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Abstract

Purpose 3D models are used in plant phenotyping for non-destructive quantification and analysis of
morphological characteristics. Analyzing plant structure allows breeders to select for desirable traits,
associated with e.g. drought tolerance or increased productivity. In sugar beet, morphological parameters
depict an essential element of the variety approval for distinguishing between genotypes. However, only a
limited number of measured or scored parameters are considered at a single time point. This study aims to
disclose the benefit of incorporating dynamic spatio-temporal development of 3D parameters for automated

crop genotype differentiation.

Methods A greenhouse experiment was conducted covering twelve sugar beet genotypes. High-resolution 3D
models were generated twice a week over the course of two months and both common and novel 3D
morphological parameters were extracted. The importance of these parameters was assessed over time, and

the dataset was analyzed using unsupervised pointwise clustering and time series clustering.

Results Varying importance of parameters depending on the time point and the noticeable higher importance
of plant parameters compared to leaf parameters are demonstrated by our results. Moreover, increased and
more stable genotype differentiation is archived using time series clustering compared to pointwise clustering.
Furthermore, taproot formation of sugar beet was found to have a crucial impact on morphological

development.

Conclusions Substantial genotypic variations in the dynamic development of 3D morphological parameters
could be demonstrated. The higher and more stable clustering performance using time series analysis
underlines the importance of 4D data for plant genotype differentiation. Future work should focus on

identifying important growth stages for data collection.
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Introduction

Modern approaches in plant phenotyping mainly focus on high-throughput measurement systems and non-
destructive measurement of plant traits over time. Costa et al. (2019) described these developments as a crucial
step towards future advancements in modern plant breeding. Furthermore, plant breeding is a highly labor-
intensive process, which makes automation essential (Fiorani et al., 2013). Phenotyping accesses complex
morphological or biological plant traits to measure their current status and development, for instance, gaining
knowledge about plant responses to stress factors or predicted yield on different scales (Fiorani et al., 2013;
Li et al., 2014). Consequently, phenotyping offers invaluable insight to breeders, enabling them to make
optimized selections in long-term breeding processes. Traditional phenotyping, which relies on manual
measurements and visual scoring approaches, has undergone dramatic changes in recent years by utilizing

state-of-the-art sensors and analysis techniques (Kim, 2020; Pieruschka et al., 2019; Walter et al., 2015).

The study of plant morphology is not only a valuable tool in the field of plant breeding, but also an essential
component in the process of variety approval, a prerequisite for commercial marketing of crops in the
European Union. The Community Plant Variety Office provides a set of standardized test protocols for all
major crops, which are designed to assess the distinctness, uniformity, and stability of a proposed genotype.
These protocols define a carefully selected set of parameters to assess important morphological parameters
like plant height (e.g. for wheat (Community Plant Variety Office, 2019), maize (Community Plant Variety
Office, 2010), rapeseed (Community Plant Variety Office, 2025a)) or more fine-grained parameters like leaf
length, width or attitude (e.g. for tomato (Community Plant Variety Office, 2025¢), sweet pepper (Community
Plant Variety Office, 2025b), sugar beet (Community Plant Variety Office, 2018)). Sugar beet (Beta vulgaris)
plays a distinctive role in this process, as it demands a diverse set of characteristics for approval. It should be
noted, however, that within this process, morphological parameters of sugar beet are only accessed at a single

point in time.

A primary objective of both plant breeding and variety approval is to differentiate between different genotypes,
based on quantifiable morphological parameters. Today, the necessary parameters are obtained through
manual techniques, including counting, scoring, and measuring. This involves both, a time-consuming and
labor-intensive process that cannot be reviewed or checked retrospectively. As indicated by Awada et al.
(2018), plant breeding has not yet fully integrated numerous emerging technologies associated with digital

plant phenotyping. This also applies to the variety approval process for sugar beet (Manthey et al., 2021),
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which represents a promising opportunity for the digitalization of data collection in order to gain more detailed
and comprehensible information. For most morphological parameters, a digital survey can be effectively

fulfilled by recording three-dimensional (3D) data and a subsequent computer-aided analysis.

The acquisition of 3D data and subsequent extraction of morphological parameters have gained increasing
importance over the past decade, forming the field of 3D plant phenotyping (Akhtar et al., 2024; Paulus, 2019).
3D data provides a comprehensive description of a crop's geometry, and in comparison to two-dimensional
(2D) imaging, it enables the description of more complex parameters, such as the volume of a plant or the
angle of its leaves. The necessity for 3D measurements of crop structures at varying scales, from individual
leaves to entire canopies, was already highlighted by Biskup et al. (2007) and Paproki et al. (2012) in the last
decade. Since then, the demand for such measurements has grown, driven not only by technical advancements
and the increased affordability of 3D sensor technology and computational resources (Fiorani et al., 2013),
but also due to the deployment of advanced analysis techniques that utilize Machine Learning algorithms for
the processing and interpretation of multidimensional data (Tardieu et al., 2017). Nowadays, the field of 3D
plant phenotyping encompasses a wide spectrum of sub-disciplines, including but not limited to plant growth

monitoring or environmental stress response analysis (Harandi et al., 2023).

A number of studies have addressed the topic of utilizing 3D data for differentiation tasks in the field of
agriculture. Weiss et al. (2010) investigated the classification of diverse plant species based on coarsely
resolved laser-scanned point clouds. They highlighted the significant challenge posed by the morphological
similarity across species in the automatic differentiation of plant species. The researchers accessed reflectance-
based, 3D, and 2D parameters at the single plant scale and reported, in addition to a species classification
accuracy of 98 %, high importance of 3D point distribution parameters. In a study by Strothmann et al. (2017),
multi-wavelength 3D data were employed for the classification of plant species, with a particular focus on
differentiating between crops and weeds in field environments. The findings demonstrate the efficacy of 3D
features for real-time species discrimination in challenging field conditions, highlighting the significant
information content of plant morphology for differentiation tasks. Furthermore, Young et al. (2023) utilized
morphological parameters extracted from the canopy of soybean plants to describe their diversity and build a

database to identify genotypes with similar-shaped canopies.

Upon reconsidering the initial statement by Costa et al. (2019), it becomes evident that modern phenotyping
emphasizes non-destructive trait measurement over time. However, the temporal development of 3D

morphological parameters, particularly in the context of genotype differentiation, remains largely unexplored.
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The non-invasive nature of 3D measurements can only be adequately utilized if the temporal dimension is
fully considered. This implies that a parameter's dynamic development must be considered to fully leverage

the potential of these digital measurement techniques.

Furthermore, the lack of studies focusing on spatio-temporal genotype differentiation is also evident in the
limited availability of public datasets. As shown by Lu et al. (2020), there is a shortage of publicly accessible
3D datasets of plants that encompass a substantial number of genotypes and repetitions, coupled with temporal
data acquisition. For instance, the Pheno4D dataset (Schunck et al., 2021) and a recently published dataset by
James et al. (2025) provide temporal data of crops in addition to detailed semantic labels. However, they lack
sufficient genotypes and repetitions to make a meaningful contribution to the research field in question. The
3D dataset of field-grown sugar beet provided by Marks et al. (2024) includes a substantial number of
genotypes and additional plant and leaf labels. However, it covers only one point in time and thus lacks the

ability to analyze four-dimensional (4D) temporal parameter development.

