhizotron experiments (Bauer et al., 2023). Using the skele-
tonization and subsequent topological analysis, we extracted leaf
blade lengthmeasures fromUEaswell as the experiment, as seen
in Fig. 7.

We want to highlight that, in general, it is more beneficial to
create diversity rather than exact replicas. Nonetheless, the syn-
thetic data should be targeted at the use-case. Scalability can be
targeted while training problems that are closely related to the
target measurements. We see in Fig. 7 that the synthetic mea-
surements are lower, in general, with a higher standard devia-
tion. Lowermeasurementsmight be caused by the flatness of the
leafs.The comparison of the synthetically generated data and the
experimental data in Fig. 7 right shows that relevant plant mea-
sures are replicated and are not distorted by the synthetic data
generation pipeline.

4.2. Comparison to other approaches
For comparison, we highlight the use of UnrealCV (Qiu et al.,

2017) in science. An example of this is the data set generation for
UnrealStereo by Zhang et al. (2018). Conceptually, UnrealCV
is not dissimilar to SynavisUE, with the distinction that Synavi-
sUE is based on PixelStreaming and loose coupling rather than a
direct interaction. Furthermore, we put more emphasis on real-
time data generation than writing data sets. The loose coupling
on our end also enables us to separate technologies andmake use
of a system where interaction of the DL models with the scene
mimic a robotics environment with all its latencies, as the world
continues to simulate and does not wait for input. Moreover, we
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(A)

(B)

Figure 6. (A) Overview of the field data generation pipeline. We also show scene property change can lead to significant changes in acquired
data. The setup for a field visualization with a cluster is used to assess robustness of models against influences of the image. In this example, the
field is not randomized to allow for a comparable result in all compute nodes. Influences on the image can be numerous, and here we primarily
showcase the change of weather that impacts image rendering. For more direct management, the SynavisUE plugin also contains methods of
quickly altering lighting effects. Since all assets have UE accessible properties, the JSON description for the rank automatically manages the
condition. This can be done preemptively using a JSON file, or through Synavis dynamically. The prime advantage of using the pipeline is
versatility, as measurements as well as data labels can be generated very easily. The field scene is especially impactful for a number of aspects,
such as conditional instance segmentation by using prior knowledge on which parameter set was used for the plant generation. Rule for
calculating the relative leaf area is extracting by channel and then by threshold.

expand on the concept of synthetic data generation and present
a whole-plant rendering approach together with data generation
in UE as well as a coupling to training algorithms.

We especially highlight the embedding of Synavis into amod-
ular supercomputing system(Suarez et al., 2019).Both JUWELS
(Alvarez, 2021; Kesselheim et al., 2021; Krause, 2019) and JU-
RECA supercomputers (Krause and Thörnig, 2018; Thörnig,
2021) are modular supercomputers. Newer systems, such as
LUMI, further developed this concept to focus their accelerator

systems on general compute-based programming paradigms
(Markomanolis et al., 2022). For these systems, it is more op-
timal to separate the visualization and training component onto
different modules, which for modern tensor core GPUs is even
necessary as they do not provide rendering infrastructure. We
designed Synavis with this concept in mind.

Moreover, we would like to make the important distinction
between the generation of a virtual environment and algorithms
such as by Gao et al. (2023). These approaches make the images
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Figure 7. Comparison of parameter extraction pipeline between synthetic and real-world data. Real-world data, a total of 23 plant images at
this growth stage and angle, were acquired in controlled rhizotron experiments. Bottom: Analyzed skeletons of shoot organs, starting with the
pseudo-stem. Right: Comparison of blade lengths in mm, compared across samples sorted by longest first. The error bars indicate the standard
deviation on each axis.

more realistic and the trainingmore robust, but ultimately flatten
the virtually generated environment to images by augmenting
them unpredictably. These approaches have also been reported
to be unable to retain the geometric qualities of the virtual scene
as described as CycleGAN failure cases by Hartley et al. (2021)
and Zhu et al. (2017). SynavisUE is a framework that lets train-
ing models interact with the virtual scene by steering and ma-
nipulation. Furthermore, our scalability setup utilizes the fact
thatmanipulating settings in the scene creates augmented images
whose main advantage is the fact that one can interpolate set-
tings between a success and a failure case while always retaining
a coherent and well-annotated image.

4.3. Synavis: possibilities and limitations
Synthetic data are not the final training step, if fine-tuning has

to be performed. We believe that the main strength in synthetic
data training is its scalability rather than exactness.

Transfer learning approaches such as ImageNet (Deng et al.,
2009)based encoders have exhibited goodperformance inmany
use-cases, as analysed by Huh et al. (2016) and Morid et al.
(2021). The reason behind this is that a lot of tasks in computer
vision are re-usable and generalizewell.This concerns individual
feature maps as well as activation weights that are transferable.
One exampleof this is presentedbyChen et al. (2020),who anal-
yse transfer learning performance in image-based plant disease
detection.

Synavis and SynavisUE aremost comfortably usable between
a pre-trained network and the final tuning. Synthetic data pro-
vide a lot of variety when given proper stochasticity commands,
and its use in training DL models is potentially very impactful.
Synavis is created with strong data augmentation in mind, as
scene properties can be changed at runtime, changing the visual
properties of the data.

WebRTC is a video real-time communication experience
standard. For our user-less framework, this means that the video

informationmight not be in lossless format. OnHPCmachines,
we usually circumvent this by scaling up the image size and
downsample on the DL side. Formats like H264 (ISO/IEC
14496-10:2022, 2022) are very light in network usage, as shown
by Van der Auwera et al. (2008), but might impact the cus-
tomizability of the framework because the numbers of encoding
sessions are limited, or by the aspect ratio of supported image
formats.

4.4. Outlook
In this article, we showed the promise and practical use of

our coupling framework, together with a visualization of the
FSPMCPlantBox. Visualization ofmoremorphological features
is needed in the future to push the limits of the visualization.We
also aim for calibration measurements such as light metring in
comparison to UE lights, as currently we can make only relative
but not absolute statements about how plants would behave in
the simulated scenes.

WebRTC is inherently interactive, which means that data are
sent both ways (Jennings et al., 2021). We will build on this
concept further by allowing the steering of the data generation
during training.

There are possibilities in advancing algorithm robustness that
are both depended on scene variety as well as training strategies.
We will explore both those options in the near future.

Incorporation of different data sources is also possible within
Synavis, but more fine-tuning should be done to arrive at a
successful scene visualization.
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MODELANDDATAAVAILABILITY
The code is open source and available under the Synavis and
SynavisUE repositories with an example avaliable under Synavi-
sUEexample.TheCPlantBox official code can be found at on the
institute’s GitHub page. The branch associated with this article
has been forked to this page.

We have prepared introduction videos to the subjects. An
overview of the framework and pipelines that are possible can
be found here:
Baker, Dirk Norbert (2023). Supplemental Video for our
Manuscript ISPLANTS-2023-026. figshare.Media. https://doi.
org/10.6084/m9.figshare.24179136.v2
A step-by-step guide can be found here:

Baker, Dirk Norbert (2023). Step by Step guide to setup
Synavis with CPlantBox and Unreal Engine. figshare. Media.
https://doi.org/10.6084/m9.figshare.24182592.v1
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APPENDICES

A. VARIATIONOFVIRTUAL SCENES

Table A1. Selection of scene variation possibilities to improve larger-scale data augmentation using Unreal Engine and Synavis. The list is not
exhaustive, but should give a good impression that stochastic augmentation should be applied wherever possible.

Object Property Description

Sun Position 2 DoF 𝜙, 𝜂 ∈ [0, 𝜋]
Sun Strength [Lumen]
Sun Ambient light Intensity [Lumen]
Field Plant position Varying position 2 DoF, dependent on scene and placing, interior experiment

scenes have less potential variability here
Field Plant density Handled via position, this would be a goodway of targeting differentDLmodels

that also react sensitively towards changes in complexity
Plant Plant age determined by parametrization, usually within T ∈ [0, 30]
Plant Plant leaf bending Partly visual feature—leaf bending is influenced by environmental conditions.

When rendering a wet scene, leaf bending should be increased. For accuracy, it
should be determined how large the impact of additional weight is on the leaf
structure. If it can be assured that the leaf bending is not taken into account to
solve the target problem, this can be estimated.

Room Room lights and diffusion For digitized experiments, lights should be calibrated to actual brightness values
as stated by the bulb manufacturer.

Room Room wall material RGB texture X × Y × R × B × G, Specularity, Roughness
Camera Camera lens properties A collection of scalars describing the cameras lense and depth-of-field effects in

UE
Camera Camera position Camera paths throughout the scene might further reveal critical insight into

algorithm performance in specific and extraordinary circumstances.
Post processing Colour and screen effects Film grain, movement effects, and more effects can be introduced using Post

ProcessMaterials. Not that encoding effects would be captures using the style of
encoding and if finetuning towards those effects should be done, the reference
should produce effects that might be affected by the encoding the strongest.

B. UNREALENGINECLUSTERCONFIGURATION

1 m = syn.MediaReceiver()
2 ...
3 tracefile = "trace_" + str(int(time.time())) + ".utrace"
4 m.SendJSON({"type":"console", "command":"trace.File "+ tracefile})
5 start_time = time.time()
6 runtime = 360
7 while time.time() < start_time + runtime :
8 time.sleep(0.05)
9 pos = np.random.rand(3) * 100 + np.array([0, 0, 0])

10 size = np.random.rand() * 0.9 + 0.1
11 v, i, n = cube_geometry(size, pos)
12 v = v.flatten(); i = i.flatten(); n = n.flatten()
13 m.SendGeometry(v, i, "cube", n, None, None, True)
14 m.SendJSON({"type":"console", "command":"trace.stop"})
15 m.SendJSON({"type":"console", "command":"quit"})

Listing B.1. Setup for the scalability test performed with an increasing number of cube geometries within the scene. These were randomly
spawned through Synavis.
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Table B1.Configuration for unreal engine runtime on JUWELS Booster.

Property Value Info

Encoder H264 GPU-Encoding
Resolution 3860 × 2160 4k UHD
Keyframe interval 1 Triggers transmission of the full image every second
Scene capture virtual shadow map size 4096 This allows the scene capture components, the Info-

Cam and SceneCam of the Synavis Drone, to have larger
shadow maps than in a classical setting (default 512)

Render offscreen true Needed for cluster headless mode
Max GPU count 4 Allows unreal to make use of NVLink
PixelStreaming degradation preference Maintain qualitry Prevents UE from subsampling the encoding

C. MEDIARECEIVER IN SYNAVIS

1 import Synavis as sv
2
3 media = sv.MediaReceiver()
4 media.Initialize()
5 media.SetConfig({"SignallingIP":"625.174.856.321", \
6 "SignallingPort": 8080})
7 media.SetTakeFirstStep(False)
8 media.StartSignalling()
9 media.SetMessageCallback( \

10 lambda message : message_buffer.append(message) \
11 )
12
13 while media.GetState() != sv.EConnectionState.CONNECTED :
14 time.sleep(0.1)

Listing C.1. Simple coupling with media receiver.

D. OVERVIEWOFPIPELINECOMPONENTS

Table D1. Short overview of all pipeline component mentioned in this article, their function, and where to find out more and/or download
them.

Pipeline component Function Futher information

CPlantBox
• Generation of plant model
• Provision of geometry

see Giraud et al. (2023), https://github.com/Plant-Root-
Soil-Interactions-Modelling/CPlantBox

Unreal Engine
• Visualization of the plant in a virtual scene
• Scene variation
• Streaming of images

www.unrealengine.com

Synavis UE
• Reception and integrationwith PixelStreaming
• Dynamic command handling
• Integration with UE system

gh/dhelmrich/synavisue

Synavis
• Coupling between frameworks/software
• Connection handling and signalling server
• JSON format parsing and python binding

gh/dhelmrich/synavis

OpenCV/Pytorch
• Reception of images
• Random image augmentation
• Data analysis

pytorch.org, opencv.org
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E. GEOMETRIZATION
Generally, for a complete geometry as seen in Fig. E1, we compute vertices V ⊂ ℝ3, vertex-assigned normal vectors N ∶ V ∋ x ↦
n(x) ∈ ℝ3, triangles (with an ordered set V): T ⊂ V×V×V, as well as texture coordinates A ∶ V ∋ x ↦ a(x) ∈ ℝ2 and tangents.
For a full introduction to geometry modelling, we refer to Hughes et al. (2014).

We extendedCPlantBoxwith a geometrization pipeline based on its graph formalism and common assumptions. In this section, we
describe how the plant data are used to create the plant morphology. Moreover, some characteristics of the plant morphology are not
simulated by CPlantBox. Default geometrization schemes have, therefore, been setup while keeping the resulting geometry mainly
sensitive to the CPlantBox outputs, as seen in Fig. 1 and further in Fig. E1.

Stem geometrization is based on generating a continuous space of ordered circles in a 3D-space that is connected by triangles.
Their orientation has to be inferred from the graph structure, which means that their rotation Quaternion qo,i,i−1 ∈ ℍ is defined by
the angle between two consecutive segments i − 1, i on the organ o. The rotation operator is defined as Rot(q, x) ∶= q ⋅ (0, x) ⋅ q−1

where q ∈ ℍ and x ∈ ℝ3. To prevent ambiguity of the local geometry, we generate the circle in local space Po,iL and transfer it to
world space by using the new direction and the axis of the previous segment. The transformation from local to world space can be
described as

P(o,i)W = d(o,i) ⋅ Rot (P(o,i)L , q(o,i,i−1)) + C(o,i) (E1)

where PW and PL are the positions in world and local space, respectively, d is the local diameter, q is the world orientation quater-
nion andC is the position of the segment i on organ o. We compute a quaternion by the vector of two subsequent points i and i+ 1 as
well as the last coordinate system vectors u (forward), v (right) andw (up).When using splines, that is, smooth curves in 3D space, to
interpolate points, we can also compute rotation using the curve derivative.Within our rotation spaceℍ, we can use spherical interpo-
lation by applying q𝛼(q0, q1, 𝛼) ∶= q1 ⋅(q−1

1 ⋅q2)𝛼 with𝛼 ∈ [0, 1]being the interpolation factor, whichwe use for angular smoothing.
Triangles are computed by connecting subsequent pairs of vertices with their predecessors. To update the coordinate system with a
new forward vector u(i), we compute the new up vector w(i) = v(i−1)× u(i) and the new right vector v(i) = w(i)× u(i).

For leaf geometrization, we interpolate the graph structure of the underlying FSPM by using a series of splines. For the leaf struc-
ture specifically, we employ two distinct techniques to describe its surface: Linear and radial description. A linear leaf description is
a geometrization that assigned each point pi on the midline of the leaf a distance to the edge of the leaf blade in each direction. In
contrast, radial geometrization is a kind of template that describes a shape by the distances di at specific angles 𝜑i from a centre point
of the leaf, such as the end of the petiole. For the leaf structure, we are rendering the leaf as two-sided flat surface. This means that all
leaf variants are rendered into a series of triangles spanning the top and bottom part of the plant. Within UE, we can also simulate this
by not culling the backface triangles of the geometry, and instead rendering the backfaces like frontfaces.

Additional structural features of the plant geometry can be inferred from texture as well: UE can render plants with additional
world position offset, which changes where the vertices are rendered in the scene, regarding a displacement vector given in the ma-
terial shader. This is especially useful when simulating wind, especially in conjunction with our texture warping technique as we can
prescribe forces at specific positions relative to the leaf surface.Masked leafsmight behave somewhat unpredictablywith this addition,
as it is not always clear where the first leaf point connects to the stem.

Normal

Tangent

Cotangent

Vertex

Triangle

Figure E1. Leaf-level geometry, applied texture onto texture coordinate map, as well as local coordinate spaces. Texture image axes correspond
to tangent directions. A local coordinate system is essential for a robust geometrization of the leaf; otherwise instabilities cause significant
visual artifacts. Local coordinates are not always guaranteed to be right-handed but uniform across the leaf surface. The surface normal is also
the local z-axis, while the surface tangent in the direction of the leaf is the local x axis while the cotangent (to the right) is the local y axis. By
default, we heavily punish the z component of the cotangent vector while updating with each new CPlantBox point information.
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A B S T R A C T

This article describes an immersive virtual reality reconstruction tool for root system architectures from 3D scans
of soil columns. In practical scenarios, experimental conditions will be adapted to fit the need of the data analysis
pipeline, including sieving and drying the soil before scanning. Based on previous reports of automatic systems
that do not represent what experts would annotate, we developed a virtual reality system to assist with the
extraction of root systems in cases in which automated approaches fall short of expert knowledge. The aim of the
present study is to evaluate whether our immersive method is superior to classical annotation approaches when
tested on synthetic data sets using untrained participants. Our laboratory user study consists of evaluating the root
extractions of participants, along with their rating on central user experience and usability measures. We show
significant improvement in F1 score across conditions (noisy or clear data) as well as an improved usability. Our
study highlights that using virtual reality in root extraction improves accuracy, and we perform an in-depth
evaluation of biases that occur when users trace roots in soil volumes.

