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Abstract

Phenomics research, driven by advancements in imaging and image processing, enables high-throughput
measurements of plant traits, providing insights into growth, tissue development, and biochemical states.
However, data accuracy is critical to reliable outcomes, especially in complex methods like 3D reconstruction
and hyperspectral imaging. This study demonstrates the role of Quality Management Systems (QMS)
in enhancing the research process in plant phenotyping. The study emphasizes the importance of a robust data
quality assurance pipeline, focusing on error identification and improving data labeling processes through
semi-automation. Root Cause Analysis (RCA) was employed to address discrepancies in annotated datasets
and identify critical issues, such as misalignment in experimental protocols and operational errors, including
the misplacement of irrigation hoses during data collection. Corrective actions, such as photo documentation
and procedural revisions, significantly improved data quality. Additionally, algorithmic support streamlined
the annotation process, increasing efficiency and data reliability. This integrated approach underscores
the necessity of quality control in research, especially for geographically distributed teams working under
variable conditions, and highlights the broader applicability of QMS in optimizing research outputs.
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Introduction biological parameters of the observed plants.

A prerequisite for such accuracy is a high-quality
Phenomics research has benefited database. Errors in data are the basis for poor-
from the methods and devices allowing quality outputs or erroneous research conclusions.

the high throughput measurements of plant traits
at different levels, including growth-related traits,
cells and tissue development, and biochemical
and physiological states. Imaging and image
processing  developments  enable  capturing
how these traits vary over time. Advancements
in parallel and automated image acquisition allow
for processing images of large plant populations
under specific growth conditions. Image-processing
capabilities enable 3D reconstruction of image
data and automated quantification of biological
features. (Simek et al., 2015) These advancements
allow modeling at the systems level (Dhondt
et al., 2013; Fiorani and Schurr, 2013; Kartal et al.,
2021; Paulus, 2019; Pongpiyapaiboon et al., 2023;
Sozzani et al., 2014; Vadez et al., 2015).

The goal of using digital methods is to achieve
the best possible accuracy in identifying the

To achieve the best possible research results,
it is necessary to pay attention to the quality
of the entire research process (Ronanki et al., 2022).

The application of Quality Management Systems
(QMS) in plant phenotyping research plays a pivotal
role in ensuring data accuracy and consistency,
especially with the increasing complexity
of hyperspectral imaging and sensor-based
techniques. For instance, a quality assurance
pipeline developed for hyperspectral imaging
systems ensures that spatial and spectral quality
parameters are accurately maintained, enabling
reliable detection of plant diseases such as
Cercospora Leaf Spot through convolutional
neural network (CNN)-supported data analysis.
This  quality-assured approach is  crucial
for evaluating and refining imaging systems
in real-time plant health monitoring (Detring
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et al., 2024). Another critical aspect of QMS
in plant phenotyping is data management,
essential for handling the vast amounts of digital
data generated by automated sensing systems.

Ensuring that data-sharing practices align
with FAIR (Findability, Accessibility,
Interoperability, and Reusability) principles

can enhance the reproducibility and efficiency
of research processes. (Ugochukwu and Phillips,
2022) The integration of advanced phenotyping
methods, such as 3D reconstruction and leaf
surface estimation, further highlights the need for
robust data collection and analysis quality control
to optimize workflows and reduce processing times
(Daiki and Noshita, 2024).

The application of Quality Management Systems
in the research process ensures consistent standards,
minimizes errors, and enhances the reliability
of outcomes. In clinical and public health research,
QMS is essential to maintain protocol integrity,
prevent deviations, and uphold the credibility
of research findings. By implementing systematic
procedures, research teams can ensure rigorous
data quality and operational efficiency (Isere
and Omorogbe, 2024). Additionally, in biomedical
laboratories, QMS helps address quality issues, such
asresultstabilityandreplicationcrises, by optimizing
research processes and increasing effectiveness
and efficiency. Despite initial resistance due
to resource allocation and bureaucracy concerns,
QMS offers significant advantages in process
control and reliability.(Briinschwitz and Kleymann-
Hilmes, 2024) Furthermore, operations research
methods integrated with QMS in engineering
and industrial contexts enable continuous
improvement through mathematical modeling
and optimization techniques, ensuring product
and service quality across all phases (Parker, 2024).
The application of QMS in research laboratories,
such as in the petroleum industry, improves client
satisfaction, reduces failure rates, and fosters
industry-academia collaboration, providing
a robust framework for process optimization
and innovation (Vianna et al., 2022).