Nevertheless, the temporal development of crops holds valuable information, and its use is not limited to
genotype differentiation. It can also be employed to improve disease detection in crops (Ispizua Yamati et al.,
2024) or determine their ripeness (Kierdorf et al., 2023, 2024). In their study, Taghavi Namin et al. (2018)
employed time series 2D image data in combination with Deep Learning techniques, both with and without
Long Short-Term Memory, to distinguish between four distinct Arabidopsis thaliana genotypes. The authors
concluded that the incorporation of temporal information resulted in enhanced classification accuracy, thereby
underscoring the significance of temporal data for genotype differentiation. Moreover, Zhu et al. (2020)
examined the development of 3D parameters of the leaf apparatus of soybean over the course of its full growth
period. A continuous data collection approach was employed, enabling the generation of visual representations
of the parameter development of different genotypes utilizing radar charts. The authors note that the genotypes
exhibited notable differences in parameter development and discussed the potential use of this information in
precision agriculture for precise water and fertilizer application. Furthermore, Ma et al. (2025) investigated
the dynamic development of 3D morphological parameters of different lettuce genotypes over time. They were
able to visualize significant differences in the parameter expression for plant height and plant width. While
both studies accessed and illustrated the dynamic development of morphological parameters of crops, they did
not utilize this data for further analysis regarding genotype differentiation, leaving the potential impact of

spatio-temporal data unexplored.
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The main contribution of our study is provided by the assessment of the dynamic development of 3D
morphological parameters over time for the process of plant genotype differentiation. A spatio-temporal 4D
examination of the differentiation task is enabled by the incorporation of the temporal dimension, thereby
providing a more comprehensive view of the proposed topic. To investigate the temporal aspect of genotype
differentiation, the development of twelve different sugar beet genotypes was analyzed over a two-month
period. A total of 58 morphological 3D parameters were extracted on plant and leaf scale and their importance
for genotype differentiation was investigated. Thus, a valuable contribution is made by our exploration of 3D
parametrization of crops and the identification of important morphological parameters for genotype
differentiation of sugar beet depending on the growth stage. Furthermore, the importance of the different
observation scales is elucidated by our comparison of the influence of plant and leaf parameters. To finally
quantify the impact of spatio-temporal plant phenotyping for genotype differentiation, the extracted
parameters were analyzed using two unsupervised clustering algorithms with and without the capability of
considering temporal parameter dynamics. The importance of incorporating temporal information is illustrated
by our study, thereby establishing a foundation for the informed utilization of the spatio-temporal development
of 3D morphological parameters in plant phenotyping. Advancements in plant breeding and the approval

process for new crop genotypes will be facilitated by our findings.

Materials and methods

Experimental Design

The experimental data were collected in a controlled greenhouse environment conducted in Gottingen,
Germany, in November and December 2021. The greenhouse was set to a constant temperature of 24°C and
an artificial illumination cycle of 16 hours per day. Sugar beet plants were grown in two liter pots filled with
a pre-fertilized soil mixture made from sand and topsoil. A standardized treatment protocol was implemented,
including routine pest and disease control and fertilization to ensure consistent plant vitality. The spacing
between the single pots was chosen large enough to ensure that the plants had enough space to grow without
interruption by their neighbors. The experimental setup is depicted in Figure 1, including a visual
representation of four analyzed sugar beet genotypes to demonstrate the morphological differences present in

the dataset.

A total of twelve distinct sugar beet genotypes, categorized into two groups, were selected for analysis. A total

of eight genotypes were selected which are utilized in sugar beet breeding and thus exhibit a high degree of
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Figure 1: Three-dimensional model of the greenhouse experiment (A), created using a terrestrial laser
scanner, including four close-ups of point clouds from different sugar beet genotypes cultivated in this study
(B) (genotypes from left to right:1, 2, 9, 5), illustrating the wide range of morphological characteristics present
in the collected dataset.

morphological diversity. Hereafter, these will be referred to as breeding genotypes. In contrast, four
commercially available varieties were selected, hereafter referred to as market genotypes, which have passed
federal variety approval and exhibit less distinct morphological differences. This combination allowed
focusing on differences in parameter development while still maintaining the ability to transfer the results to
more practical situations. The experiment was set up as a fully randomized block design with four repetitions,
resulting in 48 cultivated plants. The 3D data were collected in the early morning hours to ensure an adequate
turgor and to minimize any effects of the plant's water balance on the leaf attitude. To achieve this, the plants
were watered each evening before data acquisition. The initial data collection occurred 37 days after sowing

(DAS).

The 3D dataset comprises 16 time points, ranging from 37 to 93 DAS with intervals of three to four days.
However, due to a malfunction of the utilized sensor, the interval between time points nine and ten is seven

days.

3D Data Collection

The point cloud data were acquired using a Light Detection and Ranging (LiDAR) 3D scanner (Faro Focus
S70; Faro Technologies Inc, Lake Mary, USA). The sensor exhibits a distance accuracy of =1mm, an average
point spacing of 3.1mm at a distance of 10m, and measures at a wavelength of 1550nm. The device was
mounted in an upside-down orientation to an extension arm affixed to a tripod in a height of 1.8m (see Figure 2:
Data Collection). This configuration provides a superior view of the innermost leaves and consequently

reduces the occlusion factor.
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Figure 2: Key work packages of the study, illustrating the research workflow: 1) Greenhouse experiment with
twelve genotypes, 2) Data collection using LiDAR setup, 3) Processing and preparation of the data into point
clouds, 4) Labeling of individual plant organs, 5) Extraction and selection of 3D morphological parameters,
and 6) Cluster analysis for unsupervised genotype differentiation.

To obtain 3D point clouds with minimal occlusion and high point density, ten individual scanning positions
were arranged in a circle at equal intervals across the trial. The entire data acquisition process took
approximately one hour. A total of nine spherical scanning targets (@ 145mm; Laserscanning Europe GmbH,
Magdeburg, Germany) were positioned in and around the trial for later registration of the single 3D scans into
a complete 3D model.
3D Reconstruction

A 3D laser scanning software (Faro Scene; Faro Technologies Inc, Lake Mary, USA) was utilized to
preprocess the single scans, applying stray point and edge filtering to eliminate larger noise in the point cloud.
Subsequently, the spherical registration targets were marked, and the individual 3D scans were registered into

a unified 3D point cloud with sub-millimeter point density. Next, the point clouds from each measurement



1 date were transformed into the same Cartesian coordinate system using three additional photogrammetric
2 targets. This allowed for a straightforward extraction of individual plants on consecutive dates using

3 predefined coordinates for each plant, as the pots remained stationary throughout the trial.

4 Software Dependencies

5 Further processing of the point clouds and the subsequent analysis were conducted in Python (v.3.10.0) (Van

6 Rossum et al., 2009), beginning with the preprocessing of the extracted point clouds of individual plants from

7 the greenhouse trail. Therefore, the libraries NumPy (v.1.26.4) (Harris et al., 2020) and Open3D (v.0.18.0)

8 (Zhou et al., 2018) were used. Furthermore, Numpy, Open3D and SciPy (v.1.14.0) (Virtanen et al., 2020) were

9 used to extract and validate morphological parameters. The final data analysis was conducted with the help of
10 NumPy, pandas (v.2.2.2) (The pandas development team, 2024), scikit-learn (v.1.5.0) (Pedregosa et al., 2011),
11 sktime (v.0.30.1) (Kiraly et al., 2024), and umap (v.0.5.6) (Mclnnes et al., 2018). The results were visualized
12 using Matplotlib (v.3.9.0) (Hunter, 2007).