1. Introduction

Understanding root systems is an underappreciated part of the pro-
cess of sustainable agriculture [1,2]. Historically, it was not possible to
access root systems except by using difficult excavation processes.
However, more recent research highlights that an analysis of the spatial
configuration of roots, i.e., the root system architecture (RSA), is a critical
aspect of understanding plant response [3]. Notably, there is a large
variance in root traits [4], which impacts functional aspects of plant
behavior. The root traits of a single plant can be measured from its RSA. A
digitized version of the RSA yields a full description of the functional and
structural traits of the root system. Functional-Structural Plant Models
(FSPMs) are coupled simulations of plant structure and functional traits.
RSAs can be used as boundaries in these functional simulations to pro-
vide insight into plant performance that cannot be measured directly.
FSPMs bridge gaps between measurable indicators that might not
directly correlate unless the plant is viewed as a continuum model [5].

Ideally, non-destructive observations of RSAs are used in experiments

to allow repeated measurements, such as is possible using rhizotrons for
statistical descriptions of roots [6]. A full RSA reconstruction in the face
of partial root obstruction or destructive measurements is challenging.
Non-invasive 3D imaging methods, like Magnetic Resonance Imaging
(MRI), can assist by giving a more complete insight into the root system
architecture [7]. 3D imaging techniques do not require direct interven-
tion into the plant growth, and they do not require the introduction of
transparent obstructions. While the plant growth in a soil column is more
restrictive than in a field, key insights can be gained from an in-depth
analysis of 3D imaging data, such as the progression of diseases in the
plant [8]. Another key aspect in the dissemination of information from
plant image data is the potential to gain insight through root modeling, as
both in-silico experiments [9] as well as quantification of the continuous
processes between soil, plant and atmosphere can provide valuable in-
sights [5].

The extraction of RSAa is more challenging and depends on the
quality of the image data. Most approaches to extract RSAs from 3D
image data result in tree-like or centerline structures that describe the
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morphology of the root systems. Fully automatic approaches fall into the
categories of topological analysis [10] or optimization-based approaches
[7]. There are also semi-automatic approaches, that require user inter-
action for key aspects, or to correct the automatic propositions. For a fully
automatic approach to function, the globally optimal solution to the
extraction problem must reflect the correct RSA. This is not necessarily
the case, as in some measurements, artifacts due to soil composition and
soil water content can lead to a difference in measured and actual
morphology [11].

Manual approaches are a way of dealing with challenging image data
properties, as expert knowledge can be required to completely extract the
RSA to a degree that it is useable in further analysis. Selzner et al. [12]
show this in an analysis of MRI image segmentation and how it impacts
automated tracings, an analysis which uses a previous version of VRoot
as expert baseline. Past approaches typically aimed at solving this chal-
lenge through guided optimization [11] or semi-automatic correction
[7]. To assist with manual RSA reconstruction, Virtual Reality (VR)
software has been developed, which was used to model RSA functional
properties [13]. However, usability of these systems was limited as they
were less portable than current VR hardware, which have improved in
accessibility and display properties. The use of modern Extended Reality
(XR) or VR hardware and software has the potential to increase the space
of experimental conditions that are useable in combination with 3D RSA
extraction techniques, thus closing the gap between data analysis re-
quirements and realistic experimental conditions. Within VR, RSAs can
be visualized directly in a more intuitive embedding, as the 3D displays
will be able to accommodate and visualize depth as well as spatial
configuration. VR is a promising tool, as it has been shown to improve
extraction quality for similar tasks in other disciplines, such as neural
imaging [14]. To improve our workflows of manual RSA reconstruction,
and to investigate the applicability of VR in these workflows, we have
developed VRoot, a VR application that assists in the reconstruction of
RSAs by visualizing the 3D volume and providing intuitive toolsets for
the reconstruction and adaption of RSAs.

We have built VRoot with the toolsets needed for exact and expedient
RSA reconstruction. There are many tasks for which VR improves the
quality of task completion in comparison to desktop applications. In this
work, we investigate two research questions: Does VRoot improve the
data extraction workflow for users annotating 3D MRIs? Furthermore, is
the RSA reconstruction using VRoot more exact than using classical
methods?

To answer these questions, we have conducted a laboratory user study
with participants on-site. With an in-silico 3D root image, we have tasked
participants with extracting the root system using VRoot and NMRooting,
a state-of-the-art desktop RSA extraction and analysis application [7].
With the resulting RSA reconstructions, we have quantified key traits of
the root system, and more importantly, the accuracy of the extraction in
comparison to the original RSA.

This work makes several key contributions to 3D plant phenomics.
First, we present a new VR-basedmethod to interactively reconstruct root
systems from 3D imaging techniques. We quantify the user-based errors
and reconstruction artifacts in a laboratory user study. Lastly, we eval-
uate the use of VRoot based on user feedback obtained through
controlled questionnaires.

In the remainder of this section, we briefly describe basic terminology
for VR and provide a background for our reference application,
NMRooting. In Sec. 2, we describe VRoot in the context of our day-to-day
extraction workflow as well as the setup of our laboratory user study.
Results of the study and our data analysis results are shown in Sec. 3,
while we discuss the findings and implications as well as future directions
in Sec. 4.

1.1. Immersive Analytics

Visual Analytics is a discipline of supporting data analysis and
reasoning through visualization and graphical interfaces [15]. A subset of

this field, and the collection of techniques it encompasses, is Immersive
Analytics (IA), which involves the use of immersive interfaces, such as
VR, which itself is a subcategory of XR. There have been a large variety of
use cases for IA in science [16], and the VR application described in this
work is another example. We focus on use-cases that are comparable to
the use of VRoot, to provide context and an overview of instances in
which IA has provided increased insight for data analysis pipelines. The
neuron tracing application developed by Usher et al. [14] use
Head-Mounted Displays (HMDs) for the sparse annotation of 3D image
data. Usher et al. [14] developed an application to trace neuron con-
nections in 3D space with handheld controllers and consumer-grade VR
hardware. Usher et al. show that there is a significant speedup for experts
to annotate neuron traces in VR in comparison to a classical desktop
application. This result has been further improved by the introduction of
topological features assisting with the extraction of neuron traces as
shown by McDonald et al. [17].

Immersive displays are varied, ranging from room-scale installations
to small portable devices. In comparison to the ImFlip150 system used in
Stingaciu et al. [13] for root annotation, HMDs require less space, are
mobile/movable, and can be comfortably used at any office workplace. A
disadvantage of HMDs in this comparison can be the loss of reference in
the real world [18]. The HTC Vive Pro used in this work is a wearable
low-persistence display [19], similar to other HMDs. It is tracked using
base stations that help the HMD infer user position and orientation. VR
controllers are similarly tracked, in addition to containing buttons that
users can press for interactions. Interaction in VR is commonly done
using interaction metaphors, which are user actions done using control-
lers or gestures that impact the virtual world, as the user cannot directly
interact with it. These include grabbing to virtually pick up items, as is
common in VR applications, but also pointing for movement outside of
the restrictions of the installation or walkable space [16]. Our central
consideration of choosing VR techniques without involving pass-through
or see-through augmented reality devices involves reduced depth
perception of 3D renders in see-through devices [20] and reduced text
readability in pass-through devices [21]. As such, any use-case of
multitasking between the virtual and real world that directly relates to
the RSA data would suffer from these drawbacks. Additionally, perfor-
mance on difficult tasks tends to be reduced when multitasking [22].

Evaluating the use of human-centered techniques, particularly in the
case of immersive systems, is challenging [23]. However, there is a long
history of formal analysis in human-computer interaction that we can
make use of. For example, a commonmethod of evaluation by users is the
System Usability Scale (SUS) [24], which introduces the notions of us-
ability regarding task completion. Questionnaires such as SUS have been
predominantly designed for software system evaluation but can be used
for immersive software, as the inherent effects are similar [25]. Evalua-
tion metrics used in this work are described in Sec. 2.4.

1.2. NMRooting

NMRooting [7,26] is a framework and application for the extraction
of root system architecture by extracting the minimum-weight shortest
paths with additional functionalities, such as gap closing and
semi-manual extraction. We chose this application as a baseline as it is a
well-established application that is also a proxy for similar applications
and approaches, such as those developed by Horn et al. [11] or Zeng et al.
[10]. Furthermore, NMRooting has seen regular use, including recently
by Le Gall et al. [27], who used the non-destructive investigation of the
RSA through NMRooting to analyze whether the root water uptake
profile is an indicator for plant development. NMRooting uses desktop
user interaction metaphors such as clicking and dragging to fulfill 3D
annotation. Clicking in NMRooting traces a selection ray from the
viewing surface to the isosurface data, marking the first surface that it
hits. Dragging is a metaphor that allows users to turn the camera around
the isosurface data, as well as zoom and pan. Within NMRooting, users
can alter the automatic tracing of the data set, which is more in-line with
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the use of applications such as TopoRoot [10] or the application devel-
oped by Horn et al. [11]. However, more fine-granular alteration to the
reconstructions are possible by directly interacting with the data,
yielding higher extraction accuracy in cases such as larger gaps as re-
ported by Horn et al. [11].

2. Methods

Fig. 1 shows the total setup of our workflow, from data extraction to
eventual use. Plant containers are typically plastic containers with a
single plant growing in sieved soil. We are aiming to measure and extract
RSAs from a large variety of soils and water contents. The resulting soil
volume is generally a slice based 3D volume. This volume might require
stitching, depending on the explicit setup of the MRI scanner. The soil
water content together with the soil type (such as either loam or sandy
loam) impacts the overall signal-to-noise ratio [26,28]. Furthermore,
ferromagnetic particles within the soil might impact the measurement
quality and might even disrupt root signal continuity, resulting in gaps in
the root system [11,12].

Segmentation is generally a voxel-based mapping that labels a part of
the image as either foreground or background, thus reducing the
complexity of the data. For our pipeline, we generally use 3D segmen-
tation by deep-neural networks, as implemented by Zhao et al. [29] and
Uzman et al. [30]. Previously, we have shown that this step improves
both automatic as well as manual RSA reconstructions [12]. Fig. 1B
contains an illustration of this step. Generally, network architectures
vary, but the key challenge for segmentation networks is providing a full
view of the root system in the soil, while removing noise from it.

This paper uses a semi-automated method as reference, and most

automatization methods rely on sparse extraction from volumetric data.
NMRooting developed in Van Dusschooten et al. [7] uses a voxel signal
cutoff to determine what areas could include root voxels, followed by a
signal-strength-weighted shortest-path algorithm to extract the root
system. A key aspect that drove our implementation of VRoot is a chal-
lenge presented in the automatic tracing implementation by Horn et al.
[11], who included a comparison to manually annotated RSAs. Their
algorithm optimizes signal-based features. They highlight cases in which
extractions that differ from manual annotation are computed, because
the algorithm chooses smaller (more optimal) gaps based on signal
strength, while the expert annotation bridges a comparably much larger
gap in the segmented image data. This kind of expert knowledge is hard
to incorporate into automated algorithms in cases where the information
cannot be gained otherwise, for example through repeated measure-
ments or measurements at a later point in time when the roots have
developed further.

Our output structure relies on the Root System Markup Language
(RSML) [31]. It is based on the XML standard and can be extended to
other use-cases. We use RSML both as data output as well as the primary
source of information when rendering RSA structures in 3D.

Ultimately, the VR application presented in this work provides an
immersive visualization of root systems and can easily be coupled to
automatic tracing algorithms through their standardized output. Our
application furthermore benefits from segmentation approaches that
enhance the spatial visibility of the root morphology [12]. Lastly, using
our approach, one can use previously unusable image data, either
because automated tracing algorithms still fail in certain cases, or
because a level of precision needs to be reached that would be otherwise
unobtainable with desktop software.

Fig. 1. Process overview of our MRI analysis pipeline. A: Plant containers are non-magnetic tubes with sieved soil. These are scanned using an MRI scanner, resulting
in a voxelized soil volume. B: If the data is too noisy, 3D-U-Net segmentation can be employed in addition to the explorative functions of VRoot. C: The resulting RSAs
can be used for FSPM calibration or functional simulation boundary. Below, we present a flowchart of the overall steps in our pipeline.
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2.1. Virtual reality root tracing

We present VRoot, a novel method for manual RSA reconstruction and
correction. To obtain the RSAs with the accuracy that we require, we
developed a tool that allows expedient fine-tuning. Manual annotation in
VRoot is loosely based on methods developed and used by Stingaciu et al.
[13] and Usher et al. [14]. To support a wider usability in terms of target
hardware, and customization options, we developed2 VRoot on top of
Unreal Engine1, primarily to allow for reproduction even if hardware
constraints are altered. A key aspect of the rendering of 3D imaging data
in VR is the ability to look at the data from different perspectives while
retaining the dimensionality of the data regarding their perception. We
implemented VRoot with the key idea that different users might want to
interact on different scales and in different postures, as previously
highlighted by Zielasko and Riecke [32].

VRoot is an application that assists with very accurately tracing RSAs
in 3D volumes, by providing immersive visualization and intuitive
interaction. VRoot uses the Unreal Engine for cross-platform rendering
and porting, while the interface to VR hardware uses the OpenXR
abstraction standard. The data analysis system is a python server,
communicating with the application via a remote connection imple-
mented in ZeroMQ. VRoot almost exlusively uses geometric representa-
tions of data, augmented by custom interaction that allows editing of
graph structures and visualization of soil scans. In the application, the
soil volume is thresholded and visualized as isosurface computed around
a cutoff value that can be chosen dynamically within the application. We
use the Visualization ToolKit (VTK) [33] implementation for isosurfac-
ing. VRoot is used to manually extract and edit RSAs, which are visual-
ized on top of the 3D volume using the geometrization scheme described
in Baker et al. [34]. Our implementation of VRoot consists of a full
analysis pipeline using interaction metaphors, implemented2 using the
Unreal Engine. We implemted an RSML authoring system in VR, along
with the possibility to extract, change, as well as fine-tune RSAs.

Fig. 2 shows sample views from the user's perspective in the appli-
cation. We chose a darker environment to reduce eye strain. Users
interact with two controllers, one for selecting as well as tracing, while
the other controller is used for grabbing metaphors.

Fig. 2A shows the basic user interaction components. Interaction with
the RSA is done via the nodes. All nodes in the RSA are selectable and
while tracing depends on manual user interaction, changing of properties
is selection set-based, meaning that users can mark as many nodes as
desired to change their properties. The widgets (grey) change the se-
lection set's properties, such as diameter and position. Fig. 2B shows a
snapshot of a user drawing a root, indicated by the pink interaction. This
is automatically available once the number of selected nodes is exactly
one, or without any tracing present. The widgets to edit node properties
always work on the selection set, changing the diameter or position of the
selected nodes. The volume itself is displayed as an isosurface, as seen in
Fig. 2C, whose signal cutoff value can be changed from within VR
through the use of a slider widget. The full visualization of the RSA al-
ways uses the RSML topology and assigns colors to root order. We are
using dithered translucency for the isosurface to avoid depth-perception
issues with the surface. More general root functionality that is outside of
node editing is accessible via a point-and-click menu, such as assistance
tools for time series annotation or editing tools for RSA topology. Users
can generally place nodes freely within the 3D environment, though it
needs to be stressed that there is a degree of freedom in VR, the rotation,
that is not captured by common data types, such as RSML or VTK format.
To enable a more expedient workflow, many more complex tasks,
including the visualization algorithms, are offloaded onto a server to
allow the interactive application to run smoothly while still allowing the

completion of complex tasks. For a selected data set, the system searches
for the most recent tracing and displays it on top of the 3D image.

We designed the application with expert workflows in mind and have
been continuously improving the workflow to assist with observations
such as by Stingaciu et al. [13] and Selzner et al. [12]. However, the
assessment of a system that depends on human interaction is not as
straight forward as assessing the quality of an algorithm, even with a
ground truth data set present. We are evaluating this in a more controlled
fashion by performing a user study that is being guided by synthetic data
and user questionnaires, under the restriction of using a pool of potential
users that all have a similar knowledge level about the applications. We
chose to evaluate untrained user performance for this reason, allowing us
to focus on the relative performance of the applications without needing
to balance the data for previous experience.

2.2. Laboratory user study

To answer our question on whether VR annotation can outperform
state-of-the-art desktop annotation for RSA reconstruction, we performed
a mixed design laboratory study, assessing the applications within-
subjects with the between-subject condition of water noise. We
compare our software against NMRooting described above, since
NMRooting is not only state-of-the-art for 3D annotation, but also is
similar to other applications. The evaluation of the study is aimed to
answer the question on whether the VR software yields a higher recon-
struction accuracy as well as a higher usability. We map performance to
reconstruction accuracy in a virtual MRI scan: Our comparison between
applications and conditions relies on the assumption that how closely a
participant (after a short training phase) follows the ground truth with
their annotation is a direct indicator of the usefulness of the application.
In this instance, the term laboratory study refers to a controlled setting in
which human participants with similar starting conditions could perform
tasks and evaluate the applications. Through the use of a sufficient
number of individual participants, effects that are individual to certain
people should be eliminated, and the overall usability of the software can
be evaluated. To enable this process, the set of possible options within a
single application has to be restricted, so we exclusively use "tip-to-tree"
and node annotation in NMRooting and basic drawing without correction
in VRoot.