This article's main objective is to apply the quality

management system in the research process
to increase the quality of outputs.

Material and methods

Our research in the field of plant phenotyping
is conducted by an international team located
worldwide in various places and time zones.
Researchers are located in the Czech Republic
(The Czech University of Life Sciences),
the Netherlands (Phenospex), India (ICRISAT
- The International Crops Research Institute
for the Semi-Arid Tropics), and Turkey (Cukurova
University)

The research aims to estimate plant traits from 3D
scans of plants acquired by the high-throughput
phenotyping platform LeasyScan (built using
Phenospex PlantEye F600 sensor). Subsequently,
individual plant detection, organs, and other
analyses are performed mainly using 3D computer
vision methods. Obtaining 3D models outdoors
brings efficiency to the entire research process.
It does not require excessive manipulation
with plants. Part of the process involves manually
annotating datasets to train the artificial neural
network models. The general scheme of the entire
research is depicted in Figure 1.

The research commenced following the task
assignment. Time sessions were set up for regular
meetings where interim results were reviewed,
schedules were discussed, and next steps were
suggested. Control mechanisms were also part
of the regular consultations. The method
of selecting and checking a sample of data was
chosen for control. The conclusions from the data
control were regularly consulted, and measures
were taken to correct the identified deficiencies.

The following procedure was chosen for the data
flow: Data acquisition -> Data preprocessing ->
Data Annotation. Data acquisition was performed
in India using the LeasyScan platform. The source
data was then stored and managed by Phenospex's
Hortcontrol system, which is also available
using BrAPI. Validated algorithms were used for
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Figure 1: The general scheme of the entire research.




data preprocessing. The preprocessing consists
of several steps, i.e., rotation, merging,
voxelization, smoothing, and soil segmentation.
The subsequent data annotation step was performed
using the Segments.ai environment. All procedures
were rechecked and verified (Multi-Sensor Data
Labeling Platform for Robotics and AV | Segments.
Ai, n.d.; Phenospex - Smart Plant Analysis
and Phenotyping Systems, n.d.).

Over time, it became clear that the set rules
needed to be revised to ensure the overall quality
of the research process. Weaknesses in the quality
of the data, rather than in the quality of the steps
used, were identified. Regular online meetings
of all groups and information sharing, including
the control mechanisms, are still needed to eliminate
the deficiencies.

The primary source of deficiencies was identified
in the data annotation process for generating
test and control datasets using artificial neural
networks. The number of annotated plants
for the ground-truth did not match the predictions.
The first step to correcting this situation was
to increase the qualification of persons designated
for data labeling through regular training and more
detailed checks. It turned out that this procedure
only solved the consequences and not the source
of the error. It was evident that it was necessary
to revise the entire research process and find
the source of the inaccuracies.

The control mechanisms, consisting of the selection
of samples and their control, needed to be revised,
and it was decided that it was necessary to find
a way to check all the acquired data. At the same
time, it was essential to check all steps to exclude
the possibility of multiple sources of errors. To avoid
further problems in the future, the methodological
procedure expressed in Figure 2 Plan to improve
the research process was chosen.

Detailed analysis of
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groups and their
participants

Identificatiqn of Strengthening of
- errors, establishment - control mechanisms.
of measurable based on new
indicators findings
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Figure 2: Plan to improve research process.