13 Point Cloud Preprocessing

14 First, the point cloud of every single plant had to be extracted using manually annotated positions of the plant
15 pots xy-coordinates. Subsequently, the floor was removed for every plant using the RANSAC algorithm
16 (Fischler et al., 1987). After that, outliers were removed using a statistical outlier filter (Rusu et al., 2008) (see
17 Figure 2: Point Cloud Processing).

18 Following the removal of outliers, the individual plant point clouds were manually labeled using an online
19 labeling tool (Segments.ai, 2023). Each point cloud was labeled into pot, leaves, beet root, and core which was
20 created for the most inner and undeveloped leaves that could not be labeled with sufficient certainty. The
21 growth point of each plant was manually annotated in the first collected dataset as the point at which the plant
22 emerges from the soil. Since the plant pots were not moved for the entirety of the experiment, the growth
23 points could be extrapolated to subsequent time points.

24 3D Morphological Parameters

25 Definition and Extraction

26 The extracted morphological parameters include parameters such as plant height or width, which have been
27 previously addressed in existing literature. Additionally, new parameters for 3D plant phenotyping were
28 introduced, including those pertaining to the radial or spatial point distribution of a plant. To ensure the
29 transferability of the knowledge gained to future research, including other crops, the generated parameters had



to meet specific criteria. They needed to be rotation-invariant, robust to extract, and applicable across plant

genotypes and species.

The extracted parameters can be classified into two principal categories. The initial category is based on the
individual plant, thus the parameters are designated as plant parameters (Figure 3). These can be obtained
following the extraction of the individual plant's point cloud. To calculate plant parameters, it is necessary to
utilize the point cloud data and, depending on the specific parameter being calculated, additional information
about the growth point. Table 1 provides an overview of the extracted plant parameters and provides a detailed

description of each parameter.
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Figure 3: 3D morphological parameters of sugar beet at the level of a single plant. The illustration
encompasses eight principal categories from which first-order 3D parameters can be directly derived (vertical).
Additionally, there are second-order index parameters depicted that integrate individual parameters from
multiple main categories (horizontal). (IQR: Interquartile Range, SD: Standard Deviation).



The second group of parameters examines the characteristics of individual leaves, which are subsequently
designated as leaf parameters (Figure 4). To obtain these organ-specific parameters, pointwise annotations
were required. As previously stated, leaf instance segmentation was conducted manually to circumvent issues
pertaining to the quality of automatic labels. The data for generating the leaf parameters was extracted through
the fitting of a digital leaf template to the point cloud of each leaf. The template contains predefined key points
like the leaf blade base or the leaf tip for an easy assessment of morphological parameters. A more
comprehensive understanding of this algorithm can be gained in Marks et al. (2022). The final leaf parameters
for each plant were finally created by calculating multiple statistical values, including all leaves of a single

plant. Table 2 provides an overview and a detailed definition of the extracted leaf parameters.

Table 1: Overview and detailed description of collected plant parameters. (IQR: Interquartile Range, SD:

Standard Deviation).

Parameter Definition

Height Maximum 99" percentile of all Euclidean distances between point, and the growth point
measured along the z-axis

Height Mean/IQR/SD Descriptive statistics of all Euclidean distances between point, and the growth
point measured along the z-axis

Width Major Axis Maximum Euclidean distance between two points on the xy-plane

Width Minor Axis Maximum Euclidean distance between two points on the xy-plane, orthogonal to
the major axis

Width Aspect Ratio Ratio of the minor axis length to the major axis length

Height-Width Index
Radius Maximum

Radius Mean/IQR/SD
Roundness

Height-Radius Index
Height-Radius-Mean Index
Spatial Extent Maximum

Spatial Extent Mean/IQR/SD

Points Quantity

Normal Angle Mean/IQR/SD
Normal Angle Distribution Skewness
Normal Angle Distribution Kurtosis
Projected Leaf Area

Ground Cover Area

Gap Fraction

Convex Hull Surface Area

Convex Hull Surface Volume
Convex Hull Surface Compactness
Convex Hull Surface Perimeter
Leaf Quantity

Gap Fraction 3D

Leaf Spacing

Projected Leaf Area Mean
Leaf Overlap Area

Ratio of the maximum height to the major axis length

99" percentile of all Euclidean distances between point, and the growth point
measured on the xy-plane

Descriptive statistics of all Euclidean distances between point, and the growth
point measured on the xy-plane

Ratio of the maximum to the minimum Euclidean distance on the xy-plane
between the growth point and the points of the perimeter of the point cloud
Ratio of the maximum height to the maximum radius

Ratio of the mean height to the mean radius

99" percentile of all Euclidean distances between point, and the growth point
measured in xyz-coordinate space

Descriptive statistics of all Euclidean distances between point, and the growth
point measured in xyz-coordinate space

Number of points after voxelization with a standardized voxel size
Descriptive statistics of the angles between the z-axis and a points normal
Asymmetry of the angle distribution between the z-axis and the point normals
Flatness of the angle distribution between the z-axis and the point normals
Surface area of the point cloud projected on the xy-plane

Surface area of the 2D convex hull of the point cloud projected on the xy-plane
Ratio of the projected leaf area to the ground cover area

Area of the smallest convex shape that can enclose the point cloud

Volume of the smallest convex shape that can enclose the point cloud

Ratio of the convex hull volume to the convex hull surface area

Perimeter of the 2D convex hull of the point cloud projected on the xy-plane
Number of individual leaves of the point cloud

Ratio of the summed-up 3D surface area to the ground cover area

Mean Euclidean distance between each leaf and its closest three neigh- boring
leaves in xyz-coordinate space

Ratio of the projected leaf area to the number of leaves

Ratio of the projected leaf area to the summed-up 3D surface area

11
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Figure 4: 3D morphological parameters of sugar beet at the level of a single leaf. In each instance, the
measured distance or area is indicated in red. (IQR: Interquartile Range, SD: Standard Deviation).

A total of 58 morphological parameters were extracted from each plant's point cloud, composed of 37 plant
and 21 leaf parameters. This effectively translated the enclosed information and reduced it to a lower

dimensional representation.

Referencing and Validation

Henke et al. (2022) investigated the impact of geometric inaccuracies of 3D scans on morphological plant
parameters. While some parameters, such as plant height, are robust to missing data, other parameters of higher
dimensionality were more sensitive to the type and extent of geometric perturbation. To ensure the uniformity
and accuracy of the parameter extraction pipeline, a 3D printed reference model of a sugar beet plant was
employed in accordance with the methodology outlined by Bomer et al. (2024). The use of the reference model
permits the comparison of extracted parameter values under varying data collection conditions, thereby
facilitating an effective analysis of the consistency and precision of parameter extraction. Additionally, the
model permits the inspection of morphological parameters that are not measurable with conventional, manual

measurement methods (Bomer et al., 2024).