The user study was designed to answer our questions and assumptions
on the improvement of software and measurement quality from MRI
scans. We postulate the following hypotheses on the application perfor-
mance on the software level as well as on the data level.

Improved Workflows: We expect that the major indicators for soft-
ware quality will be im-proved when using VR software. These indicators
are an improvement (H1) of System Usability as well as an improvement
in the subjective pragmatic performance (H2) of the software. These
hypotheses will be tested using the participants’ evaluation using the
questionnaire after task completion.

Extraction Accuracy: For the extracted root systems, we postulate
that key relevant measures will be impacted by the use of VR. The total
root length is expected to be different (H3), which also applies to the
branching density (H4). We believe that the VR software will result in a
higher overall accuracy (H5) which is further impacted by the presence
of water noise (H6). Water noise and impact of signal-to-noise ratio have
well-reported impacts on reconstruction accuracy [7,10–12], which is
why we assume that it is a significant factor in the reconstruction accu-
racy of participants. We expect that the total root length is closer to
ground truth when using VR (H7) and that the VR extraction of the
branching density does not differ from the branching density within the
virtual MRI (H8).

2.2.1. Tasks & measures
The main task that participants were asked to perform is extraction of

the RSA from anMRI soil column scan. This includes the extraction of the
pathway of individual roots as exhibited within the MRI scan, loosely

2 VRoot implementation: https://github.com/dhelmrich/VRoot.
1 Unreal Engine, developed by Epic Games Inc. https://www.unrealengin

e.com/, accessed 2025-03-27.
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based on signal strength. Participants were asked to mitigate noise effects
if present and extract a fairly simple explanation for the signal that they
were shown. Furthermore, participants created a labeled RSA, which in-
cludes the order of the root explicitly. Participants were asked to label
both primary and lateral roots as such. The tracing of the RSA resulted in
each case in a full RSA, including positioning but excluding diameter.
Participants were asked to provide their demographic information as
well as a subjective evaluation of the software they were tasked with
using. In total, participants performed the extraction task two times, with
the evaluation of a questionnaire in between and at the end.

Participants were tasked with extracting a root system from an MRI
scan, once using the VR application and once using NMRooting. The
water noise condition spanned both data sets, meaning that independent
of the order, a participant either completed the task for each application
with water noise, or without. Participants were tasked with tracing a
virtual MRI scan, as described in Sec. 2.3. Extraction of the RSA was done
with both applications, and the resulting structures were compared
against ground truth.

Participants evaluated each application with the System Usability
Scale (SUS) [24], the User Experience Questionnaire (UEQ) [35] as well
as the NASA Task Load Index Short (TLXs) [36]. These are described in
Sec. 2.4.

2.2.2. Procedure
Participants gave their informed consent. Participants were divided

into four groups by ID. The first distinction was made on whether a
participant received data with water-like noise. Furthermore, it is
varied which application a user tested first, resulting in four conditions.
The conditions were order of application and water noise. The study
procedure consisted of five steps. In the first step, participants would
quantify their own previous experience and calibration measurements
were made to setup the HMD. Afterwards, participants would be
introduced to the first application (Desktop or VR) and after this initial
training phase, the study data set would be loaded, and the participant
performed the task without help. Participants then evaluated the
application using questionnaires. Lastly, these two steps would be
repeated with the other application. For the full description of all steps
involved in the individual phases, see App. B.

2.2.3. Apparatus
In our experiment, we ran VRoot on an HTC Vive Pro HMD. In our

tests, the application framerate was typically within 80–90 frames per
second. The entire study was conducted in the "Virtual Reality Labora-
tory" in the Institute of Bio- and Geosciences 3 of the Forschungszentrum
Jülich GmbH. The study was conducted sitting at the laboratory desk,
facing the monitor. The VR software was used sitting by all participants.
For considerations on whether to support or design a system for standing
or seated setups, we refer to current literature [37].

The questionnaires as well as the NMRooting application were used
on a desktop PC with a desktop resolution of 1920 � 1080 with mouse
and keyboard. Our tests were performed on a PC with an Intel i7-8700K
CPU, 32 GB of RAM and an NVIDIA 2060 RTX SUPER GPU.

2.2.4. Participants
The user study data set was acquired from over 20 participants

working on-site at Forschungszentrum Jülich. We have contacted po-
tential participants, pre-emptively excluding anyone with either previous
VRoot experience or knowledge of the goal of the study. Furthermore, we
required normal or corrected-to-normal vision.

Total participation in the user study was n¼ 20. These include in total
15 male, 4 female, 1 non-binary and 0 other. Age distribution was almost
uniform from 20 to 43 years, with a median age of 33. Self-reported
experience using 3D applications was 4 participants with no experi-
ence, 8 users who reported using 3D applications at least once, 6 sporadic
users and 2 experts. Self-reported experience using VR applications was
5: None, 5: Once, 7: Sporadic and 3: Expert. None of the participants had
previous experience in the specific application NMRooting or the specific
application VRoot.

2.3. Evaluation using FSPM simulated root data

We are evaluating user-based extractions of root systems in the
context of a virtual MRI scan. These virtual MRI scans were designed
specifically for this study and the RSAs were simulated using the FSPM
CPlantBox [5]. We calibrated the simulation for the task and slightly
increased the inter-lateral distance for the first-order lateral roots. This
RSA serves as a ground truth measurement. With noise that we typically
see on a larger scale, such as Fig. 3A, we modeled a smaller bean root
system seen in Fig. 3B and imposed a noise model on it.

We computed the signal strength of the resulting MRI scan by using a
simple heuristic based on the total volume of a root segment in a certain
voxel. To avoid non-uniform task performance in the extraction task, the

Fig. 2. Annotated screenshots of VRoot. A: Two-handed use of the drawing function. New position and connection is indicated in pink. B: Selection is set-based and
changes are done on all selected nodes, drawing is only possible with one. C: Subsequent root orders have high color contrast and MRI is dithered for depth-preserving
translucency.
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between-subject condition of water noise was chosen such that either the
whole data set had noise effects or no part of the data. Within a soil
cylinder of 1.5 cm diameter, a soil volume with water noise was seeded.
The noise was locally scaled with the signal-to-noise ratio of 4.3. Noise
addition/substraction was followed by applying a weierstrass
transformation.

Since the original root system has been created by an FSPM, we can
directly compare it with the manual extractions. This allows for an exact
quantification of errors, which helps in assessing the factors in the
decision-making process on what application to use for the pipeline.
CPlantBox has been well-researched in terms of its stochastic properties
[38], and is fit to be used as baseline for a user-based evaluation of
extraction software. Additionally, any effects we would see in terms of
the impact of the synthetic nature of the plant we would see in both
applications equally.

As described in Horn et al. [11], to be able to confidently match be-
tween user-annotated RSAs and those generated by software or simula-
tions, the correspondence between the architectures needs to be
calculated. In this evaluation, we have used the distance-matching
threshold of d ¼ 15 in voxel units that was used by Horn et al. [11].
Since any length of simulated root could correspond to one or more
manually annotated segments, and likewise one manually annotated
segment might correspond to more than one simulated root, we compute
the full segment distance matrix as

ðDÞi;j ¼min
x;y

��Pi þ x �ðPi � Pi�1Þ � Pj þ y ��Pj � Pj�1

���
2
where x; y2 ð0; 1Þ⊂R

(1)

where Pi is the point coordinate of the ith segment, x and y are optimi-
zation parameters and the resulting distance matrix D only captures the
minimal euclidean distance between two lines. This will result in a base
distance metric that we use to match segments of different lengths. The
matching process first assigns 1-to-n correspondences to simulated seg-
ments before it tries to match any unmatched manual segments to those
simulated segments that were previously matched to exactly one
segment. Organ-level label continuity is provided through matching
roots. Two roots are considered matched if their cumulative distance D �
ðen �emÞ 7! dðm;nÞ 2 R is the lowest among all other possible assignments
with respect to the sets e of the segment indices.

We computed the accuracy based on root matching to ensure that the
correct identification of roots is rewarded and to measure extraction

differences that contribute to differences in root length. This
topologically-aware accuracy is computed using a ground truth root set
of IGT and a set of traced roots IT , with a set of

Ic :¼ fn2 IGT
���argminm2jRjdðm;nÞ \dðm;nÞ � dg, signifying the correctly

matched roots.
To compute the measures for the correctness of the extracted RSAs,

we first match the root systems to the ground truth. This ensures that
there is topological information in the resulting scores. Root Lengths Ln
generally refer to the total length of all segments corresponding to the
root, namely Ln :¼

P
lni of the i 2 In segments of organ index n. We use

the ground truth LGT as the reference for the scores, where LGC is the total
length of correctly matched roots computed from IGC � IGT . The root(s)
that are matched to a root in the ground truth are a subset of the root set
of the tracing, ITC � IT . It follows that the total length of false negative
roots that were not traced is LFN ¼P

lni IGT \ IGC. We especially highlight
that the total length of correctly, which means matched, ground truth
roots is not necessarily the same length as the sum of matched roots in the
tracing, meaning that LGC 6¼ LTC because IGC � IGT whereas ITC � IT . LLP
is the total length of false positive roots, i.e., computed from segments
that were not present in the ground truth but present in the tracing. The
recall value R is a measure that encapsulates how much (in length) of the
root system was traced, defined as

R¼ LGC

LGC þ LFN þminð0;LGC � LTCÞ 2 ½0; 1� (2)

where we further penalize the tracing in cases where the extracted root
length is smaller than the length of the ground truth. On the other hand,
the precision value P encapsulates whether the manual extraction con-
tains only as much length as the ground truth root system:

P¼ LGC

LGC þ LFP þminð0;LTC � LGCÞ 2 ½0; 1� (3)

For the precision, we further penalize roots that were extracted
correctly but are too long in comparison to the ground truth. The pre-
cision and recall values are asymmetrical, decreasing with different
metrics, but can be summarized by the symmetrical F1 score, which de-
creases with both false positives and false negatives:

F1 ¼ 2 � P �R
Pþ R

2 ½0; 1� (4)

The F1 score is a comparison score that yields relatively similar values
for different deviations from the ground truth. This score allows the
comparison of applications that exhibit different characteristics, but due
to its symmetrical nature, allows the comparison between them.

2.4. Measures for application comparison

The measures on usability of the software as well as user experience
are difficult to measure objectively, and thus, questionnaires are typically
utilized. These questionnaires include the System Usability Scale Ques-
tionnaire (SUS) [24], the User Experience Scale (UEQ) [35], and the
NASA Task Load Index Short (TLXs) [36]. Due to the human interaction
component of the system, we chose to use standard methods of evalua-
tion with the added component of knowing the ground truth of a virtually
generated MRI scan. Thus, we obtain a combination of subjective and
objective measurements for assessing the software. We attached the full
participant survey in the supplemental material.

The SUS is primarily aimed at quantifying the subjective user
assessment of whether the given system is fit to help the user solve the
problem. The resulting score is scaled within ½0;100�⊂N. Commonly, the
software is considered to rate well on this scale if it is above 85 [39].

UEQ scores are a way of evaluating the quality of the subjective user
experience regarding basic descriptions of the software. The UEQ is a mix
of adjectives that are presented in a contrasting manner. The adjective

Fig. 3. Side-by-side comparison of the study image data sets, scaled to image
height as opposed to real height. A: We typically observe, depending on soil type
as well as soil water content, highly ununiform noise. Locally, this might be
expressed as smudges around the roots. B: Our simulation of a faba bean is being
rendered with respect to the relative root length/diameter through a voxel. This
image data set is the use-case for the noise-free participants. C: We added and
subtracted noise features using a Weierstrass transformation. This results in
slightly more complex, but uniformly complex, image data.

D.N. Baker et al. Plant Phenomics 7 (2025) 100013

6



sometimes has overlapping meanings, and the general assessment of the
software regarding these properties is very subjective. The NASA Task
Load Index Short is a questionnaire to assess the subjective difficulty and
strain on the user when completing the tasks. Users evaluated the ap-
plications in an online questionnaire, which we have attached to the
supplemental material. We measured the extracted RSA, as well as
camera data from participants, in addition to participants completing the
questionnaire.

2.5. Data analysis

We aggregated the data into two groups, based on the water noise
condition. We computed the subjective scores per participant according
to the respective guidelines. This applied to SUS [24], UEQ [35], and the
TLXs [36]. We performed the data analysis entirely in Python. In tables or
figures, we will refer to VRoot simply as VR, and to NMRooting as
Water/NoWater Conditions are referred to asþW or -W respectively. As
such, VR þ W refers to all data points of the VR software that have the
water noise condition. In the following, total (T) refers to all data points.
For hypotheses testing, our confidence cutoff is p ¼ .05.

We tested all measures for normal distribution using the Shapiro-Wilk
test, to ensure subsequent tests are informative and valid. For the sake of
uniformity and comparability, we are using non-parametric tests in cases
where not every condition is normally distributed. We chose the Mann-
Whitney (Summed Rank) test for differences in median in cases where we
do not find a normal distribution.

Statistical reporting includes the test statistic tðDoFÞ, the critical value
p, the effect size value (Cohen's d [40], defined as for differences in
statistics Ti), as well as degrees of freedom (DoF). In cases where ground
truth is available, we test for a specific means using t-tests. The test values
for normal distribution can be found in App. A. We use t-tests for SUS,
UEQ, and TLXs. Mann-Whitney tests will be used for total and average
root length, F1 score, and inter-lateral distance.

3. Results

We omitted one subject (female,þW) from the study after the subject
succeeded the task trace the taproot within the training phase but did not
succeed with that task in the study phase. This means that we have 10
data points for the condition -W and 9 for the conditionþW. The tracing
and details on reasons of omission can be found in App. C.

3.1. Descriptive data

We include box-plot descriptions of the relevant measures. Fig. 4
shows the SUS scores over all conditions as well as the TLXs scoring and
UEQ pragmatic quality. The SUS scores are scaled within [0, 100],
though must not be understood as percentages. We have computed the
median in instances of data points that have no normal distribution,
which is indicated by the orange line in the boxplots. Data sets that
contain a ground truth (simulation) value indicate this value with a red
line. Data points outside of the inter-quartile range (1:5 �ðQ3 � Q1Þ) have
been included and marked as x-symbol.

The within-subject condition of the order of the application was
combined it served as balancing of the applications against learning ef-
fects. The subjective scores that are relevant to the applications can be
seen in Fig. 4. Herein, we present the SUS, the Task Load as well as the
pragmatic quality. Fig. 5 shows the accuracy scores of the data sets. For a
more in-depth understanding of the individual effects, we further present
relevant RSA measures in Fig. 6. Herein, we have a ground truth mea-
surement for all conditions. Ground truth measures were extracted from
the virtual MRI algorithmically, meaning that we extracted measures
with the MRI mapping and voxelization in mind. For the comparison, we
show as a red line the ground truth value from the actual simulated data
set as opposed to the parameterization. For the number of lateral roots,
we filtered roots of a length li < 3 [cm] to allow for the evaluation of the
extraction without unnecessarily including tracing artifacts in NMRoot-
ing (seen in Fig. 7). The inter-lateral distance was calculated on the
taproot only.

Fig. 4. Boxplot with conditions on x axis and score on y axis, orange line is the median. A: Overview of System Usability Scoring across conditions. Scoring across
order conditions (within-subject) was summed. B: Overview of Task Load Index Short Questionnaire score, sum of all questions except perceived success, which was
inverted. C: Overview of UEQ participant scoring for the pragmatic quality of the data.
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3.2. Results regarding user study hypotheses

We summarized the statistics and hypothesis data in Table 1, which
includes the most important data points. This section will give a brief
overview of what results we measured on the hypotheses we had
described in Sec. 2.2, and further indicators regarding ground truth
comparison.

SUS: We observe an average usability of 82 for VR and 67 for
NMRooting. VRoot has scores significantly better than NMRooting as
measured using a one-sided t-test (H1). Notably, VR þ W has a average
usability of 86 and NMR þ W of 62, with tests showing significant
improvement by using VR, which is not the case for the comparison VR-
W > NMR-W.

UEQ: Pragmatic experience that can be extracted from the UEQ is the
average of the three statistics Perspicuity, Efficiency, Dependability. VR
scored 1:841 on average and NMRooting scored 0.912, resulting in a
significant difference (H2).