It was important for the whole process to choose
a method to identify the bottleneck. During
the discussion, it became clear that the methods
used are mainly focused on the commercial area
or processes in the public sector. Their application
in research is only partially obvious. Most methods

focus on streamlining the process regarding time,
costs, or risk analysis. Some methods are extensive,
and their application would require longer (ISO).
A common attribute of these methods is creating
a detailed procedure diagram in various formats.
This procedure is then supplemented with tools
and procedures to detect deficiencies and thereby
increase the quality of the entire process.
The diagram expresses the sequence of causes
and effects and the influence of the main actors.
(Bali et al., 2021; ISO 9001:2015 - Quality
Management Systems - Requirements, n.d.; Serrat,
2017; Shook, 2008; Starzynska and Hamrol, 2013;
Venkatasubramanian et al., 2003) The display
allows a better understanding of the sequence
of events and the identification of critical points.
The methods then focus on these and increase quality
by applying appropriate control mechanisms.
It is a suitable tool to express the quality
of the process in a measurable quantity. In practice,
this may be time, the number of erroneous outputs,
or a combination of similar values. Based on such
a criterion, the success of the applied method can
then be evaluated. An overview of the methods is
shown in Figure 3 (Tari and Sabater, 2004a).

The assessment of which method is appropriate
depends on the perspective of the participants
and the definition of the target parameters. Finally,
the point of view of the greatest possible generality
in use and applicability for scientific research
was chosen. From this point of view, the root
case analysis method was chosen. A Root Cause
Analysis (RCA) is the process of identifying
the most fundamental reason for the problem,
which, if eliminated or corrected, would prevent
the problem from reoccurring. Various techniques
for analysis can be used for this method,
and therefore, its application is suitable for multiple
environments, including high-risk industries
such as medicine or drug development (Andersen
and Fagerhaug, 2000; Percarpio et al., 2008;
Andersen, B. and Fagerhaug, T. (2006); Wilson
et al., 1993; Yuniarto, 2012).

Creating a measurable parameter expressing
the source data's quality and accuracy proved
essential. In addition to the position in 3D
space, the data from the device also contained
information about the point's color. A method based
on the height parameter of individual points (z-axis
value) was chosen for the check. The points in each
data sample were divided into 2 groups according
to height. The division had the following
assumptions:
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Figure 3: Overview of the methods.

- Group 1 may contain points belonging
to the color of soil and flower pots

- Group 2 may contain points in a color
belonging only to plants

Subsequently, the color in individual groups was
checked algorithmically for all samples. It turned
out that in Group 2, there were points whose
color did not correspond to the points of plants.
This finding was supplemented by the knowledge
from the manual labeling of samples, where some
points and shapes could not be labeled as parts
of plants. The number of points not corresponding
to plants in group 2 was determined as a measurable
data quality criterion. This finding focused
the research team's attention on preparing
and implementing experiments when obtaining
source data. In addition to creating a quantifiable
indicator expressing the quality of the data, we
focused on the entire research process.

Results and discussion

To apply RCA in our research, we created
a process diagram. Our problem was the quality
of the source data. After the analysis, we identified
4 arcas that impact the source data. These were
the technologies used, the settings of individual
experiments, the execution of separate experiments,
and the data processing methods. In these areas, any
shortcomings could affect the quality of the data.
We set up control mechanisms to verify the correct
functioning in all areas. Some control mechanisms
are determined by the type of area. For technical
equipment, this meant performing a setting check

and calibration. To set up individual experiments,
we conducted discussions with everyone involved
in the settings. In the area of experiment execution,
we conducted more detailed operator training.
For processing methods, we prepared control
outputs of the algorithms used to verify their
functioning. However, we were unable to improve
the quality of the data. After a detailed analysis
of the experiment execution, it was found that
the operators needed to adhere sufficiently
to the established procedures. To rectify this
situation, a requirement for photographic time
documentation of each experiment was introduced.
The documentation showed that the irrigation hoses
(black color) were carelessly placed, causing their
points to overlap with the source data (Figure 4).

Source: Author

Figure 4: Irrigation hoses.