Table 2: Overview and detailed description of collected leaf parameters. (IQR: Interquartile Range, SD:
Standard Deviation).

Parameter Definition

Leaf Length Maximum/Mean/IQR/SD Descriptive statistics of the measured geodesic distances between the growth
point and the leaf tip for all leaves of a plant

Blade Length Maximum/Mean/IQR/SD Descriptive statistics of the measured geodesic distances be-tween the leaf blade
base and the leaf tip for all leaves of a plant

Stem Length Maximum/Mean/IQR/SD Descriptive statistics of the measured geodesic distances between the growth
point and the leaf blade base for all leaves of a plant

Blade Width Maximum/Mean/IQR/SD Descriptive statistics of the maximum geodesic distances of the leaf blade
measured orthogonal to the leaf major axis for all leaves of a plant

Leaf Area Maximum/Mean/IQR/SD/Sum Descriptive statistics of the triangulated surface areas of the leaf blade for all

leaves of a plant

12
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The model was integrated into the data collection process by situating it in the greenhouse experiment at
various locations at 15 time points, thereby providing a comprehensive illustration of diverse scanning
scenarios, including variations in distance and angle between the sensor and the reference model.
Subsequently, the point cloud of the reference model was extracted manually, and outliers were automatically
removed using the described processing pipelines. Thereafter, the morphological parameters previously
defined were extracted for each time point. To assess the consistency of parameter extraction, the Coefficient

of Variation (CV) was employed using the following formula:
o
CV (%) = (H> X 100 (1)

where:
e ¢ is the standard deviation of all measurements
e u is the mean of all measurements

The Mean Relative Error (MRE) was calculated to additionally assess the precision of the extracted values

compared to the reference values of the model. The MRE was calculated as follows:

MRE(%) = %Zn: (mit_ L 100) @)

i=1
where:
e n is the number of measurements
e m; is the /" measurement
e tis the reference value

Parameters with a CV >10 % were excluded from further use, as their extraction was considered to be unstable.
The determination of the appropriate CV for acceptance or rejection of a parameter is a challenging task,
influenced by many factors (Pélabon et al., 2020). Nevertheless, a CV of less than 10 % is considered a
relatively low level of variation (Lande, 1977), and errors up to 10 % can be considered acceptable for

morphological phenotyping (Paproki et al., 2012).

A high MRE was not automatically used as an exclusion criterion when paired with a low CV, as this

represents an observable difference between measured and benchmark values, but also a stable parameter
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extraction. The MRE was used to identify technical inconsistency in the algorithms or database and extracted
parameter values should not be compared between different datasets or studies. However, as long as the CV

documents a stable parameter extraction, the parameter has been used for further analysis.

Statistical Analysis

Parameter Importance

To assess the impact of each extracted 3D morphological parameter on genotype differentiation and illustrate
their impact over time, univariate feature importance was assessed for each parameter at each time point based
on F-values derived from an analysis of variance. The restricted sample size of the experiment precluded the
application of conventional model-specific feature importance metrics such as Random Forest Classifiers
(Breiman, 2001) or model-agnostic approaches like SHAP (Lundberg et al., 2017). The univariate feature
importance was assessed by evaluating the correlation between each feature and the target variable genotype,
utilizing all twelve genotypes of the trial. The resulting F-statistics were used to generate an importance curve

over time for each parameter.

Clustering

The extracted parameters were clustered using two distinct clustering approaches. The first approach utilized
a common clustering algorithm for Pointwise Clustering (PC), while the second approach utilized a Time
Series Clustering (TSC) method, which possesses the capability of incorporating temporal information. To
prevent a major influence of the algorithms itself, it was essential to assess the efficacy of the two approaches
using the same base algorithm. Consequently, a comparison was made between the well-known K-means
algorithm (Lloyd, 1982) and a time series version of the same algorithm implemented by Kiraly et al. (2024).
To ensure that the algorithms were well-fitted, both were run 1000 times with different centroid seeds for 100
iterations each. The number of clusters (K) was set to the number of tested genotypes because the primary
objective of this study was to analyze the impact of temporal data on genotype differentiation. This is in
contrast to the investigation of present growth type groups, as performed by Chen et al. (2024). Euclidean
distance was utilized as the scoring criterion for both approaches. Time series-specific metrics, such as
Dynamic Time Warping, were considered unsuitable for this dataset due to the experimental design, which

ensured temporal alignment of plant development by simultaneous sowing.

The data base for PC consisted of a single point in time, whereas TSC was provided with accumulated data
extending from the initial data collection (37 DAS) to the respective time point analyzed. Additionally, the

time series dataset was smoothed using a moving average filter with a window size three to remove noise and
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reveal the underlying structure of the time series. Both clustering approaches were executed three times with
different genotype groups, which means that initially, all twelve cultivated genotypes were clustered, and

subsequently the two groups of breeding and market genotypes were clustered separately.

To investigate the impact of reduced data sampling intervals and determine the necessary temporal information
for efficient 4D plant phenotyping, the TSC was repeated using only every second recorded time point. This

resulted in one data collection per week. All other parameters of the algorithm were kept constant.

Feature Selection

Besides providing valuable insights into parameter importance development, the feature importance was
additionally used in the feature selection process for both described clustering approaches. This was motivated
by evidence that redundant features have the potential to influence unsupervised clustering algorithms, thereby
resulting in a reduction in clustering performance (Hancer et al., 2020). The selection process encompasses

two steps.

In the first step, a correlation analysis was performed individually for all time points to remove redundant
information and reduce the dimensionality of the dataset. For each pair of parameters that correlated with a
Pearson correlation coefficient of 0.95, the mean correlation of the two parameters with all other parameters
was calculated. Consequently, the parameter with the higher mean correlation was removed from the dataset.
The chosen threshold ensured an extensive reduction in the dimensionality of the dataset and that the remaining

variables retained the greatest possible variance of the original dataset.

In the second step, the importance of the remaining parameters was calculated as described above to eliminate
parameters that were considered insignificant for genotype differentiation. As a threshold for feature selection,
the critical F-value derived from the previous analysis of variance was calculated on a significance level of
a=0.001. The high significance level was selected to eliminate a considerable number of parameters.
Nevertheless, the minimum number of parameters to use during clustering was set to nine according to findings
of Hua et al. (2005). In this instance, the parameters were selected in descending order measured by their F-
value. The implementation of the feature selection in the PC workflow was straightforward, as correlated and
dispensable parameters could simply be excluded from further analysis. However, parameters could not be
removed from the dataset for TSC, as their importance may fluctuate over time. Instead, values of parameters
considered insignificant on a given time point were set to zero across all genotypes, removing their explanatory

power only at specific time points, therefore allowing for dynamic parameter utilization in TSC.
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To assess the efficacy of the proposed method for feature selection, both the PC and TSC clustering approaches
were repeated and executed with and without feature selection. All other parameters of the algorithm were
kept constant. Moreover, to compare the influence of the different observation scales of the plant and leaf
parameters on genotype differentiation, both clustering approaches were repeated using either the one or the

other parameter type. All other parameters of the algorithm were kept constant.