Root Length: The length measures of the root system are average and
total root length, seen in Fig. 6A and B respectively. We computed the
differences in extraction quality regarding these two measures, allowing
for an assessment of overall extracted biomass and the correct identifi-
cation of individual roots. The average and total root length contain
useful information about what challenges participants encountered
during the annotation. We observe a difference between NMRooting and
VR in terms of extracted root lengths (H3). Deviation from ground truth
was tested as well as the difference between the methods. The extraction
of the average root length was, on average, correctly done in NMR-W, by
a single-sample t-test (tð9Þ ¼ � 0:979; p ¼ :353). The total root length
extraction in VR-W yielded no significant difference to ground truth,
yielding tð9Þ ¼ � 0:426; p ¼ :680. Other conditions, including aggre-
gates, yield significant differences. Differences between the applications
exist in the case of the individual conditions (þW/-W) as well as the
aggregate. We furthermore observe that the extraction of the total root
length yields larger differences in the þW condition.

Root Topology: Computing the extracted number of laterals that
have a minimum length of 3 cm, we find that only NMR-W found the
correct number of lateral roots. For the branching density (H4), we

observe a difference between the extracted number of lateral roots in the
þW case, but not in the -W case nor in the aggregate case.

F1: We find that the F1 score of the extracted root systems is signifi-
cantly higher for VR in both þ W and -W conditions (H5). Additionally,
we find an increase in the difference between the applications once water
noise is present (H6).

Influence of Water Noise: We observe a significant increase in the
difference between the applications when water noise is present. This is
the case for the average root length, the total root length, and the F1
score. The computation for the F1 score test required random pairing
between individual scores.

Inter-Lateral Distance: This measure is defined as the average dis-
tance between two consecutive lateral organs Oi; Oj. VRoot users
correctly extracted the inter-lateral distance, tested using a two-sided
Mann-Whitney-U Test. NMRooting yielded a significant difference to
ground truth in the þW condition, by single-sample t-test with tð8Þ ¼
1:619; p ¼ :002 and an effect size of d ¼ 1:575. There were no significant
differences in both VR cases as well as the NMR-W case.

4. Discussion

We postulated that the VR software would yield a different usability,
which has been confirmed in H1 for Wþ and overall use of the software.
The effect was much smaller for W-, resulting in a very small effect size
and no significant difference. However, while no significant difference
was measured, there is furthermore no indication that classical applica-
tions perform better in any of the study conditions. The overall measured
variance for the measurement of pragmatic quality (H2) was fairly high,
see Fig. 4B, resulting in no significant difference between the applications
in the Wþ condition.

Objective measurements were more uniformly successful, with the
notable exception being the detection of the correct number of lateral
roots. In that metric, all median extractions were below ground truth,
with the exception of NMR-W, which was slightly higher. Interestingly,
NMRþWextractions consist of less roots overall, which might be a result
of the noisy data inhibiting the participant's ability to extract roots. We
confirm other findings, such as by Selzner et al. [12] and Horn et al. [11]

Fig. 5. Boxplots showing the median (orange) and distribution of the data with outliers marked as x. A: F1 scores of the extracted root systems. B: Recall value of the
matched root systems. C: Precision score of the matched root system.
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Fig. 6. Box-plot graphs show ground truth in red, median in orange, and outliers as x. A: Boxplots of average root length B: Boxplots of total root length
P

li C:
Number of lateral roots (li � 4 cm) D: Inter-lateral distance di.
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about the impact of noise on the RSA reconstruction.

4.1. Task execution

Generally, task execution posed no problems for users. Users needed a
few minutes to get accustomed to using the HMDs. Though pre-emptive
measurement and calibration were done for the interpupillary distance,
some users reported issues with depth perception, or depth-perception
issues became apparent during the training phase. Though explicit
introduction and prompting to repeat a certain interaction were done
during the training phase, some users did not make use of all available
options, particularly navigation, during task completion. This occurred in
equal parts with NMRooting and VRoot.

4.2. Interpretation of results

The simulated root contained certain artifacts that would have made
it fairly hard to trace for new users. Particularly, we note that the
matching-based F1 score is remarkably good for the VR software, which is
in part due to users matching the correct root length for the individual
organs successfully. The spatial distribution of the root system is more
obvious in VR, which reflects in the root systems that were drawn, even
under the condition that users do not edit root nodes that were already
placed. The restricted set of functionalities was mitigated by the intro-
duction of a training session, during which the procedure was explained,
leading to most participants already pre-planning the taproot in a way
that made it possible to achieve a high accuracy.

One aspect of the results we would like to highlight is the fact that
with no water noise, the VR application still yielded better results in
terms of matched length-based F1 scoring, see Fig. 5A. Furthermore, the
differences between the individuals were not very high, resulting in a
standard deviation for the VR conditions of 0:02 (Wþ), 0:04 (W-), and
0:03 (T) respectively. However, this is partially due to the fairly
’destructive’ nature of the F1 score, leading to different user-based
tracing errors to result in a similar score. The recall value R, as seen in
Fig. 5, is fairly uniform across applications, with slightly more "under-
tracing" done in the VR application. The F1 score and particularly the
precision P was low (but not extremely so) for NMRooting in the þW
condition. The primary reason for this was the fact that each time a user
clicked into the data and did not continue a root from the tip but rather
from the closest segment regarding the signal strength, this induced a
small lateral root at that point that users might have missed. For the

actual comparison of the number of lateral roots, we discarded shorter
roots to avoid comparing against this technicality. We note that the F1
scores closely follow the power law distribution, tested by means of
Cressie-Read test for goodness-of-fit at χ ¼ 0:021 and p ¼ 1:0.

There is a significantly higher spread in the perceived system us-
ability measured from NMRooting in theþW condition as well as overall.
Tested variances were significantly higher according to the F-test for the
overall condition (Fð18Þ ¼ 4:330; p ¼ :002) as well as þ W (Fð8Þ ¼
11:493;p ¼ :001) but not for the conditions -W (Fð9Þ ¼ 2:571;p ¼ :087),
even though this condition does fail the test for equal variance (Fð9Þ ¼
2:571;p ¼ :175). Between the VR þ W and VR-W conditions, there is an
increase in variance that is, while not significant, at least notable.
Moreover, the inter-lateral distance has a large variance in the NMR þW
condition due to several artifacts. We will note that, for the estimation of
the inter-lateral distance, while there were no significant differences in
VR þ W, VR-W, and NMR-W, that most users (68% for VR and 84% for
NMRooting) over-estimated the inter-lateral distance compared to the
ground truth. We cannot make assumptions on the applicability of this
regarding a real MRI scan, but our findings provide some insight into user
bias when extracting parameters, particularly for FSPM simulation, from
3D imaging data. The average relative error for inter-lateral distance for
VR users was 0:234 and for NMRooting it was 0:617.

The average and total root length is, in part, influenced by the pres-
ence of water noise, in both applications. NMR þ W exhibited a larger
total root length while still yielding a lower than ground truth number of
laterals. However, the increased inter-lateral distance partially relates to
misidentification later in the data. In VR, the presence of water noise
caused under-identification of roots. We will note, that in the simulation
data, there was one very thin root that would have been very hard to
identify. There was a systematic issue with users not being able to
identify that root and thus, the VR-W case was lower in median regarding
the number of lateral roots users were able to identify.

4.3. Artifacts of the RSA reconstruction

Our general results show an improvement in the extraction quality
using VR. More specific phenomena can often be explained taking into
account observations from the study or by closer inspection of the data.
There are a few instances of false positives within the NMRooting
annotation that can be attributed to users clicking on surfaces they did
not intend to. It is important to note that during the eventual study task,
no further assistance was provided unless prompted, as opposed to the

Fig. 7. Artifacts of RSA reconstruction in each application that occurred with participants.
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training task, which included guidance and repetition until no mistake
was made.

This effect was exasperated by the presence of water noise. Some
users corrected their annotation to a certain degree, resulting in fewer
false positives but still suboptimal pathing, as seen in Fig. 7A. In contrast,
a case of supoptimal pathing in VR, which directly results from a coarser
user interaction, is seen in Fig. 7E. A total of 5 users attempted to separate
the proximal roots, which yielded a few perfect annotations, but also
artifacts such as Fig. 7B, which includes a few small roots that are due to
participants progressing the lateral by clicking in smaller steps, such that
the algorithm does not use the connecting signal between the roots to
path to the point indicated by the user. If water noise was present, a few
users misclicked into the water volume during the study task but failed to
remove such a tracing at a later point, as seen in Fig. 7C.

While the VR application had better F1 scores on average, ultimately
more training is required for users to produce high-quality RSA re-
constructions. Some participants struggled with depth perception in VR,
which occurred in approximately equal parts in people with corrected
vision and normal vision. This is likely an experience effect that would
only be resolved by further use of the VR system - participants with
previous VR experience did not encounter this. Targeting objects in the
virtual scene as well as the correct placement of segments was chal-
lenging for new users.

The generally low variance of individual scores might be an indicator
of a systematic effect that is uniform among individuals. In the case of VR,
the inability to edit nodes was likely a large contributor to the overall
score of participants. This caused issues in cases where there was a node
missing in the taproot, as exemplified in Fig. 7D. In the case of

Table 1
Hypotheses tests, reported with statistic T=U, critical value p, effect size d and degree of freedom (dof). We indicated what statistical tests were used by their
abbreviation, namely U for Mann-Whitney U-Statistical Test and T for T-Test.

H1 SUS (T)

W- W+

t p d dof t p d dof
0.716 .491 0.245 9 2.526 .017 1.249 8

T

t p d dof
5.112 < .001 0.812 18

H2 UEQ (T)

W- W+

t p d dof t p d dof
2.442 .017 1.019 10 1.808 .054 0.987 8

T

t p d dof
0 < .001 -2.859 9

H3 ∑ L (U)

W- W+

t p d dof t p d dof
0 < .001 -2.859 9 4 < .001 -2.537 8

T

t p d dof
4 < .001 -1.654 18

H4 jOˆ1j (U)

W- W+

t p d dof t p d dof
44 .789 0 8 22 .034 -1.223 9

T

t p d dof
148.5 .355 -0.386 18

H5 F1 (U)

W- W+

t p d dof t p d dof
84 .011 1.179 9 81 < .001 4.426 8

T

t p d dof
336 < .001 1.749 18

H6 F1 (U)

W+ and W-

U P d dof
89.821 < .001 2.494 9

H7 ∑L (U)

W- W+

t p d dof t p d dof
-7.898 < .001 -2.859 18 -5.239 < .001 -2.537 16

T

t p d dof
-5.021 < .001 1.749 36

H8 d_ij (U)

W+ and W-

U P d dof
13 .7 0.346 18
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NMRooting, participants were told to manually trace the nodes and were
able to delete nodes that were mistakenly inserted. The low score in
NMRooting is mostly due to smaller effects accumulating to a lower score
in total, including suboptimal pathing, misidentification of roots, as well
as the presence of proximal roots and water noise in certain conditions.

4.4. Explanations for length differences

VR users tended to estimate the ground truth total root length
correctly when dealing with noise-free data. However, there is a slight
indication of overestimation of the individual root length within noisy
data, as found in Fig. 6. VR users might not have drawn the taproot
correctly, resulting in a slight overestimation of average root lengths, but
still an underestimation of the total. It has to be noted that the task was
performed sitting, which meant that users were forced to use the navi-
gation in VRoot as an alternative to bending down. Some users chose to
trace the root system less effectively as parts of it were out of reach,
resulting in a higher variance of the total length measurements. A few
users requested to be able to stand, but for the sake of uniformity, we did
not allow this.

On the other hand, the large overestimation in average root length in
NMRooting was in part due to supoptimal pathing, while the over-
estimation in total root length was caused by false-positive lateral roots,
which is indicated by the shift in distribution in the inter-lateral distance,
as seen in Fig. 6. We further investigate this by filtering the roots for only
true positive identifications and subsequently compute their length dif-
ference, as shown in Fig. 8. While we do observe a higher-than- zero
length extraction, by means of double-sided t-test with t(198) ¼ 2.379, p
¼ .018, d ¼ 0.169, we observe a significantly higher variance in the þW
condition of the desktop software (F (192) ¼ 0.651 and p ¼ .001). We
believe that a combination of issues, most notably inability to effectively
navigate in a desktop setting, caused the differences in theþW condition.

4.5. Subjective measures

The quantification of responses to the questionnaires yielded mixed
results. Particularly, we want to highlight the increased usability through
the use of VRoot. While there was no significant increase in the no-water

condition, as seen in Fig. 4, there was a larger spread of responses for the
NMRooting software, resulting in a higher average usability score of
using VR in comparison. NMRooting generally had a larger spread in
responses in contrast to the more unified responses for VR both in total
(F ð18Þ ¼ 4:330 and p ¼ :002) and in the þW condition (F ð8Þ ¼ 11:493
and p ¼ :002). The TLXs yielded no significant difference between
NMRooting and VRoot, but it did showcase a higher variance in the -W
cases.

The user experience is challenging to compare, as certain measures
(such as novelty) are not appropriate in the assessment of the desktop
software. This is especially true since participants will already have the
expectation of using VR software even if using the desktop software first,
leading to influences measurements of those metrics.

The task, while the root was generally simple with only a taproot and
25 laterals, there were particularities about the data that caused issues for
certain participants, especially when using NM- Rooting. However, ar-
tifacts like proximal roots, or smaller roots further down the taproot,
have gone unnoticed to some participants. We will note that there was no
difference in the individual ratings depending on the order of applica-
tions tested. Generally, it is quite natural that the tasks would appear
equally demanding between the individual conditions. Interestingly, the
VR þ W condition has the smallest variance, indicating a more universal
agreement even between the within-subject conditions.

One aspect of the TLXs questionnaire is the question on the self-
assessment on whether the task was completed. This assessment is
shown in Fig. 8B. The F1 score shows that users performed similarly
whether there was water noise present, or not. However, self-assessment
of the accuracy was much lower than the actual accuracy with no water
noise present. This is likely less a self-assessment andmore a comparative
assessment depending on how easy the problem appears to be solvable
with automatic means. We highlight this to underline the issue that the
subjective assessment of data extraction done by users is seldomly
representative of the actual data quality. While our users estimated their
own performance as worse than it actually was, this is a more general
issue, as manually annotated public data sets also contain label errors,
which generally are assumed to be perfectly labeled [41]. However,
manual annotation work is incredibly valuable, especially in plant sci-
ence. The human self-assessment of data quality measured through

Fig. 8. A: Box-plots of length differences between ground truth and correctly annotated roots. Ground truth is red, median is orange, raw data is indicated blue,
outliers are marked as x. B: Comparison of self-assessment of extraction quality in VR to actual extraction quality.
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manual means, especially if used as training basis, is seldomly accurate.

4.6. Usability of VR for annotation

Even if a virtual reality workflow improves the quality of extraction,
manual tasks remain more tedious and time-consuming than automatic
extraction. Our workflow is ultimately aimed at correcting rather than
tracing. VRoot functions best with a mixture of high throughput pre-
tracing and features that assist with the analysis of root architectures
as the basis. In the future, we would like to combine automated, semi-
automated, and manual tracing methods. In the case of NMRooting,
this would require the introduction of additional interaction metaphors
suitable for tasks that are voxel-based. There are other methods, such as
TopoRoot [10], that could improve the manual extraction pipeline. This
would be in line with published literature on similar topics, namely by
Zeng et al. [17], who improved the VR application developed in Usher
et al. [14] through the use of topological features.

Furthermore, there are technical aspects to consider. Geometry
visualization is ultimately constrained by the physical device memory,
which primarily includes GPU memory. While geometry reduction in
terms of triangle merging can help, the complexity of the data through
number of roots or noise will impact rendering performance. Resolution
is also a factor, which is a device attribute of the MRI scanner. While we
did not observe resolution-based effects that had clear origin, Selzner
et al. [12] had already studied the effects of higher resolution (through
upscaling) for manual annotation. Furthermore, using commonly avail-
able software such as Unreal Engine, it is possible to target a wider range
of consumer-grade hardware, and the application is portable to different
HMDs in principle.

5. Conclusion

In this work, we presented a pipeline to extract RSAs fromMRI images
using VR. We established the need for a more immersive manual analysis
tool for complex data sets and showed the advantages of using VR to
enable new users to achieve high-quality reconstructions faster. We
evaluated the use of our VR software in comparison to contemporary
desktop applications, and semi-automated analysis. Furthermore, we
quantified how well participants with a uniform knowledge base per-
formed in these tasks, both on the desktop as well as in VR. Our results
show an increased usability and accuracy through the use of VR for
manual root workflows, especially in instances where automatic tools
need more assistance. This enables the analysis of root systems in more
diverse soil conditions. Here, immersive annotation is a very valuable
method in 3D root image analysis and helps to increase the variety of
analyzed data to more soil types and soil water contents. In the future the
goal is to combine the tools offered by our VR application with the
benefits of an automatic extraction to provide a user-friendly and fast
workflow to correct automatic tracing results. A repetition experiment
specifically designed to estimate the actual errors made when manually
extracting data would be needed to provide a robust quantification
beyond relative comparison.
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A Normal Distribution Tests

The shapiro-wilk test for normal distribution tests whether the data is drawn from a normal distri- bution. This is a test where the alternative
hypothesis is exhibiting a normal distribution, meaning that the H0 hypothesis is that X ~ N for some normal distribution N, referring to a significant
difference to data produced by a normal distribution. For comparative measures, the residual of the two statistics, R: ¼ T1 � T2, needs to be normally
distributed, meaning that the difference between applications is tested as opposed to the statistics T of each application itself.