After correcting errors in the execution
of experiments and implementing photo
documentation control, the source data quality
increased. After corrective actions, we selected
and reviewed a new data set of acquired data.
It no longer showed anomalies in the 2™ group
of points. The entire RCA tree diagram is shown
in Figure 5.

Taking photo documentation and storing it for each
experiment brought success by revealing the cause
of the insufficient data quality. After discussing
why the entire process of conducting experiments
needed to be set up from the beginning, including
photo documentation, it turned out that the reason
was technical complexity. It was necessary
to install a photo device for the outdoor scanner and
connect it to the data storage. This measure seemed
expensive and unnecessary.

Finding the error also resulted in another discovery:
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unsatisfactory data labeling speed and labeling
data quality. We discovered that trained operators
still need help accurately labeling the designated
class of objects. After an analysis, we changed
the marking procedure so that the operators' duty
was to mark only defined categories of plant
organs (leaves, bay leaves, stems, and petiole)
and to record the belonging of the parts to a specific
plantin the form of recording identifiers in numerical
terms. An algorithm was subsequently written
to mark the whole plant, automatically generating
this mark. Further streamlining of the labeling
process was found in dropping the labeling of object
detection points and replacing this process
with an algorithm that produces this labeling
automatically from labeled parts. These changes
made it possible to include a larger group
of operators in the labeling process, thereby
speeding up the entire labeling process. The set
procedure is shown in Figure 6.

Apparent
problem

Symptoms

W

Source: Author

Fa N N N ™
- Inadequate
Technical Experiment Experiment methods for Possible
. y managament
issue setup issue ieiin data root cause
\ 3k PN ) \_modification )
A A A A
] ‘ i i\
- : ~ e | * N Evnanamn )
Better Expanding : Expanding
control of the Strengthening studies of Checks
. of training set
technical researcher activities scholarly
\_resources / \ panel )| { /) \_ sources )
Insufficient
fulfillment of Actual root
specified cause
procedures

Figure 5: Root cause analysis tree diagram.

-

~

Segments.ai ]
pointclouds
/ labeling data J\ Cuboid
h Python code annotations of plants

—_—
Pointcloud :
label

( Gt ’ Manual labeling

. 4

9

Source: Author

)
\ Plants parts data V

generating cuboids ,

and parts for neural
network

J

Figure 6: Semi-automated labeling process.




Source: Author

Figure 7: Visual control of labeling data.

Automatic cuboid generation also proved helpful
in detecting incorrect labeling. The labeling process
was supplemented with images of the generated
cuboids, enabling more efficient control. Visual
identification of suspicious samples was much
more accessible. See Figure 7.

Conclusion

The mentioned research project is part of broader
research in plant phenotyping using artificial
intelligence. Our findings showed that using critical
insight in the research process is very beneficial.
The quality of research outputs directly depends
on the data quality used. Our research takes
place in an international team, geographically
separated and in different time zones. The nature
of the experiments performed does not allow
their exact repetition. Cultivation of plants
for experimental purposes in an outdoor
environment cannot be repeated with identical
conditions. All this makes it challenging to identify
the sources of errors and inaccuracies. Creating
a measurable parameter to express data quality
was a guide to finding the source of errors.
In the outdoor plant scanning environment,
the acquired data is less rich than in the case of indoor
scanning. Therefore, the highest possible quality
of the source data was achieved important. The use
of optimization methods for improving quality
is mainly concentrated in the area of the process
in the sphere of production, trade, and services.

Their use in a research environment is more
challenging. The hierarchy of research teams is
not strictly defined, and the results often depend
on individual abilities, ideas, and creativity.
The fact that we were not satisfied with the original
quality of the data and implemented procedures
to increase the quality of the entire process moved
us to a higher level. At the same time, we increased
the efficiency of part of the process (labeling),
and this shortened the time frame and expanded
the database for generating higher-quality research
outputs. An important factor was also the fact that
we introduced measures in source data quality
in the following areas.
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