Performance Evaluation

The evaluation of both clustering approaches was conducted using the Adjusted Rand Index (ARI) (Hubert et
al., 1985), as the genotype of each plant was known. The ARI measures the similarity between two clusterings
by comparing pairs of samples and assessing the agreement between their cluster assignments on a scale
between -1 and +1. As the ARI is label-independent, it is an effective metric for evaluating unsupervised
clustering algorithms. Unlike the Rand Index, which suffers from scaling issues, the ARI adjusts for the
similarity that could occur by chance (Steinley, 2004). It is calculated according to Hubert et al. (1985) as

follows:

2y (") = [ZE) =, EG)
IR + 3,01 - [ZE) 2, @)

ARI = 3)

where:

e n;; is the number of elements in the intersection between cluster i in the true labels and cluster j in

the predicted labels
e q; is the sum of elements in cluster i of the true labels
e b is the sum of elements in cluster j of the predicted labels

e nis the total number of data points

’21 is the binomial coefficient, which counts the number of ways to choose two elements from n

Trajectory Analysis

To analyze the development and the morphological relationships of the tested genotypes over time,
unsupervised Uniform Manifold Approximation and Projection (UMAP) (Mclnnes et al., 2018) was applied
to reduce the dimensionality of the collected dataset down to two dimensions. This enabled a visual inspection
of the genotype trajectories, giving information about morphological relatedness and processes taking place.

In contrast to a Principal Component Analysis, UMAP offers the advantage of preserving both local and global
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relationships. Furthermore, it provides enhanced adaptability to a dataset through its customizable
hyperparameters, leading to more interpretable and visually distinct illustrations. UMAP performs a nonlinear
dimensional reduction, making it particularly well-suited for datasets with complex nonlinear relationships,
such as growth patterns in plant phenotyping. To generate genotype-specific trajectories, the repetitions of
each genotype were averaged for each time point. Subsequently, the UMAP embedding was calculated in an
unsupervised manner, employing the following hyperparameters: n_components=2, n_neighbors=10,
min_dist=0.99. As UMAP was used exclusively for visualization purposes, the hyperparameters were
manually tuned to adequately depict the relationships of the genotypes and how they interrelate, while
preventing a clumpy embedding and focusing on the broad topological structure to carve out the genotypic

trajectories.

Results

Parameter Validation

The tests for extraction stability of the morphological parameters show, that most parameters exhibit a low
CV of less than 5 %, with some parameters displaying a higher CV between 5 and 10 %, and a few even
exceeding this range (Table 3). In general, it can be demonstrated that the CV increases with the complexity
of the parameter calculation. Additionally, the CV is high for parameters including the calculation of the

interquartile range (IQR) or the standard deviation (SD).

The results of the MRE calculation demonstrate a dispersed pattern, with numerous values surpassing the 10 %
mark, indicating a discrepancy between the benchmark values and the recorded parameters. The highest MRE
is observed for NORMAL ANGLE KURTOSIS, with a value exceeding 81 %. In a similar manner to the CV, the
MRE increases with the complexity of parameter calculation. Furthermore, leaf-based parameters exhibited
higher MRE values compared to plant-based parameters. In accordance with these findings, 7 out of 58

parameters were excluded from further analysis due to a CV greater than 10 % (see Table 3).

Parameter Importance

The results of the parameter importance analysis demonstrate noticeable differences in the importance of leaf
parameters compared to plant parameters (see Figure S1 - Figure S3). Figure 5 depicts the dominant trends
in parameter importance development. The leaf parameters show an overall lower importance and a higher
short range temporal variability. Only one leaf parameter exceeds the feature selection threshold at all recorded

time points. In general, a trend of decreasing leaf parameter importance over time is visible.
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Table 3: Coefficient of Variation (CV) and Mean Relative Error (MRE) of plant and leaf morphological
parameters extracted from 15 3D models of the 3D printed sugar beet reference model. Parameters excluded
from further analysis are marked with a (1). (IQR: Interquartile Range, SD: Standard Deviation).

Parameter CV[%] MRE[%] Parameter CV[%l] MRE[%]
Height Maximum 0.58 2.01 Convex Hull Surface Volume 1.53 4.95
Height Mean 2.47 2.18 Convex Hull Surface 0.56 0.47
Compactness

Height IQR 4.08 6.65 Convex Hull Surface Perimeter 0.25 1.16
Height SD 2.53 6.15 Leaf Quantity 0.00 0.00
Width Major Axis 0.30 1.14 Gap Fraction 3D 4.48 17.80
Width Minor Axis 5.26 8.03 Leaf Spacing 1.17 6.57
Width Aspect Ratio 5.37 9.01 Projected Leaf Area Mean 4.56 13.54
Height-Width Index 1.24 1.04 Leaf Overlap Area 1.01 7.66
Radius Maximum 0.73 2.27 Leaf Length Maximum 0.70 7.40
Radius Mean 2.67 8.87 Leaf Length Mean 0.54 10.31
Radius IQR 223 2.98 Leaf Length IQR 8.71 13.28
Radius SD 2.18 1.53 Leaf Length SD 2.12 7.04
Roundness 2.25 2.79 Blade Length Maximum 2.16 12.97
Height-Radius Index 1.57 2.08 Blade Length Mean 1.78 6.85
Height-Radius-Mean Index 3.57 9.13 Blade Length IQR () 13.39 31.28
Spatial Extent Maximum 0.79 1.02 Blade Length SD 3.89 21.58
Spatial Extent Mean 1.64 3.40 Stem Length Maximum 2.22 29.08
Spatial Extent IQR 3.78 19.82 Stem Length Mean 0.96 27.51
Spatial Extent SD 4.05 10.93 Stem Length IQR () 10.60 18.12
Points Quantity 6.56 18.00 Stem Length SD 2.62 2.98
Normal Angle Mean 2.15 7.72 Blade Width Maximum () 23.82 76.71
Normal Angle IQR 441 11.07 Blade Width Mean 6.02 44.75
Normal Angle SD 2.83 297 Blade Width IQR () 12.16 36.64
Normal Angle Distribution 10.48 2162 Blade Width SD (1) 26.76 39.92
Skewness ()

Normal Angle Distribution 1247 §1.85  Leaf Area Maximum 2.78 15.01
Kurtosis ()

Projected Leaf Area 4.56 13.54 Leaf Area Mean 2.87 11.02
Ground Cover Area 0.53 2.30 Leaf Area IQR 7.51 11.70
Gap Fraction 4.14 11.52 Leaf Area SD 2.01 16.32
Convex Hull Surface Area 0.99 3.25 Leaf Area Sum 5.82 10.98

This decreasing trend is also visible for plant parameters, as illustrated by the SPATIAL EXTENT MAXIMUM
(Figure 5). A more evident example of this phenomenon is provided by the LEAF AREA SUM, which initially
exhibits high importance for genotype differentiation in the early stages of the experiment but rapidly loses

significance and falls below the selection threshold in the experiment's secondary phase.

Contrasting with the general trend of decreasing parameter importance over time, certain parameters
demonstrate an initial rise in importance until approximately 58 DAS, subsequently joining the descending
trend. An illustration of this is provided by the HEIGHT-RADIUS-MEAN INDEX (Figure 5). Conversely, the
importance of LEAF QUANTITY, BLADE LENGTH IQR and BLADE LENGTH SD are the only plant parameters

whose importance increases over time, with an abrupt rise in importance starting at 75 DAS.
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Figure 5: Importance of selected plant and leaf parameters measured over time. The red dotted line
represents the critical F-value used as the feature selection threshold calculated at a significance level of
a=0.001.