As seen in Tab. 4, there are some instances of data where a normal distribution is not present, which are the þW conditions for the root lengths,
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resulting in a difference from a normal distribution for the total data. The inter-lateral distance di does not exhibit normal distribution for the -W
condition.

These effects were likely caused by a non-uniform error that is present within the data, as opposed to the subjective measurements that are mostly
centered around an average value, the objective distributions are non-symmetric regarding the differences between the applications.

Tab. 2
Goodness-of-fit tests for normal distribution on different measures, including combined measures. The pairing of residuals is always within subject.

Tab. 3
Goodness-of-fit tests for individual statistics for the testing against ground truth measure-ments, for each VR condition.

Tab. 4
Goodness-of-fit tests for individual statistics for the testing against ground truth measure-ments, for each NMRooting condition.

B Study Procedure

In the questionnaire for the study, participants were informed about what data would be stored and how. Participants gave informed consent for the
participation in the study. Participants were assigned an ID at the start of the study, and we measured their inter-pupillar distance for the purposes of
calibrating the HMD to their respective measurements. Depending on the ID, participants then used either the application VRoot or NMRooting to
extract a root system. For both applications, participants were verbally explained the functionality of the applications and what features they were to use
to extract the root system. Each participant was tasked with performing all actions on a training data set that were required later on, which included
navigation, tracing, and deletion in the case of NMRooting. After task completion with the study task, during which no intervention took place, par-
ticipants filled out the questionnaires attached in the supplemental material. Participants will then repeat the process with the other application.

The study aimed to assess the direct interaction with the system in cases in which manual annotation was necessary. As such, participants were told
to only use these tools to ensure comparability, as otherwise the task would be more complex, and user interaction would require more functionality and
a deeper understanding of the application. In the VR application, participants were taught the draw root functionality as well as data set navigation
techniques to ensure that all of the data set is reachable. Successful completion of the VR training task required the following steps.

1. Move head position in VR
2. Rotate the root system
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3. Move the root system up/down
4. Select a node
5. Deselect a node
6. Draw a node
7. Deselect a node and draw a lateral

In NMRooting, we restricted the functionality to the tip-to-tree option, with the correct starting point already being set pre-emptively. Users did label
the root topology manually. Successful completion of the NMRooting training phase required the following steps.

Fig. 9. Removed outlier data set after subject failed to trace the taproot. While the cause of this issue is unknown, the participant did trace a fully functional root
system in the training stage of the task, which included being prompted to place nodes on the taproot of the root system.

1. Turn the view
2. Zoom in/out
3. Pan the view (lateral movement respective to the screen view)
4. Click into the data to add a root
5. Click into the data to delete a root
6. Open the root order menu
7. Label roots by their root order (here just taproot and first order lateral)

Our previous tests yielded an average completion time for the tasks of 45 min. From a previous test with the application with mixed, i.e., expert and
non-expert, participants (n¼ 16), we concluded that 1 h would be sufficient for untrained participants. While we did not provide a timing nor a time for
task completion in the individual conditions, we did allocate time slots for participants which were an hour long.

C Outlier

The outlier data set, exemplified by the VR performance of the participant. While the participant was able to annotate both the taproot as well as
annotate lateral roots in the training task, the participant has not retained the knowledge of the annotation steps and produced an annotation (red) as
shown in Fig. 9. It is unclear whether this was caused by the presence of water noise.
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Abstract. E-infrastructures deliver basic supercomputing and storage 
capabilities but can benefit from innovative higher-level services that 
enable use-cases in critical domains, such as environmental and agricul-
tural science. This work describes methods to distribute virtual scenes to 
the GPU nodes of a modular supercomputer for data generation. High 
information density virtual scenes, containing > 100k geometries, typ-
ically cannot be rendered in real-time without techniques that change 
the information content, such as level-of-detail or culling approaches. 
Our work enables the concurrent and partitioned coupling to the image 
analysis in such a way that the data generation is dynamic and can be 
allocated to GPU nodes on demand, resulting in the possibility of moving 
through a continuous virtual scene rendered on multiple nodes. Within 
agricultural data analysis, the approach is especially impactful as virtual 
fields contain many individual geometries that coexist in one continuous 
system. Our work facilitates the generation of high-quality image data 
sets, which has the potential to solve the challenge of scarcity of well-
annotated data in agricultural science. We use real-time communication 
standards to couple the data production with the image analysis train-
ing. We demonstrate how the use-case rendering impacts effective use of 
the compute nodes and furthermore develop techniques to distribute the 
workload to improve the data production. 
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1 Introduction 

Analyzing camera images to extract agricultural plant information is a major 
bottleneck and one of the most challenging tasks in plant science [ 1– 3]. 
Synthetic data generation is a strong contender to combat the scarcity of high-
quality annotated data [ 4, 5], especially with the tools available through modern 
graphics engines [ 6, 7]. A scalable plant image generation pipeline could improve 
critical tasks such as training of statistical or Deep Learning (DL) models [ 8, 9]. 
However, for virtual agricultural data to be useful, it must span realistic scales 
and contain functional information, such as root water uptake or photosynthe-
sis. In this work we improve the scalability of rendering virtual environments in 
graphics engines leveraging current e-infrastructure capabilities, thus enabling a 
data-scarce domain to make more effective use of High-Performance Computing 
(HPC) resources. 

Synthetic data generation is a method to model the input and output data in 
conjunction to allow for larger-scale training data sampling. A virtual environ-
ment involves the time-variant rendering of a scene, including objects, lighting, 
and movement. We refer to the simulation of a virtual environment as the com-
putation of processes such as water flow or photosynthesis, which depend on plant 
structure. Synthetic data production for plant image analysis can be based on 
plant simulation models, though it might not depend on it, or not use a simulated 
plant model at all. Synthetic data provides a rigorous assessment of error mar-
gins as well as a scalable pipeline [ 6], as the employment of virtual ground-truth 
provides a definite error value that has no hidden effects, such as human labeling 
error. 

Synthetic data can be used to pre-train DL-models to increase robustness 
towards new data. Scalability and robustness are valuable for decision making in 
agriculture, where multi-step algorithms impact assessments and actions [ 2, 10]. 
One advantage of synthetic data is that it can be used to provide a baseline 
for evaluation [ 11], while it also provides high-quality annotated data [ 7]. To 
accommodate the need for state-of-the-art rendering pipelines, we are using the 
Unreal Engine (UE) as rendering framework, coupling it with plant simulation 
models to create virtual environments. To enable the coupling and concurrent 
computation of simulation model, virtual world, as well as DL framework, we 
are employing Synavis [ 12]. We developed Synavis specifically for the coupling 
of virtual environments with DL and simulation models. 

A key aspect of virtual field simulation is the use of Functional-Structural 
Plant Models (FSPMs), such as CPlantBox [ 13, 14]. FSPMs are statistical 
descriptions of plant traits (phenotypes) [ 13] and are calibrated using mea-
surements and statistical optimization [ 14]. Because FSPM outputs are diverse 
[ 5, 12, 15], the generated scene configuration provides more diverse image data. 
CPlantBox in particular is useful since it was stochastically evaluated [ 16] and  
has proven applicability in replicating field experiments [ 17]. The functional sim-
ulation of plant systems is complex and requires coupling between all connecting 
systems to form a fully capable simulation model [ 14].
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Modern agricultural fields contain tens of thousands of plants, optimizing for 
high density and yield. A digitized version of realistic crop fields requires resource 
management as well as an adaptive pipeline to suit different use-cases that have 
conflicting requirements. To allow for increased scalability, we have developed 
techniques that facilitate the distribution of large-scale generation of virtual 
scenes of digital crop fields on to multiple GPU nodes of an HPC system. Our 
technique requires little user-based alteration to the virtual environment created 
in UE. The need for both scalable virtual field simulation as well as cohesive data 
generation is met through the distribution of FSPMs across graphics engine 
instances. We enable comprehensive workflows to generate synthetic data on 
HPC systems. This paper provides relevant insight into previous work in all 
supporting domains and techniques in Sect. 2, before describing specific HPC 
scenarios to support plant science domains in Sect. 3. We provide a description 
of our experiments in Sect. 3.4 before we describe the measurement results in 
Sect. 4 and discuss them in Sect. 5. 

2 Related Work 

In context of our use-cases, there are key aspects that are embedded in partly 
disjunct domains that need to work together to form a fully formed pipeline. 
This section highlights important work in all parts of the pipeline, starting with 
synthetic data generation in UE. A well-known framework for a data generation 
framework with UE was developed by Qiu et al. [ 7], called UnrealCV, which uses 
filters and image-based commands to provide the ground-truth for these filters, 
such as object contours or scene depth. It uses a direct Python binding of UE to 
allow for the expedient generation of data sets. Using UnrealCV, both Zhang et al. 
[ 18] and McCormac et al. [ 19] produced effective pipelines for RGB camera depth 
estimation. Especially Zhang et al. highlight the interplay between algorithm per-
formance and UE scene generation, showcasing that the data generation needs to 
be dynamically adapted for validation purposes, which would need to have spe-
cial accommodation from the e-infrastructure provider. There are a number of DL 
applications 1 that have a baseline evaluation or also data set generation through 
UE, particularly surrounding agent-environment interaction, like trajectory opti-
mization by Roberts et al. [ 20]. The visualization of virtual scenes to train agents 
has seen an overall increase in use, especially in industry, as described by Nassif 
et al. [ 21]. Particularly, Bondi et al. [ 22] developed a separate UE-based approach 
to train unmanned aerial vehicles in a controlled setting. 

From general synthetic data generation, we are now highlighting work that 
focuses on generating plant synthetic data. Certain algorithms, such as leaf seg-
mentation, can be trained using data that is generated through image augmenta-
tion, as shown by Ward et al. [ 4], who generate top-view leaf data with semantic 
segmentation. However, there are classes of problems where image-based syn-
thetic data is not sufficient. One challenge in plant science is the measurement 
of small-scale features. The estimation of poses of animals is object-centered
1 Publications based on UnrealCV can be found here. 
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detection of small-scale features, and Mu et al. [ 23] developed an approach to 
use UE to generate the appropriate training data. The recent adaption of pose 
estimation to plant science by Berrigan et al. [ 24] shows that the transposition 
of certain methods to plant science depend on large-effort acquisitions of data 
sets. To combat this, synthetic data using plant models can be used, but these 
models need biological validation. Thus, Morandage et al. [ 17] show a use-case 
for simulation model evaluation - by providing a synthetic field example and 
analyzing how well, from a parameter estimation view, the FSPM CPlantBox 
can describe the field data and how accurate the estimations are. Lobet et al. [ 15] 
created a generation pipeline for virtual root system images, showing another 
use of simulation model-based synthetic data generation. A generalized modeling 
framework such as Helios [ 5] can encompass virtual fields that include plants, 
as well as their surface structure and reaction to light influx. While CPlantBox 
itself is a stochastic description of the plant structure, as introduced by Zhou et 
al. [ 13], more recent advances in the coupling of FSPMs for functional processes 
developed by Giraud et al. [ 14] illustrate the descriptive power of these systems. 

The generation of synthetic data, and the above mentioned methods, do 
not make efficient use of cutting-edge HPC resources of e-infrastructures, even 
though they overlap domains that individually have seen innovation regarding 
scalability. One particular approach is data-parallelism, which is the partition-
ing of a data set across nodes. A visualization service-based example of data 
parallelism has been developed by Aunmüller et al. [ 25] in their framework Vis-
tle. Data parallel approaches require rethinking some approaches to rendering, 
but will yield a better efficiency of using Graphics Processing Unit (GPU) nodes. 
Data parallelism is expedient for some visualization techniques, such as isosurface 
visualization, but more difficult to adapt to others. For example, Larsen et al. 
[ 26] showcase a raytracing approach that is compatible with the paradigm of data 
parallelism and have adapted this image rendering approach, which commonly 
requires the whole data set, to function in parallel. Moreland et al. showcase 
their design concepts for highly-threaded data-parallel visualization approaches 
for the Visualization Toolkit (VTK) [ 27]. 

From an e-infrastructur point-of-view, our challenge is accommodating the 
use of synthetic data generation methods using UE, which have been proven to 
increase robustness, on HPC systems to allow these techniques to scale with the 
increasing computational demand of DL frameworks. 

3 Methods 

Our aim is to improve the accessibility of HPC systems, providing plant scien-
tists with methods that enhance their data augmentation. To this end, here we 
showcase two experiments (E1 & E2) focusing on the GPU performance when 
generating increasing number of plants (E1) and the ability to optimize field 
partitioning for visualization of large fields with HPC resources (E2).
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3.1 Software and Data Generation 

For our analysis of large-scale field generation, we are using an application that 
was built using UE on a user system. To couple UE with other data providers 
as well as with the training framework, we are using the Synavis framework to 
ease the setup of connecting the individual services. In Synavis, we can connect 
the FSPM CPlantBox, which outputs geometries of its plant simulation, to the 
virtual scene for rendering. Information that is generated by the simulation can 
be used as reference or label data, allowing the training of a variety of scenar-
ios, especially the validation of DL-models that estimate plant traits. This data 
is being rendered within UE on-demand and the coupling is not synchronous, 
meaning that most changes to the virtual environment are just-in-time, which 
also applies to the image generation. The coupling used in our approach is based 
on real-time communication and no data is being written to disc. Most of the 
setup is done in user Python scripts, as the virtual scenes can be fully dynamic. 
However, it might be preferable to introduce pre-designed environments of pub-
licly available project files, which is possible by including the Synavis plugin in 
an already existing UE application. 

We are using a virtual field setup that uses stochastically parameterized 
plants [ 28]. These plants are discrete node-link descriptions that each have tran-
sition probabilities assigned to their structure. The leaf calibration as well as 
the geometrization methods for CPlantBox have been described by Helmrich et 
al. [ 12]. Plant surface geometry is inferred from centerline splines evaluated in 
fixed resolutions. Image rendering is largely dependent on what is feasible to 
render in one instance of UE. Essentially, the more plants can be rendered per 
instance, the larger field of view can be rendered, resulting in reduced need for 
stitching for a wider view. Simplification of the individual geometries is done 
by scaling the geometry resolution. Due to simulation coupling employed in our 
pipeline, there is a mix of base geometries being rendered in the scene along 
with geometries that are being treated with dynamic hierarchical culling (such 
as by UE-Nanite [ 29]). The visualization module for CPlantBox generates geom-
etry buffers that can almost immediately be written into GPU memory. UE uses 
procedural meshes for this task, which have a very simple base layer of transfor-
mation and collision support and mesh sections for geometry buffers. In some 
cases, geometry buffers are filled separately using individual organs to allow for 
instance-based segmentation. This is especially important for leaf counting tasks, 
which are indicators for leaf development [ 4] and thus plant growth stage. 

Measurements from UE use virtual textures that act as rendering targets 
for scene capture cameras. Direct scene rendering, processing image information 
such as object distance or velocity (i.e. pixel movement relative to the camera), 
or object property quantification, use this proxy to allow for immediate dynamic 
measurements. We use Synavis to handle measurement prompts, such that the 
controller is able to extract arbitrary measurements. This is especially important 
in cases where there is a mix of different data sources, such as image data from 
the renderer as well as plant data from the FSPM. HPC infrastructure allows the 
scalability of the DL-model training, but the other components of the workflow
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Fig. 1. Setup of pipelines in different distribution techniques. Measurements are high-
lighted and are also implemented in Synavis. The listed parameters are the primary 
steering parameters for the individual scenario. A. Continuous update with the intended 
use-case of adaptive data generation. B. Scene partition using Synavis and UE. 

also need to be scalable to be on-par with the DL-model data requirements. To 
render the virtual scenes, UE requires the use of a Vulkan-compatible GPU, as 
is present in visualization or data analysis modules. Using Synavis, DL methods 
gain access to the domain-specific augmentation that is otherwise not accessible, 
which directly improves the pipelines that are also increasingly domain specific, 
with the potential for more impact. 

3.2 HPC Scenario: Image Generation for Computer Vision 

Computer Vision (CV) algorithms need labeled image data but often do not 
need to interact with the virtual environment. As such, compute infrastructure 
services for these systems should focus on enabling a responsive data generation 
to optimize DL training results. In our service implementation, Synavis keeps 
sending new FSPM realizations to UE, and parameter adaption directly influ-
ences the information content of rendered images. This is illustrated in Fig. 1.A, 
showing sample parameters that can be adapted in CPlantBox as well as in UE. 