Clustering

Feature Selection

The tests for the effectiveness of the feature selection method proved, that the applied methods work as
anticipated for most cases in both clustering approaches (see Table S1 and Table S2). The breeding genotypes
benefit at all measured time points from feature selection using PC or TSC approaches. Furthermore, also the
market genotypes reach higher performance scores at all time points when using TSC. All other clustering
variants exhibited superior performance in at least two-thirds of the measured time points. Over all time points
and variety combinations, PC gains about 11 % in clustering performance using feature selection, while TSC

accomplishes 24 % better clustering results.

Performance Comparison of Clustering Algorithms

A comparison of PC and TSC clustering methods (see Figure 6) reveals that TSC provides a overall superior
and temporally more stable clustering performance measured by the ARI, with reduced short- and long-term
fluctuations. This phenomenon is particularly evident in the market genotype group. Additionally, a generally

ascending trend in clustering performance is observed for all three genotype groups using TSC, while PC

Pointwise Clustering Time Series Clustering

1.0

0.8+ E

0.6 1

0.4 .

0.2 1

Adjusted Rand Index

0.0-— T T T T T T T T T T T T T T T

40 47 54 61 72 79 86 93 40 47 54 61 72 79 86 93

Days after sowing (absolut/accumulated)

— Breeding Genotypes  — Market Genotypes — All Genotypes

Figure 6: Adjusted Rand Index (ARI) over time for Pointwise Clustering (PC) (left side) and Time Series
Clustering (TSC) (right side) using single plant and leaf parameters for breeding genotypes (blue), market
genotypes (orange), and all genotypes combined (gray).
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reveals no clear trend over the course of the experiment but rather experiences an unstable clustering with
significant fluctuations of the ARI. Nevertheless, it can be observed that the performance of PC clustering for

the market genotypes exhibits a decline over time.

The breeding genotypes exhibit a comparable increase in clustering performance for both methods until 51
DAS. However, this increase is lost over time for PC but is retained for the entire experiment for TSC. Similar
to the breeding genotypes, the market genotypes show a notable performance gain measured by the ARI until
51 DAS. Subsequent to this, there is a slight decline in performance, yet it remains at a level that is comparable
to the breeding genotypes. When all genotypes are considered collectively, the PC again fails to exhibit a
distinct trend. However, TSC reveals a more stable clustering that exhibits a doubling in performance over the

course of the experiment.

Clustering on Plant and Leaf Scale

For both clustering approaches, the employment of plant parameters almost consistently yields superior
clustering performance (Table 4 and Table S3). The breeding genotypes can be separated with greater efficacy
at any given time based on the plant parameters using PC and TSC, and the group encompassing all cultivated
genotypes together follow this statement with the exception of one time point in the initial phase of the

experiment.
However, for the market genotypes using TSC, a contrasting pattern is observed with better separation

achieved by leaf parameters in the first half of the experiment. This pattern is also visible for the market

Table 4: Adjusted Rand Index (ARI) for Time Series Clustering (TSC). Comparison of using only plant or
only leaf-based parameters across breeding, market, and all analyzed genotypes.

Days Breeding Market All
after Plant Leaf Plant Leaf Plant Leaf
sowing Parameter Parameter Parameter Parameter Parameter Parameter

40 0.22 0.10 0.09 0.44 0.16 0.19
44 0.31 0.07 0.03 0.44 0.24 0.19
47 0.47 0.12 0.15 0.39 0.44 0.26
51 0.68 0.20 0.18 0.48 0.38 0.26
54 0.62 0.20 0.32 0.48 0.43 0.22
58 0.62 0.27 0.31 0.25 0.33 0.27
61 0.64 0.43 0.40 0.29 0.47 0.25
65 0.64 0.33 0.18 0.18 0.42 0.32
72 0.68 0.43 0.38 0.18 0.40 0.32
75 0.67 0.30 0.54 0.11 0.59 0.29
79 0.80 0.26 0.54 0.11 0.59 0.26
83 0.72 0.33 0.54 0.15 0.51 0.25
86 0.72 0.29 0.54 0.15 0.55 0.20
90 0.64 0.30 0.65 0.15 0.44 0.19
93 0.62 0.30 0.65 0.27 0.44 0.18
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Figure 7: Adjusted Rand Index (ARI) over time for Time Series Clustering (TSC) using data from every
second measurement date (seven-day interval) for breeding genotypes (blue), market genotypes (orange), and
all genotypes combined (gray).

genotypes using PC at two time points at the beginning of the experiment. Nevertheless, clustering the market
genotypes by plant parameters demonstrates significantly superior performance for the remaining duration of

the experiment for both approaches.

Clustering on Reduced Time Series Data

An examination of the clustering performance with a reduced data basis shows a comparable systematic pattern
for all three genotype combinations as when all available measurement time points were included (Figure 7).
Both breeding and market genotypes reveals an initial period of rapid performance enhancement until 51 DAS.
Subsequently, the breeding genotype demonstrates a sustained improvement in performance, while the market
genotypes exhibit a slight decline. A comparison of the group clustering all genotypes reveals a stable

performance that nearly doubles over the course of the experiment, as observed in the full-scale clustering.

Trajectory Analysis

The genotypic trajectories generated using UMAP reveal a generally aligned development in early stages of
development, although the initial starting point differs for the breeding and market genotype groups (Figure 8).
Subsequent to the first development, the breeding genotypes experience a fast spreading of their trajectories,
resulting in an early split-off of genotypes one and four from the main group development at 44 and 47 DAS.
Additionally, further separation of the morphological development of the breeding genotypes occurs around
54 DAS, as evident in the upper left part of the graphic where genotypes two, three, seven, and eight are
diverging from each other. Furthermore, genotypes five and six undergo a rapid shift towards market
genotypes during their development. The market genotypes exhibit a more uniform trajectory in the initial half

of their development. However, analogous to the breeding genotypes, the market genotypes undergo a

21



10

11

12

13

14

15

Genotypes
1

0~ o BwN

11
12

DEETNO®R®0040

Days after
sowing

oo 37
l
o 93

Figure 8: Two-dimensional UMAP visualization of genotype trajectories over time. Twelve different
genotypes are visualized, blue colors indicate breeding genotypes, and orange colors indicate market
genotypes. Data points are connected to represent temporal genotype development, with small points/squares
indicating early and larger points/squares indicating later measurement dates.

separation during their development, which occurs around 58 DAS. Towards the end of the time series, starting
at 75 to 79 DAS, the dynamic development of all genotypes slows down and they reach a stable position in

space.

Discussion

Parameter Validation

A 3D printed reference model was used to assess the stability of parameter extraction, since only stable
parameters contain valid morphological information. Parameters based on IQR or SD proved more error-
prone, likely due to occlusion and uneven sampling under different scanning scenarios. Their use therefore
requires high-quality data, which is difficult to achieve outdoors and in high throughput. While Weiss et al.
(2010) demonstrated the importance of 3D distribution parameters, the results of this study highlight the
difficulties in reliably extracting them. Thus, their implementation in phenotyping workflows must be

executed with great caution.