Ceaselessly updating the scene during image capture is a process that only 
functions if the relative speed of the camera agent compared to the simulation 
time is sufficiently slow. This limitation is largely dependent on how many plants 
need to be rendered, and how fast the FSPM computes a time step. In this
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setup, the DL framework typically has full authoritative control over the field 
generation, and all data as well as images being generated depend on initial 
parameters or direct steering. This method depends on the live coupling of the 
FSPM with the environment. Evaluation of the FSPM is done on-demand, but as 
the virtual world is fully dynamic, we input a ceaseless stream of plant geometries 
to place in the scene, relative to the camera agent. 

Continuous evaluation might also be used to capture images of plant fields 
that have to be consistent but with no functional simulation, such as nutri-
ent fluxes and photosynthesis [ 14], which have inherently competing elements. 
Absence of functional simulation, however, does not imply that the training data 
lacks functional information, as structural parameters can be fitted to experi-
mental conditions like phosphorus availability, as done by Bauer et al. [ 28]. 

3.3 HPC Scenario: Virtual Worlds for Multi-agent Systems 

Field partitioning becomes necessary at the scales that we see in agriculture, as 
rendering an average field size of 36.4 ha [ 30] in high detail requires distributed 
rendering. Infrastructurally, there needs to be an expedient pathway towards 
this partitioning that does not disturb the user-centered setup for these virtual 
environments, a challenge we meet through both explicit and implicit scene par-
titioning. We illustrate this approach in Fig. 1.B, which shows the setup with the 
partition controller that knows the partitioning boundaries and will connect the 
camera agent to a specific renderer when it enters its assigned area. The areas 
also define uniquely what plant structure is assigned to a specific location. An 
instance of the FSPM is assigned a seed at the start, and all organs are stochastic 
realizations of the input distributions of the parameter space [ 13]. The upscal-
ing of the individual FSPMs to field level yields information on between-plant 
competition, for example to absorb sunlight. The field partitioning is stochastic 
seed based, which means that there would be structural (and thus functional) 
consistency between the individual compute nodes. The result is a fully informed 
virtual field that contains agricultural information, such as plant age, health, or 
leaf areas. This distribution is most effective if cameras are evenly distributed 
to nodes. 

The partitioning, as seen in Fig. 1.B, is dependent on the preemptive assign-
ment of regions to nodes. For a specific instance of UE, the simulation only 
generates a subset of the field, which in turn depends on how boundary con-
ditions are being handles. For the purposes of the transition between rendering 
back-ends for a continuous camera path, we include a buffer region that is shared 
between neighboring nodes. This region is generated in addition and does not 
need to be communicated, as CPlantBox can generate identical structures on 
demand. Which rendering node is used is defined based on position on the field, 
which makes it necessary for the user to set the field partition in the run script 
or environment variables. Using Synavis for the scene partitioning allows the 
change of the camera source, depending on the position of the camera agent 
relative to the boundaries of the scene partitioning, as illustrated in Fig. 1.B. 
In our setups, we pre-register the streaming connection between endpoints on
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Table 1. Node configuration for our tests. Instances of UE are run on dedicated nodes. 

Module JURECA-DC 
CPU 2x AMD EPYC 7742, 2 × 64 Cores, 2.25 GHz 
Memory 512 (16 × 32) GB DDR4, 3200 MHz 
GPU 4 × NVIDIA A100 GPU, 4 × 40 GB HBM2e 
Network 2 × InfiniBand HDR (NVIDIA Mellanox Connect-X6) 

the infiniband [ 31] network, which is dedicated to HPC users. This means that 
the initialization phase is being skipped and the receiving application already 
allocated communication ports. 

3.4 Experimental Setup 

We tested two configurations, which are also highlighted in Fig. 1.A. These tests 
were performed on nodes of the JURECA-DC GPU module [ 32], with the node 
configuration shown in Table 1. We evaluated the rendering performance through 
the use of Synavis, which induces the transfer of a video stream. To measure the 
use-case of a continuous update that is applicable to CV as described in Sect. 3.2, 
we tested the rendering of N instances of the FSPM CPlantBox in Experiment 
1 (E1). We measured the frame time as reported by UE through Synavis and 
the GPU utilization via the graphics vendor driver software. Details on the 
software and data setup are described in Sect. 3.1. We ran UE on 4000 × 3000 
pixel resolution, with VP9 encoding on CPU. The partitioning of the virtual 
field into instances of UE has a specific worst case, which is concurrently run-
ning the instances of UE on one GPU node. We evaluated this in E2, which is 
highlighted in Fig. 1.B, using four concurrent instances of UE, running with a 
constant stream of new geometries similar to E1, but on the same node. Here, 
we evaluated the frame time performance for 4N instances of the simulation 
model. In this case, we tested the framework within one module, which means 
that setups that need to bridge via Ethernet will be slower than our setup using 
Infiniband. The framework has a baseline workload resulting from rendering an 
empty sunlit scene, and a minimum duration for the handling of commands. 

4 Results 

The measurement of E1, seen in Fig. 2 yielded no fixed maximum field size, 
but a decreased efficiency with increasing plant number. We measured a slightly 
superlinear increase in frame time for more complex scenes while the efficiency 
of using the GPU node decreased. Figure 2 shows the relative rendering per-
formance depending on the amount of plants rendered in the scene, each with 
28 d of growth time. Frame time average increased to 0.09 s which is roughly 
10.7 frames per second at about 10k plant geometries. Notably, we observe a 
decreased GPU utilization, which is due to GPU memory exhaustion, resulting
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Fig. 2. Frame time measurement average for a field of N plants that are being contin-
uously updated. 

in more loading operations from the main memory. This results in a reduced 
efficiency of using the GPU node, which indirectly results in a decreased energy 
efficiency. While GPU usage is not the primary performance metric of the whole 
pipeline, we would like to keep this value above 80%, which referring to Fig. 2 
yields an instance count of just below 2000 plants. As the simulation model 
and all new instances continue to be evaluated over time, Synavis constantly 
updates the scene and changes parameters. The highest impact to the rendering 
performance is entity creation, which refers to the spawning of a plant simu-
lation model in the scene, along with registering of the object and handling of 
geometry information. 

Fig. 3. Impact of rendering N ∗ 4 geometries in UE concurrently on the same node as 
opposed to different nodes.
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For E2, we show measurements of concurrent and non-concurrent render-
ing in UE on GPU nodes in Fig. 3. We observe, in the case of concurrently 
rendering four UE instances, a higher frame time on average as well as higher 
variance in frame time. The communication and geometric operations directly 
compete in this setting, for the Infiniband [ 31] network latency/throughput as 
well as in terms of memory operations. We note that we could not exclude effects 
from CPU usage competition between the instance of UE, because the base UE 
implementation does not respond to environmental variables and the parallel 
execution of UE threads might be suboptimal. The update time of individual 
plants in E1 is short enough that we are achieving a rendering time of more than 
25 frames per second (0.04 s) for up to 3200 plants per GPU. An important note 
is that for distributed data generation, the image and environmental conditions 
such as weather and light need to be randomized to facilitate scalable training. 
Changing the settings of the virtual environment is typically done within 0.1 s 
from the time of prompting. 

5 Discussion 

The combination of simulation models, UE, and DL to enhance understanding 
and algorithms in plant science is a challenge both on a software level as well 
as infrastructural, as the necessary components have different requirements and 
best practices. Generally, synthetic data training is most effective with a founda-
tional DL-model as basis, and subsequent real-world data fine-tuning. Synthetic 
data provides a scalable [ 5, 12] approach to generate a diverse [ 6, 18] data set but 
might not replicate all potential artifacts. In plant science, it is more impact-
ful if rendered images contain biologically relevant information through plant 
simulation. Large field sizes that exceed GPU memory need to be partitioned 
once there are simultaneous observations in distant areas. This is partly because 
proper field upscaling should lift the plant model to the field scale at which agri-
cultural decisions can be made. Our setup also allows multi-agent systems to 
communicate status information and the virtual scene can replicate visual infor-
mation for each camera. The two main considerations that need to be discussed 
are how well our service-based infrastructural support performs with UE, and 
what we need to do to provide these pipelines to plant scientists. 

5.1 Distribution Performance 

The performance measurements were done purely from the standpoint of ren-
dering performance. However, for a large-scale training use-case, the rendering 
performance might be secondary to an efficient use of tensor cores for the neural 
network training. Particularly if there need to be images with many plants in 
one view, users might forego the need for stitching and just assign all plants to 
one UE instance, resulting in a lower GPU utilization, which might not be crit-
ical in some cases. Furthermore, individual operations will reflect in the image 
data with a slight delay. Previous measurements in this framework have yielded
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Fig. 4. Overview of technical components and data flows. The illustrated assignment 
to specific nodes is a performance recommendation, though individual components can 
share resources. A linked line indicates concurrent coupling. 

a time difference between change request and confirmation of 0.1 s [  12], but the 
execution of individual message workloads is done in bulk for certain operations 
(such as geometry data loading). 

Streamlike data generation for CV is a suitable tool to create responsive and 
dynamic data that can change to the needs for the training framework. This is 
similar to active training frameworks, but the “rendering-in-the-loop” tuning of 
the virtual environment allows for a much more precise optimization of training 
impact. We achieve fairly good performance regarding the rendering of a large 
number of complex geometries. Our approach accommodates dynamic coupling 
such that we can partition large scales into individual instances through Synavis. 
As we are fully simulating the FSPMs, there are discrete updates to the scene 
geometry, which is not the case for pre-built geometries, but the approach is 
more scalable and directly visualizes biological information. The feedback loop 
between simulation and rendering allows for an exact quantification of either 
classification error thresholds (in domain-specific measures) or an analysis of 
robustness against scene conditions. 

Dynamic camera coupling is a powerful tool to allow for a coherent field 
partitioning with multiple camera agents. We can render a much larger field by 
distributing the scene. Based on the desire to render efficiently with at least 
80% GPU usage, we need to split an average of 50k plants per  ha  [  33] into  
25 GPUs per ha otherwise sacrificing GPU node efficiency as measured in E1 in 
Fig. 2. Transitions between individual nodes is reasonably fast with pre-registered 
connections (within 0.2 s). Drawbacks arise from the fact that there needs to be 
overlap between the areas of the field in cases of rendering simulation models to 
avoid information conflict, reducing the partitioning efficiency. Reconstructing 
a full video from this technique requires a few steps, e.g. a “fade” transition 
between streaming sources. Field partitioning allows for a better use of GPU 
resources, as we see that with more geometries on a single node (Fig. 2), the 
GPU utilization decreases, leading to less efficient use of compute time.
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5.2 Infrastructural Support 

Our example workflows consist of multiple components, that can be programmed 
together using Synavis. We acknowledge that the level of complexity involved in 
this system is high. However, due to the large amount of previous work in both 
the FSPM CPlantBox [ 13, 14, 16, 17] as well as the compatibility provided by 
UE, new users will have an easier time adapting to each component individually. 
Due to the standardized method of communication between the frameworks, 
we are furthermore robust towards software version changes, which increases 
the inherent longevity of the framework in an everchanging HPC infrastructure 
landscape. 

It is generally recommended that, for training purposes, multiple nodes are 
allocated, at least one of which would be a data generation node with UE. 
Figure 4 shows the components and what primary computing resource they uti-
lize. Notably, the plant simulation produces geometries quite fast, while the 
functional coupling (particularly in the soil domain) requires fixed-point itera-
tion solvers and thus might delay the digital plant evolution in cases of coupled 
growth. A functional coupling generally is most efficiently calculated on a shared 
memory system using all resources, while a purely structural simulation might 
run on the same node as UE. Our recommendation is to separate the neural 
network training and the data production, though it is possible to run these 
components on the same machine provided it has multiple GPUs. Particularly, 
this is one of the use-cases in which it is imperative to provide exclusive-use 
visualization or data analysis nodes to users. This is because shared GPU nodes 
which provide the only rendering capabilities in the system will inhibit certain 
scientific use-cases of HPC systems, especially in times of dedicated technologies 
such as tensor cores or massively-parallel GPUs as present in LUMI [ 34] or the  
planned JUPITER system [ 35]. 

6 Conclusion 

Distributed rendering of plant fields for data generation is pertinent, especially 
in instances where large data sets, that would be cumbersome to store, are 
needed for the training. We enabled rendering virtual fields from plant simu-
lations on nodes of the supercomputer JURECA-DC, highlighting continuous 
scene updates as well as field distribution as potential use-cases. With a strong 
basis of representative synthetic data, we have established techniques for dis-
tributed remote virtual environment rendering, and aim for large-scale use cases, 
such as light simulation [ 36], in the future. Furthermore, we want to extend our 
work on improving rendering performance and load balancing between nodes, 
depending on use-cases. We have shown that the parallel rendering and sim-
ulation of virtual environments is a valuable tool to establish a scalable data 
production pipeline and synthetic training environments for plant data analysis 
models, which is one of the most affected domains in terms of data scarcity and 
under-use of HPC infrastructure.
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Abstract12

In this work, we couple the functional-structural plant model CPlantBox to the Unreal En-
gine by exploiting the implemented raytracing pipeline to evaluate light influx on the plant sur-14

face. There are many approaches for photosynthesis computation and light evaluation, though
they typically are limited by versatility, compute speed, or operate on much coarser resolutions.16

This work specifically addresses the concern that data generation pipelines tend to be unre-
sponsive and do not include model-based knowledge as part of the generation pipeline. Using18

established photosynthesis solvers, we model the interaction between the Unreal Engine and the
FSPM to measure physical properties in the virtual world. This is successful if we are able to20

reproduce experimental results using an in silico model. As part of the pipeline, we generate
a surface geometry and utilize material shaders that are designed to establish a baseline sur-22

face model for light interception and transmission, based on simple parameter sets that can be
calibrated. Using a Selhausen field experiment as baseline, we reproduce the photosynthesis24

effectiveness of the plants in the 2016 winter wheat experiments. Our pipeline is deeply inter-
twined with data generation and has been proven to perform well at scale. In this work, we26

build on our previous work by showcasing both a simulation study of a light evaluation as well
as quantifying how well our system performs on high-performance computing systems.28

1 Introduction
Simulating the real world is a pathway to deeper understanding of its mechanisms. This is especially30

true in plant science, where many individually distinct processes jointly form emergent behavior of
a plant (Thornley 2011; Walia et al. 2024). Here, studying the influences of the environment, or32

of plant properties, becomes crucial to fully explore crop behavior as agriculture becomes more
sustainable and resilient. Having access to a model of the real world, particularly in cases for34

which reference experimental data is available but sparse, can assist with filling gaps in the data.
A use-case for this is to map the experimental results onto synthetic data for deep learning (DL)36

models. Particularly in plant sciences, where image analysis is a critical tool and the primary
bottleneck (Minervini et al. 2015; Taiz 2013; Tsaftaris et al. 2016), using model-based data sources38
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can uncover hidden mechanisms. A faithful version of an experiment would include a calibrated
structure of a plant, producing both images and dense training labels. The potential to uncover40

systematic image features that plants with a certain trait exhibit, is the first and most important
step towards training models that detect such traits remotely. Embedding models into the data42

generation pipeline is especially impactful as a common critique of data production pipelines is their
unresponsiveness and one-directional character, e.g. as reported by Li et al. (2024). In this work, we44

showcase a method to embed and communicate with the virtual world in a way that does not only
produce more useful data labels for a concrete problem such as photosynthesis, but also explore the46

expressiveness of our virtual world model to accommodate these models. Functional-structural plant
models (FSPMs), such as CPlantBox (Giraud et al. 2023) seldomly represent only one functional48

process and are instead a coupling of different models (Sievänen et al. 2014). Plant structural
definitions can inform boundaries of plant processes, such as leaf surface, or root-shoot-interface,50

where e.g. flux parameters can be defined that are communicated between the organs. A key feature,
however, is the fact that the plant structure is incorporated explicitly rather than using heuristics to52

signify plant behavior. Though heuristics can be established using plant simulations, particularly for
upscaling as investigated by Vanderborght et al. (2024), plant simulations are typically performed54

to gain insights into plant mechanisms.
Photosynthetic simulations with stomatal regulation generally solve a fixed-point iteration (Von56

Caemerer 2013) and the reactions involved in the uptake of co2 are solved on the basis of a steady
reaction flow limited by availability of nutrients (Giraud et al. 2023) or stomatal metabolism (Yin58

et al. 2004). The CPlantBox module for photosynthesis, developed by Giraud et al. (2023), combines
different models (Farquhar et al. 1980; Leuning 1995; Tuzet et al. 2003) into a whole-plant framework60

that couples the water and carbon dynamics from root to leaf. Although the model can use specific
input data for each leaf section, Giraud et al. (2023) only used mean atmospheric data as basic62

heuristical approach. Models that calculate the actual light influx in a plant involve radiative transfer
modeling (RTM), which describes the light propagation and eventual impact onto the surface of the64

plant. RTM has standardized concepts (John V. Martonchik and Strahler 2000; Nicodemus et al.
1977) and is implemented in a variety of models, particularly DART (J. P. Gastellu-Etchegorry66

and Gascon 2004). For the retrieval of functional properties from remote sensing data, empirical
models such as LESS developed by Qi et al. (2019) and extended e.g. by Zhao et al. (2024), have68

been successfully implemented. Another example of a high-quality model for radiative transfer
available as open-source is prospect, developed by Féret and Boissieu (2024). Worth noting is that70

similar concepts and models have been implemented when a rendering technique called physics-based
rendering was established, and the similarity between the two fields regarding this specific use-case72

is of particular note, as described by Salesin et al. (2024).
In experiments to parameterize FSPMs, particularly the measurement of the structural portion74

can yield much information on the performance of the crop. Diversity of structure, e.g. in root
systems, has been identified to be one of the primary indicators of adaptation of a crop to its76

environment by Yu et al. (2024). As such, many data generation pipelines make use of a plant’s
structure to accommodate variability (Bailey 2019; Baker et al. 2023; Ward et al. 2018). The key78

factor for the embedding of an FSPM for data production is a reasonable reproduction of the target
space, which is RGB images for many applications. In our pipeline, we are using the Unreal Engine80

(UE) to compute the virtual world. UE is a multimedia 3D graphics engine, which has seen use
across industries, including its origin in gaming, simulation science (Agarwal et al. 2023), plant82

science (Li et al. 2024), and virtual reality (Krüger et al. 2024). Our own recent work brought forth
the Synavis framework, a library designed to dynamically setup, steer, and measure within the UE84

virtual world (Baker et al. 2023, 2024).
An embedding recently implemented in the HELIOS pipeline by Lei et al. (2024) shows the86

potential for pipelines to accommodate functional information. We believe that the inclusion of an
FSPM that can simulate functions in the whole plant (roots and shoot) and at a sub-organ level88

provides a valuable extension to this by allowing the models to communicate between domains (soil
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- plant - atmosphere) and scales (plant section - field). Thus, in this work, we extend the Synavis90

framework to work together with the photosynthesis module of CPlantBox, which until recently
employed a uniform light influx heuristic. Our implementation of this pipeline uses the physics-92

based rendering employed in UE to simulate light exposure to achieve an accurate light exposure
computation for CPlantBox, which we validate by modeling a digital twin of an experiment at94

the Field Minirhizotron Facility in Selhausen. The data-based pipeline that is enabled in Synavis is
extended by using a model-view which takes physical properties to allow radiative transfer modelling96

and a data view that is able to map functional photosynthesis data onto a synthetic data pipeline,
which we showcase by the example of light exposure efficiency. In our replication, we make use98

of experimental data provided by the TERENO platform (Bogena 2016; Reichenau et al. 2020) to
re-create a field experiment while also retaining a high level of structural and functional information100

through the use of a full-scale plant model. Lastly, our pipeline is HPC compatible, with a focus on
ensuring that parallelization is feasible, and we include full scaling experiments with this manuscript.102

2 Methods
We will be highlighting selected aspects of the FSPM along with the geometric embedding into the104

virtual scene as part of our solution to compute light influx. Note that for certain parts, this paper
includes expressions and terms that are otherwise written as render code, and for further resources,106

we need to refer to the open-source implementation of UE1.

2.1 Virtual World Generation in Synavis108

We used the Synavis framework to create a virtual world in UE. An in-depth description of the
Synavis framework can be found in our recent paper (Baker et al. 2023). Synavis is a framework for110

the coupling of simulations with virtual environments, allowing the sampling and measuring of val-
ues through the framework for the purposes of training neural networks. In this work, we extended112

this functionality by allowing the FSPM simulation to access data from the virtual environment
directly, allowing the superimposition of plant function onto the virtual environment and the subse-114

quent measurement physical properties in the environment. Within UE, we used the base rendering
framework as well as the entity-component system implemented in UE. We developed a framework116

to measure light intensity, a pipeline to embed model data into UE to generate synthetic data based
on FSPM simulation results, as well as a pipeline to setup and manage distributed virtual scene118

handling through Synavis.
Our setup has three distinct aspects: the CPlantBox simulation, the UE model scene, and120

the resulting visualization. These aspects of the setup can be separated and communicated asyn-
chronously, but in our setups we typically assume that each application is running concurrently122

(Baker et al. 2024). The field setup configures and runs the CPlantBox simulations. The visualizer
carries vertex-triangle information that can be used to map functional properties. Through Synavis,124

plant geometries are inserted into the virtual scene once every time step. A texture containing sur-
face properties is being generated per organ because of how the texture wraps around the plant, see126

Fig. 1 and Sec.2.2. Light influx measurement is done after the radiation calibration, submitted as
point measurement command to the ALightMeter class in UE, which carries out the measurement.128

Necessary parameters are meter resolution, measurement delay to accommodate scene update and
measurement duration to accommodate path tracing. Path tracing is a UE term that refers to the130

physics-based raytracing of image pixels without heuristic. UE does implement a heuristic for ray-
tracing, called Lumen, which uses a reduced-detail scene to complete the light information and might132

not correctly reflect the physical properties of the surfaces, as reported by Agarwal et al. (2023) in
a remote sensing context. The measurement is passed back through Synavis as influx per segment,134

1Unreal Engine Source Documentation, account needed for source code access
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Fig. 1: Relationship between functional properties on the texture level, according to the mapping
employed by Synavis (Baker et al. 2023). A. We denote G1 to be the graph structure produced
by the FSPM, including diameters, organ shape parameters, as well as functional aspects. B.
Geometrization is done through shape extrusion, taking uniform shapes as template and placing
them in a way that they encase the plant. Triangulization is the connection between the shapes
that are used to build the geometry. C. On top of a triangle, the texture map is further defined
on each vertex. D. To be able to fully map the texture onto the geometry, the tangents need to be
computed, which indicate for the texture is wrapped locally around the geometry, being as long as
one pixel is wide on that vertex.

which is passed to the Photosynthesis module. The parametrization is entirely on the Python side,
which retains all functional parameters and values. Mapping of the photosynthesis output is done136

exactly like the mapping of functional properties.

2.2 CPlantBox Model Embedding138

CPlantBox produces the structure of a plant, using a graph (G1 := (V, E, P )) that encodes one-
dimensional properties along the edges. G1 is made of vertices (V ) connected by edges (E) and140

stores a set of properties (P ) defined on either the edges or the vertices. This structure can be
seen outlined in Fig. 1.A. Our embedding typically uses an inferred 3D structure, called G3, which142

contains shape information informed by G1. G3 is a meshing based on shape representations (cylinder
or quad) that is implicitly generated from vertex positions and organ type, as shown in Fig. 1.B.144

We make certain assumptions to define the output geometry, e.g., the leaf blades are perpendicular
to the branching direction, and remain perpendicular to successive vertex differences. This can146

be calibrated empirically through the CPlantBox visualizer (Baker et al. 2023). This construction
means that in most circumstances the properties on the surface triangles are defined through the148

edge in G1 they were constructed from. We interpolate properties to vertex level and implicitly
further by encoding properties into textures, seen in Fig. 1.C, which can be accessed through tangent150

information like Fig. 1.D.
UE uses physics-based rendering, utilizing a bi-directional radiative transfer function (BRDF)152

f(ωi, ωj), which yields the outgoing light intensity for the angle ωj according to the incident angle
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Fig. 2: Matrix-notation description on how the functional properties are being sampled by the
rendering pipeline, if defined through the Synavis framework in the prescribed way.

ωi. The function f is defined either through geometric or texture properties encoded in the Material154

shader that dictates how the surface reacts to light. A surface can also emit light, and the final
color at the hit point x′ where the pixel ray intersects the surface will include both direct emission156

as well as reflectance from other surfaces’ emission (indirect light). The reflectance of a surface is
represented semi-empirically via a single factor, representing implicitly the interaction of the light158

with the different layers of an object. As we are measuring the brightness, we are reversing certain
aspects of the light simulation - e.g., a surface that would have absorbed a band of the light spectrum160

would now be brighter instead. This was implemented as such mostly for convenience, allowing the
values to be representing of the actual absorption rather than its inverse. The BRDF is sampled162

across the incident angles of possible other light source contributions.
The sampling range is locally hemispheric, but the effective brightness is scaled with the surface164

normal. The surface normal n is interpolated from its vertex definition much like other properties (cf.
Fig. 1.C). The space of surface angles Ω needs to be thoroughly sampled to gain a fully informed view166

of the scene brightness, also illustrated in Fig. 2. While there are certain optimizations implemented
in Lumen, there are no intrinsic tricks that can be utilized to speed up the sampling, as it is168

entirely dependent on the geometric content of the scene. Texture properties rely on a sparse map
UV : G3 3 x 7→ p ∈ R2, illustrated on triangles of G3 in Fig. 1.C, showing potentially different scales170

between vertices and texture maps. As described in Baker et al. (2023), the texture mapping of the
FSPM structure fills the space of the texture map, thus resulting in a stretching of the properties172

contributing to the transfer function. Since the texture mapping is done on vertex level, but the
rendering will densely prompt for surface properties at every location, the evaluation of a specific174

point x′ relies on the texture map. Fig. 1.D shows how the texture (and thus functional) information
is wrapped around the geometry, while the corresponding value retrieval for the texture is shown in176

Fig. 2. This estimation is linear, can be done before rendering (thus saving the tangents at vertex
level) and allows for seamless stitching of a texture covering unconnected surfaces by explicit tangent178

declaration. The computation of a value from the functional properties at a specific surface location
is described in Fig. 2. The primary surface properties2 that are implemented in UE that are of180

2Unreal Engine official documentation on the topic of Physically Based Materials, Accessed February 6, 2025
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Fig. 3: Characterization: relative contribution of emissive property on the BRDF rendering of the
surface model in UE, depending on the brightness of the directional (sun) light. The measurement
is non-scaled, meaning that the initial rendering system will output to a uniform [0, 1] range. On
the x axis, the intensity is provided in lux units. We generally calibrate against an above-field sensor
that is set to a direct exposure measurement reference.

interest are diffuse, which is set to grey for the purpose of measurement, specular, roughness, and
auxiliary properties such as subsurface, translucency, or masking. Evidently, our implementation182

uses strong heuristics that need continuous verification by full-spectrum models for radiative transfer.
We break down the most relevant contributions to photosynthesis and light absorption to material184

properties. The diffuse property (set to (0.5, 0.5, 0.5)) is a measurement tool that does not contain
any physical relevance. However, although we are using a single heuristic, one could separate three186

channels for the transfer model. The virtual world model that is being used here is shown in the
flowchart in Fig. 4.188

Emissive properties, such as chlorophyll fluorescence, are added to the total luminescence in
the scene. This effect is smaller compared to the direct light influx in the scene, as characterized190

in Fig. 3. This characterization is primarily done to ascertain whether the impact of the emissive
property can be calibrated. Surface light emission is being added outside of the hit-based sampling192

of the surface, meaning that the initial contact of the measurement ray yields a base luminescent
contribution by the plant surface. In certain wavelengths of light, this behavior contributes to the194

total light absorption of the surface of the plants. As shown in Miao et al. (2018), this effect can
have significant impact on the absorbed PAR rate (mol/m2/s) of the plant. Fig. 3 shows that the196

base emissive contribution will increase the base measured value, extinguishing in terms of impact
with the increased directional intensity.198

2.3 Domain Partition and HPC
Since we are aiming to simulate field-scale setups, the actual workload of simulating and measuring200

in the virtual environment needs to be distributed. For this purpose, we utilize field partitioning
by allocating instances of Unreal Engine dynamically through Synavis (Baker et al. 2024). Field202

distribution is based on direct partitioning. Because CPlantBox uses stochastic structures that are
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random-number-based, we assign a specific starting seed to the field in total, varying the individual204

plants deterministically. This ensures that the specific realization of a plant organ does not need
to be communicated between nodes, as all nodes have implicit knowledge about the neighboring206

structures and could access their specific realization by simulating the corresponding field seed +
plant position. All simulations that are being run have unique plant structures, but these structures208

can be inferred from the starting time of the cluster job.
We implement our field distribution for the JURECA-DC (Thörnig 2021) cluster, equiped with210

four NVIDIA A100 GPUs in addition to two AMD EPYC 7742 CPUs. These nodes are connected
with InfiniBand Interfaces (NVIDIA Mellanox Connect-X6). Within each node, the field consists of a212

realization of a grid of plants, growing in a separate CPlantBox configuration. It is entirely optional,
and independent of the virtual scene, whether the boundaries of the individual FSPM instances are214

being coupled, or not. In fact, as we are measuring the light influx on the geometry in the scene,
the competition and individual exposure of individual plants can be estimated without running the216

FSPM in a continuous system. Nevertheless, for a full view of the plant field, a continuous system
of plants, particularly regarding their soil properties, would be necessary.218

The field-scale embedding further needs to be distributed over nodes to ensure efficient compu-
tation of plant instances. This is the case for all field-scale setups, irrespective of the soil-related220

simulation setup, since the amount of individual segments that need to be measured exceeds the
memory of common GPUs (Baker et al. 2024). Our scaling experiment, results of which are shown in222

Sec. 3.3, consists of a partitioned field using a total number of plants N2 arranged in a square. Based
on total amount and MPI world size W , this square is subdivided into sets of squares of N/W plants224

per side. The seed numbers act as IDs for the plants, with the added randomness introduced by the
starting time. The simulation can use one coherent global starting seed that is concatenated with226

the local ID of the plants. The grid of plants is scaled with the world embedding scale (which can
be calibrated if needed for numerical precision) and the plant density. However, custom placements228

of plants are generally encouraged when producing light simulations, as our partitioning setup uses
simple idioms to distribute the simulation as a showcase for HPC partitioning.230

Our partitioning and scaling experiments are based on a plant grid that is being set and defined
remotely. There are many hyperparameters that contribute to performance and results. In our tests,232

the total virtual screen resolution, i.e., number of light meters, is a factor in overall performance.
For the hard scaling, we tested the progression using three steps of meter count: 50 7→ 3200Pixels,234

100 7→ 6400Pixels, and 200 7→ 12800Pixels. Virtual resolution values outside of these yield either
decreased render or measurement performance. We increase the number of nodes, resulting in236

an increased field size or an increased distribution of the field size. In terms of UE rendering
configuration, we do not utilize culling and will keep the reference point for render optimization3238

close to the target for measurement. When path tracing4 is employed, lightmap settings do not
matter, and we are not utilizing virtual textures5, though it would not impact the measurement if240

this was added.

2.4 Embedding of Experimental Data242

Our reference data has been taken from the Field Minirhizotron Facility in Selhausen6 (Lärm et
al. 2023; Nguyen et al. 2024). The facility is an experimental site that includes field data as well244

as extensive sensory data, including a minirhizotron setup that includes tubing to measure root
distribution (Bauer et al. 2022). These data sets are hosted on the TERENO platform (Bogena246

2016), which is an open data platform that enables us to access sensory as well as experimental data
across parts of central Europe.248

3Occlusion Culling Description
4Path Tracing Description
5Virtual Texturing Description
650.865°N, 6.447°E, 203m a.s.l. in 2024
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Fig. 4: Data sources and pathways of the UE virtual world coupling for photosynthetic radiation
influx measurement. CPlantBox is the central data source for UE, while on the left are static data
sources. The model world provides light influx, which can be mapped onto the data world.