A closer look at the leaf-based parameters showed higher MRE values compared to plant parameters.
However, given the relatively low CV of these measurements, it is likely that systematic errors from differently

defined key points are affecting the extraction rather than unstable extraction algorithms themselves. Henke
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et al. (2022) similarly observed that higher-dimensional parameters exhibit greater deviations, which can be
confirmed by the results of this study. This emphasizes the relevance of simple-to-extract morphological

parameters for genotype differentiation.

The integration of a 3D printed reference model enables verifying novel 3D parameters previously not
referenceable by conventional methods (Bomer et al., 2024). In this study, the process was found to be of great
importance for identifying unstable-to-extract parameters and offering a more profound understanding of the

schematic relationships between unstable feature acquisition and parameter construction.

Parameter Importance

The analyzed parameter importances displayed in Figure 5 and Figure S1 - Figure S3 show an overall lower
importance of leaf based morphological parameters compared to plant based parameters. In contrast, several
studies demonstrated that plant leaves can hold valuable phenotypic information. Wen et al. (2024) and Apelt
et al. (2015) emphasized their overall relevance in maize and A. thaliana, while Milford et al. (1980)
highlighted differences in expansion rate, final size, and dimensions (Milford et al., 1985) among different
sugar beet genotypes. Moreover, (Bojovi¢ et al., 2019) reported significant variation in leaf number and area
of sugar beet. Fellows et al. (1974) further described distinct temporal growth characteristics of sugar beet
leaves during their transition from sink to source organs. In our study, clustering based on plant parameters
consistently outperformed leaf-based clustering (Table 4, Table S3). However, in early growth stages, leaf
parameters allowed better separation of hard-to-separate market genotypes, especially when using TSC. This
underscores the significance of a comprehensive parameterization of crops for specific problems, such as

genotype differentiation.

Furthermore, the conducted experiment did not encompass the entire growing period of sugar beet. In
accordance with the findings of Milford et al. (1980) and Bojovi¢ et al. (2019), it can be hypothesized that leaf
parameters regain importance in the later stages of sugar beet development. This claim is supported by the
findings of Fellows et al. (1974), who described distinct temporal growth characteristics during the sink—
source transition. Thus, further research is necessary to determine the temporal importance of leaf parameters

for genotype differentiation.

In contrast, plant parameters exhibit a higher and more persistent importance over time, thereby more
effectively capturing genotype specific growth patterns and structures of sugar beet. Figure 9 illustrates the
potential of a 4D morphological analysis to capture dynamic growth patterns and genotype-specific structural

development over time. Such 3D and 4D information are valuable for plant phenotyping, breeding, and
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precision agriculture in general (Harandi et al., 2023). However, not all mensurable parameters are always
beneficial for classification tasks. Therefore, the implementation of a variable feature selection approach for
TSC has been shown to enhance clustering performance by more than 20%, thereby confirming the efficacy

of a dynamically weighted parameter selection.

For both morphological parameter groups, a general decline in importance was observed after 58 DAS. This
abrupt decline suggests a strong link of parameter importance to physiological processes and indicating that
early stages are more informative for differentiation. Declines were likely caused by both convergence of
parameter expression between genotypes (Chen et al., 2024) and increasing within-genotype variance

(Michalska-Klimczak et al., 2020; Ma et al., 2025).

Across parameter groups, height, radius, and spatial extent were among the most influential features.
Distributional parameters also showed high impact, consistent with (Weiss et al., 2010). In early
developmental stages multiple parameters encompassing the leaf area also showed high importance,
suggesting important genotypic differences in leaf development that can be utilized for genotype
differentiation. Parameters derived from leaf segmentation, such as LEAF QUANTITY and LEAF SPACING,

proved consistently important for genotype differentiation.

(&)
z /
(=] 2
']
]
4
(]
A) Height-Radius- ) Height-Radius- c Height-Radius- Height-Radius-
Mean Index Spatial Extent Moan Index Spatial Extent ) Mean Index Spatial Extent ) Mean Index Spatial Extent
Mean Mean Mean Mean
Normal Angle, Normal Angle, Normal Angle, Normal Angle,
Mean 10 Mean 1.0 Mean 10 Mean 10
Projected Projected Projected Projected
Leaf Area Leaf Area Leaf Area Leaf Area
Width Width Width Width
Major Axis Major Axis Major Axis Major Axis
Leaf Quantity Leaf Quantity Leaf Quantity Leaf Quantity
Height Height Height Height
Maximum Maximum Maximum Maximum
- Breeding Genotypes
— Market Genotypes
= £ @ A 4} d
i s Ja' .
E o ' ¥
< 7
- £ > 4

Figure 9: Subset of 3D morphological parameter expression for genotype four (breeding) and genotype ten
(market) at four consecutive time points (40 days after sowing (DAS) (A), 54 DAS (B), 75 DAS (C) and 93
DAS (D)). Each panel includes a radar plot showing normalized morphological parameters and the
corresponding annotated point clouds.
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Evaluation of Clustering Approaches

The decreasing parameter importance affected both clustering approaches differently. PC demonstrated a
slight decline in performance during the latter half of the experiment, while TSC performance exhibited an
initial increase and subsequently stabilized (see Figure 6). This stable trend underscores the efficacy of
incorporating temporal parameter development, as TSC integrates information across time rather than relying
on a static measurement. Consequently, TSC was able to compensate for the reduced parameter importance

and maintain high clustering performance.

The incorporation of time series data proves to be beneficial for all three tested genotype groups, particularly
for the market genotypes that are difficult to separate. This finding underscores the advantage of spatio-
temporal 4D phenotyping in the domain of plant breeding, as the temporal component provides additional
information that facilitates the differentiation of morphologically closely related genotypes. The breeding
genotypes primarily benefit from the stabilization of the clustering performance, as they are inherently

separable due to their substantial morphological diversity.

The stabilization and enhancement of clustering performance underscores the relevance of time series analysis
for practical applications in plant phenotyping and the evaluation of suggested candidates for variety approval.
In this specific context, the findings reveal that the morphological parameters of sugar beets should not be
assessed at a single point in time, but rather at multiple time points during the entire vegetation period. Our
study demonstrates that even early growth stages are suitable for genotype differentiation. This finding aligns
with the observations of Chen et al. (2024), who demonstrated that younger growth stages are more influenced

by genotype and that the environmental influence on growth characteristics increases over time.

Genotypic Trajectories

In contrast to the market genotypes, the breeding genotypes exhibited a broader developmental pattern, which
explains their superior initial performance in both clustering methods (Figure 8). Their trajectories revealed
substantial morphological diversity, confirming the efficacy of the analysis and the existence of fundamental
genotype-specific developmental patterns. By comparison, the market genotypes showed more uniform early

development, reflecting the criteria underlying their initial selection for the experiment.

Beyond these general patterns, the trajectories also revealed the influence of a previously hypothesized
physiological process shaping morphological parameter expression. A marked dispersal of trajectories was
observed for both groups between 54 and 58 DAS, indicating a dominant physiological influence on leaf

apparatus development. Previous studies suggest that this phase coincides with the onset of taproot formation.
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Around 60 DAS, taproot growth accelerates exponentially (Hoffmann, 2006; Jammer et al., 2020; Kenter et
al., 2006; Milford, 1973) and sugar accumulation increases rapidly (Jammer et al., 2020; Kenter et al., 2006).
Hoffmann (2006) further showed that by 56 DAS cambium ring formation is well advanced and the number
of leaves per ring is at its minimum, marking a shift in assimilate allocation from leaf growth to taproot

development.