Weather is introduced both as environmental condition influencing the atmospheric boundary
of the photosynthetic reaction and as precursor to the quantization of other parameters. From top250

to bottom, air pressure and humidity, temperature, and radiation are being derived from Selhausen
measurements. These values are partially resolved at the 10-minute rate. Using the calibration in252

Fig. 2, we can linearly scale the light measurement using a clearsky measurement value as reference.
This value can stem from singular measurements done as reference, or a densely resolved radiation254

flux measurement as present in the Selhausen above-ground data. From a data generation stand-
point, PAR radiation can be directly mapped onto the pixel space by using the relative radiance at256

each point without needing to consult measurement data. An illustration of this approach is shown
in Fig. 4. We vary the directional light brightness based on the RadiationGlobal [W/m2] data258

collected in the Selhausen facility, as illustrated in Fig. 4. Our site data was partially extracted from
the TERENO data hub (Bogena 2016) for the climate station Selhausen 3 (Schmidt 2024). The soil260

characterization was done in Lärm et al. (2023), which features matric potential measurements at
different depths. The soil parameters were implemented as one-dimensional model for simplicity,262

while the root structure was simulated explicitly. We chose not to infer air co2 molar fraction from
the experimental measurements as the sensors we would have available are not representative of264

the chamber measurements in Nguyen et al. (2024). Nevertheless, the full weather model can be
referenced to in the simulation script, see Sec. 5.4.266

For the 2016 measurement, winter wheat was sown on October 26th, 2015, while first emergence
was logged at November 1st, 2015. Nguyen et al. (2024) describe the gas chamber measurement268

in the field regarding the photosynthetic activity of the plants. The measurements were done at
multiple time of days, and the PAR was always measured concurrently, along with other indicators.270

Our comparison focuses on the PAR adsorption and the co2 uptake. We assumed the start of the
growing season to be 5th March 2016 and simulate the plant growth up to the measurement, at which272

time we run the photosynthesis module in combination with the UE measurement of light influx.
We are using a pre-flowering gas chamber measurement for the photosynthesis activity, including a274

sunlit wheat plant. We measure the light photon influx per segment on the leaf surface. This value
has been relayed to CPlantBox, following a photosynthesis evaluation with simplistic soil coupling.276

We assumed no limitation by soil water content. The leaf surface parameters are kept simple,
not including subsurface scattering or fluorescence. These values are included in the model, but278
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Fig. 5: Mapping of functional properties, in this case light assimilation effectiveness, onto the leaf area
of the FSPM simulation. These values are scaled mostly categorical, with the red/blue distinction
describing the flipping point between nitrogen limitation An and photoelectric limitation Vj .

need to be parameterized, and our TERENO-based parametrization is illustrated in Fig. 4. Both
the virtual world models are steered through Synavis and implemented in UE, while CPlantBox280

runs as a precursor to the data scene, needing the model scene as light influx reference. In UE, the
measurement was done over 3 frames following a 2 frame waiting period after the measurement point282

has been registered. This is to ensure that the virtual scene is fully updated before the measurement
begins.284

3 Results
Model coupling is largely based on the combination of the virtual world embedding (Baker et al.286

2023) and the photosynthesis calculation developed by Giraud et al. (2023). Here, we highlight our
results regarding the primary evaluation of our coupling’s main contributions. This section focuses288

on the accuracy of the framework, the scalability of its implementation, as well as the production of
synthetic light exposure training data from FSPM simulations.290

3.1 Synthetic Light Exposure Data
Mapping the functional data onto a virtual measurement space ensures the increased usefulness of292

the photosynthesis data. It allows the extension of the synthetic data pipeline to uncover mechanistic
insights into plant development in a pipeline otherwise restricted to other information that is being294

rendered in the engine, such as implemented by Mousavi et al. (2020).
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Fig. 6: Absorbed PAR in blue/left, and net co2 uptake in red/right. The light flux standard deviation
is segment based, i.e., depending on where on the plant the light is measured, the light measurement
has different results, resulting in a high standard variation. The experimental data is marked with
an x and a dotted line for measured variance.

Our UE implementation measures exactly around the submitted points, an array which can be296

mapped onto the geometry. As the rendering needs to switch modes for this task, the workload needs
to be separated from the measurement or performed subsequently. The photosynthesis module of298

CPlantBox, if not restricted through other mechanisms, imposes a limitation on carbon uptake Ag,
which is Ag = min (Fj , Fc) (Giraud et al. 2023), where Fj is the electron transport rate and Fc is the300

carboxylation rate, which is largely restricted by Nitrogen uptake. These rates are output by the
simulation, particularly the photosynthesis module, when solving for the photosynthesis reactions.302

They are given by segment, which we interpolated to organ level for the visualization in Fig. 5.
Different populations, one large and one rather small are shown in Fig. 5, showcasing how this kind304

of scaling would function in the Synavis pipeline. An output of this simulation is the fact that
we can scale such an otherwise very mechanical value to a more clearer result, showing a potential306

limitation by Fc which could indicate the need for more nitrogen fertilization.
Our implementation for this work furthermore allows a full export of the FSPM geometry for308

multiple file formats, including VTK-compatible files, or Wavefront Object files that can be used with
software such as DART (J. P. Gastellu-Etchegorry and Gascon 2004). The higher compatibility also310

allows users to employ more coupling techniques that can be used with other RT models, including
lightweight models that run on CPU-only devices. The coupling is furthermore entirely steerable312

within Python, which also contains the simulation information provided by CPlantBox.

3.2 Light Influx Accuracy314

We compare the experimentally measured values for light influx and carbon uptake to our virtual
world model. Our comparison is shown in Fig. 6, which highlights both light influx as well as co2316

uptake per area. Our calibration yielded a close match to the experimental data, though we will note
that multiple parameters could yield similar results. The calibration of the individual parameters318

used for the light evaluation can be referenced to in the resources that accompany this manuscript,
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Fig. 7: Scaling of number of nodes while not scaling total problem size. A: Time of execution for the
photosynthesis pipeline for a field of 500 plants, measuring the performance of the light evaluation
only, from submission to reception of the exposure data. B: Derived speedup values for the parallel
performance. We compare our results against the ’trivial parallelization’ baseline, representing a
speedup directly proportional to the number of nodes used. Our memory-bound applications has
a superscaling behavior, resulting in an overall faster computation by means of parallelization and
reduction of wait cycles for the computation.

see Sec. 5.4.320

For our simulation study, we sub-sampled the 10-minute intervals to 30-minute intervals to reduce
simulation time to allow for a better progression of the FSPM simulation. This is mostly a reduction322

of the computational workload to replicate the data, while still maintaining similar expressiveness.
The base experimental time resolution of the experiment is non-uniform, with the measurements324

taking place in specific time slots with multiple measurements. We averaged measurements that were
taken in the same interval, though on different plants labeled the same, resulting in the variance326

seen in Fig. 6. Similarly we highlight that while the measurements that were deemed sunlit in
the experiments described in Nguyen et al. (2024). The light absorption measured in both the328

experiment and in our simulation study yielded high variance. This is likely caused by differences in
measurement positions on the plants. The increase in the mornings was steeper than the decrease in330

the evening. This is also present in the raw data we used for the modeling (Schmidt 2024). Similarly,
the co2 uptake increased in such a fashion, though in the evening both radiation and uptake values332

are outside the experimental range. Our simulated co2 uptake at around 11 ó clock was lower than
the average experimental value, though within the variance. Our light influx variance was peculiarly334

low in the range of 7 to 8 ó clock, which we could attribute to the scattering values that were used
in the virtual environment, in combination with the fact that overall illumination was low.336
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Fig. 8: Scaling of both problem size and number of nodes. A: Time of execution if we increase
the data in the same way as the number of nodes. B: Derived speedup values for the parallel
performance, again calculated as T (1)/T (N).

3.3 Scaling and Performance
We have investigated the scalability of the coupling to determine the performance of the method338

on HPC systems. We show both timings and resulting speedup in Fig. 7. In it, we observe what
appears to be super-scaling behavior, which requires closer investigation. First, the light evaluation340

being distributed across nodes will make the measurement faster than on a single node, with N/P
measurement points as opposed to N . We note that there is overhead in the shape of the surrounding342

plants that get rendered as to not distort the boundaries between the compartments of the field,
even though these plants act as geometric inclusion only. However, because the overall amount of344

triangles in the virtual scene is significantly lower, the engine also performs better per render pass,
which results in an increased performance of a single evaluation. Thus, the parallel performance346

appears to be so steeply increasing with the number of nodes. This is commonly referred to as
memory-bound performance (see e.g., Allande et al. (2014)).348

Fig 8 shows the weak scaling of our system. The speedup appears to be slightly increasing,
though this is constraint by the controlling node that handles the same area. From measurement,350

the added speedup even though the problem size remains constant might have different reasons,
as investigated in Sec. 4.1. The measurement is taken through the framework itself, and as such352

it does not account for effects due to MPI setup and the initialization phase of the photosynthesis
simulation. In our evaluation, we found that there was not much difference in the performance354

regarding the total (virtual) resolution of the light measurement, based on the top three performing
settings in this context. An increased resolution, i.e., an increased number of light meters, will result356

in a decreased frame performance, resulting in a relatively similar performance overall. From the
hard scaling comparison in Fig. 7, we found that 100 light meters yields best performance, resulting358

in a total resolution of 82 · 100 = 6400 measurement points.
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4 Discussion360

This work has been an investigation into the validity of using the Synavis framework for simulated
embeddings, lifting the data production pipeline to a true embedding of simulated data. The contri-362

bution on a technical level is the coupling to the FSPM as well as the implementation of a functional
embedding into UE such that it can be used together with other models beyond plant models.364

4.1 Distributed Simulation of FSPM Embeddings
It is generally no issue to distribute plant simulations across nodes in cases where the simulation366

is entirely at organ scale. Scale conversions, such as between cells and plant level, always require a
form of heuristics, as it would be cumbersome to simulate a plant on cell level entirely. As such, the368

data scale conversion is an important tool to not only use varying resolutions of experimental data,
but also to distribute the plant simulation. We use this to estimate the size of the buffer region370

in our tests. Typically, with our parameters regarding the size and density of the field, two rows
of plants around our measurement area is sufficient on average. During midday, and depending on372

geographic location, the buffer plants might even be omitted, which is also the case for cloudy days.
In the first case, this is because the shadows are very close to the plant and might not significantly374

touch neighboring plants, and in the second case, most light arrives in so many scattered pathways
that shadows have decreased contrast.376

The scaling experiments in Fig. 7 and Fig. 8 show a clear speedup through HPC use. We note,
however, that we do not believe the apparent trend in Fig. 8 regarding the speedup between 8 and378

20 GPU nodes has a systematic cause. There are components regarding the order of operations,
particularly the spawning of plants and the initialization of the measurement, that cause a greater380

variance in the sampling. Particularly we note that the main compute node did not speedup, but
rather remained somewhat constant regarding its sampling and the collection of light influxes. Un-382

covering the hyperparameters that contribute to the eventual parallel efficiency is beyond the scope
of this work, but would be the next step to complete the HPC integration of the Synavis framework,384

particularly in combination with AI workloads. To accommodate DNN pipelines and to reduce
over-fitting, the number of visualizers should be lower than the number of learners, as the learning386

algorithms needs to use image-based augmentations in addition to domain-based augmentations to
fully make use of the synthetic data, as image-based augmentations have uses beyond adding more388

pictures to the data space.
Distributed performance using the Unreal Engine also would have some limitations regarding390

inter-module connectivity, as scaling up the virtual world rendering on a dedicated visualization
module might impact the latency. Users of the framework would need to be cognizant of the392

local properties of the HPC systems they operate on, as it could introduce topology or module-
depended differences in communication times. Our communication tests typically yielded latencies394

between modules (through Ethernet, e.g. between JURECA-DC and other clusters on-site) of around
200ms. We do highlight the usefulness enabling graphics on user-exclusive GPU nodes as opposed396

to offloading the capability of rendering onto interactive nodes that cannot tolerate high workloads.

4.2 In-Silico Recreation of a Field Experiment398

The gas chamber measurements can be referred to in Nguyen et al. (2024), and we will note that it
is not an isolated chamber, and thus the concentrations are susceptible to wind. We are comparing400

distribution-free measurements, as the reported photosynthesis measurements are provided per area
and time. Our pipeline is able to replicate the experiments of this specific configuration well. We402

have to note that there are many configurations of parameters that might yield similar results, some
of which are outside what are realistic properties for plants. The overfitting of simulation models has404

been previously reported in other domains, such as radiotherapy in silico simulation (van der Schaaf
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et al. 2012). The calibration of the light influx is not only dependent on the actual sunlight intensity,406

but also on the atmospheric scattering of specific wavelengths, as well as leaf surface scattering. To
truly provide an embedding for more different FSPM simulations, a full study, including experimental408

measurements of leaf surfaces, would be required, along with a study on the mapping of wavelengths
into the virtual world. We have fitted and highlighted that we can represent experimental data,410

but the full parametrization and analysis of the virtual world is beyond the scope of this paper,
particularly regarding its use as data generation pipeline. The soil parametrization regarding light412

propagation is an important factor that contributes to total illumination.
The experimental replication furthermore yields a type of bottleneck that correlates with the414

production of synthetic data. In future work, less light influx settings, i.e. day, time, and weather,
should be computed to speedup evaluation, in addition to only computing a representative subset of416

the field. This would speedup the total evaluation significantly, and more time can be allocated for
the actual data generation, after deriving a heuristic of the mapping between the parameter space418

and the light influx or carbon uptake limitation on the plant. For the domain composition, the
challenge poses itself that a camera either needs to be facing downwards, as this is how the light420

evaluation is parallelized, or the render scene needs to be setup by reducing the decomposed scene
into one.422

4.3 Functional Synthetic Data using UE
One factor contributing to the increased use of UE in certain domains, specifically in plant science,424

is the ability to very quickly prototype scenes. The key aspect is that visually, a user of these engines
can achieve a good general setting very quickly, beyond the need for texturing and geometrization,426

which are issues that are largely independent of the concrete rendering back-end. Examples of
this are Helios or DART with subsequent rendering, or any alternative to UE for synthetic data428

implementation. These models also require calibration of surface properties, even if respective
rendering pipeline use multi-spectral or physics-based models.430

There are certain aspects of the pipeline that required adjustment seeing as UE is historically a
game engine, which goes beyond terminology. Certain parts of our workflow are implemented on top432

of basic optimizations we explicitly turn off, or circumvent using procedural geometry. Similarly,
certain features might not be as fleshed out as others, particularly regarding the implementation434

of simulation models, requiring some fine-tuning in cases that extend beyond what a game engine
typically delivers. In Sec. 3.2 we showcase the connection between the simulation and the eventual436

training output that could be used for inference in field settings. There are caveats, but generally,
our method adds to the virtual scene in a graphics engine information that is otherwise not available,438

by employing simulation models to act as data source.
While this work focuses on the central validity and applicability of the workflow for photosynthesis440

problems, this pipeline is a generic data production pipeline. More functional information within
the virtual world would enable a more informed embedding and ultimately strengthen the ability of442

deep neural networks to estimate plant health through remote sensing techniques. Camera footage
together with distance sensors are comparatively low-cost and easily reproducible in experiments,444

and they are also always computed in UE, as pixel shaders depend on pixel depth and relative
velocity information. Camera settings, particularly within the data production, but also for the real446

world, are extremely important. In Fig. 5 we showcase a functional mapping and visualize the plants
in a way that makes them easily distinguishable for this manuscript, but the scene is technically448

overlit, as two pixels yielding different light absorption information might have the same scene color
value. This is an issue that is a vital component of any functional analysis that depends on consumer450

camera images. Unless the exposure is configured to take only leaf surfaces into account, there will
be some loss of information due to the restricted brightness range of the images. This is the case452

even in UE, which internally uses a high dynamic range system but is flattened into pictures to
produce synthetic data. We have previously reported the dependency of threshold-based relative454
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leaf area on image capturing conditions in Baker et al. (2023).

5 Conclusion456

This paper presents a coupling approach that is directly embedded into a data generation framework.
Recent advances in data generation, particularly for agricultural science, have highlighted the need458

for embedded models in these frameworks. Here, we proposed a coupling with an FSPM model,
highlighting the usefulness of its functional simulation for the enrichment of the data generation. A460

new implementation of radiative transfer representation in UE was developed to couple the FSPM
CPlantBox to a light influx evaluation for photosynthesis evaluation. We show that we can embed462

functional properties into the virtual scene accurately, scalable, and usable for synthetic data.
We have included a replication of an experiment, a data production pipeline for light exposure464

efficiency and the carbon uptake limitation in plants, as well as the scalability of our method on
HPC systems. Exploring how to best utilize the tools available, especially when implementing the466

simulations into a wider workflow, is essential.
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A Data Availability
This thesis is based on the Synavis framework, which is available in the public GitHub
repository, https://github.com/dhelmrich/Synavis.

The repository includes the Synavis framework synavis/ and the code exam-
ples needed to reproduce the publications in python/. SynavisUE contains the
plugin that can be installed on a UE project. Lastly, example projects can be found in
https://github.com/dhelmrich/SynavisUEexample, which has branches that accommo-
date certain use cases, including a laboratory and a field use case.

VRoot is a public application available at https://github.com/dhelmrich/VRoot. The
application is a UE application to be built with a Head-Mounted Display system. The
folder Server contains the backend data analysis server that is being used with the
application.

The data repository containing anonymized study data has been uploaded to an
online repository to comply with FAIR data principles. The data is anonymized and
includes all participant answers and root tracings. The study has received ethical
clearance from the ethics committee of Trier University.

D. Baker and D. Zielasko. Study Data to VRoot: An XR-Based Application for
Manual Root System Architecture Reconstruction. Version V1. 2024 DOI: 10.26165/
JUELICH-DATA/B9SBOS.

Video material has been published for all publications. The videos can be found in
references in the individual paper summaries and here:

D. N. Baker. Supplemental Video for our Manuscript ISPLANTS-2023-026.R1.
FigShare. 2023 DOI: 10.6084/m9.figshare.24179136.

D. N. Baker. Video on VRoot: An XR-Based Application for Manual Root System
Architecture Reconstruction. FigShare. 2024 DOI: 10.6084/m9.figshare.
26003494.

D. N. Baker. Scene Distribution using Synavis for Game Engine HPC Use-Cases.
FigShare. 2024 DOI: 10.6084/m9.figshare.25723773.

D. N. Baker. Video to: Virtual World Coupling with Photosynthesis Evaluation
for Synthetic Data Production. FigShare. 2025 DOI: 10.6084/m9.figshare.
28280780.
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