The divergent trajectories contrast with the simultaneous decrease in parameter importance. However, because
Figure 8 reflects the full set of extracted parameters, separation among genotypes remains more robust than in
importance estimates. This underlines the need for further research to clarify the dynamics of genotype-

specific parameter expression and the precise role of taproot formation and other physiological processes.

Overall, the results demonstrate that taproot formation strongly affects leaf morphology. The declining
momentum of trajectories towards the end of the experiment suggests that morphological development is
largely complete and key differentiating traits are established. Nevertheless, it can be hypothesized that
trajectories regain momentum later in the vegetation period, when leaf senescence and decreasing leaf area
occur (Rinaldi, 2003; Tsialtas et al., 2007). These processes likely improve TSC performance, further

strengthening genotype differentiation when the full growth period is considered.

Clustering with reduced data

To provide an initial assessment of the required temporal frequency of 3D data acquisition for genotype
differentiation, the TSC workflow was repeated using only every second measurement date, resulting in one-
week intervals. Despite the reduced information, the analysis still captured the same expressive parameter
developments (Figure 7), indicating that high temporal frequency is not essential. This makes time series
analysis highly suitable for practical breeding, as data collection efforts can be kept at manageable levels.
Modern High-throughput Plant Phenotyping (HTPP) platforms already provide the necessary measurements
and will become increasingly autonomous in the future (Atefi et al., 2021; Poorter et al., 2023; Watt et al.,
2020). Moreover, they could be used to identify parameters that do require high frequency measurements. The
findings indicate that these modern facilities will play a central role in collecting 4D datasets and providing

developmental information for downstream plant phenotyping tasks.

Limitations and future research

The results of our study demonstrate a substantial impact of incorporating parameter development for genotype
differentiation through a time series-based 4D analysis approach as compared to an approach focused on a

discrete static time point. Nevertheless, there are specific aspects of our study that require further examination
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to strengthen the underlying assumptions. These are based on only four experimental repetitions, making
results sensitive to outliers and limiting representation of full morphological variability (Junker et al., 2015).
Larger datasets with additional repetitions are required to improve general validity and enable advanced
feature selection methods such as Recursive Feature Elimination (Guyon et al., 2002) or Boruta (Kursa et al.,

2010).

Expanding the underlying database will also allow for the application of advanced supervised analytical
algorithms, including Deep Learning, to investigate feature importance and temporal dynamics (Taghavi
Namin et al., 2018). Opportunities for feature engineering across time, which transforms static into dynamic
parameters, could additionally improve classification accuracy (Nanopoulos et al., 2001). While deep features
may surpass handcrafted ones in predictive power, their integration into practical plant phenotyping requires

careful consideration, since there are hard or even impossible to interpret.

Moreover, experiments were conducted under controlled greenhouse conditions, which restrict direct
transferability to field environments (Heuermann et al., 2023). While greenhouse trials are valid and possess
explanatory value, replicating the experiments in field environments, where they are subject to a variety of
biotic and abiotic factors, would offer an increased practical relevance. However, the conventional outdoor
cultivation techniques for sugar beet present a challenge to the extraction of the presented morphological
parameters due to the restriction of the plants' undisturbed spatial development. Consequently, it is evident

that not all of the morphological parameters presented can be transferred from the greenhouse to the field.

Future research should focus on optimizing the frequency of temporal data collection intervals. The results of
this study have shown that a single data collection per week is sufficient for genotype differentiation. However,
future studies must determine the optimal number of intervals or critical growth stages required for reliable
4D phenotyping, as Kierdorf et al. (2024) could show that limiting data collection to significant growth dates
can enhance classification accuracy. Extending the method beyond plant and leaf scales to canopy and plot
level, as shown for maize by Ma et al. (2024), offers additional potential. At the same time, finer leaf-level
traits such as margin undulation or blistering (Community Plant Variety Office, 2018) remain promising but

require high data quality for reliable extraction.

Conclusion

The present study demonstrates the superior performance and stability of genotype differentiation in sugar

beet when spatio-temporal morphological growth data is integrated. TSC demonstrated clear superiority over
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PC, particularly in the context of closely morphologically related genotypes, and its performance persisted
even with reduced measurement frequency. These findings underscore the robustness of TSC and its practical
applicability for phenotyping. Subsequent research should concentrate on the identification of key
physiological growth stages to optimize data collection. In this study, taproot formation was identified as a

pivotal event that significantly impacts genotype trajectories and leaf morphology.

A parameter importance analysis demonstrated that plant-level parameters had a greater impact on genotype
differentiation than leaf-based parameters, supporting simplified data collection without the need for complex
segmentation. The initial growth stages proved to be the most informative, as indicated by declining parameter

importance over time and rapid clustering gains at the beginning of the experiment.

Overall, the study advances the understanding of morphological parameter development of sugar beet and
underscores the importance of spatio-temporal 4D trait assessment for reliable plant phenotyping and variety

approval. The results provide a foundation for further progress in plant breeding.

List of abbreviations

ARI Adjusted Rand Index

Cv Coefficient of Variation

DAS days after sowing

HTPP High-throughput Plant Phenotyping
IQR Interquartile Range

LiDAR Light Detection and Ranging

MRE Mean Relative Error

PC Pointwise Clustering

SD Standard Deviation

TSC Time Series Clustering

UMAP Uniform Manifold Approximation and Projection
2D two-dimensional

3D three-dimensional
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4D four-dimensional

Data availability

The generated point cloud dataset is available from the corresponding author on reasonable request and will
be made publicly available in a follow-up publication. The extracted parameter values are included in the
supplementary information files of this article, together with Python codes for reproducing the extraction of

morphological plant parameters and the conducted analyses.
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Figure S1: Importance of plant parameters (1-30) measured over time. The red dotted line represents the
critical F-value used as the feature selection threshold calculated at a significance level of a = 0.001 %. (IQR:
Interquartile Range, SD: Standard Deviation).
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Table S1: Adjusted Rand Index (ARI) for Pointwise Clustering (PC). Comparison with and without feature
selection across breeding, market, and all analyzed genotypes.

Breeding Market All
]a);z: Without With Without With Without With
sowing Featu.re Featu.re Featu.re Featu.re Featu.re Featu.re
Selection Selection Selection Selection Selection Selection
40 0.17 0.26 0.37 0.55 0.32 0.22
44 0.34 0.43 0.05 0.50 0.30 0.24
47 0.28 0.58 0.35 0.48 0.26 0.37
51 0.32 0.61 0.06 0.18 0.35 0.37
54 0.38 0.41 0.12 0.48 0.29 0.35
58 0.47 0.51 0.03 0.34 0.28 0.19
61 0.39 0.58 0.05 0.18 0.20 0.34
65 0.51 0.59 0.08 0.23 0.33 0.31
72 0.31 0.69 0.12 0.38 0.28 0.46
75 0.34 0.55 0.27 0.50 0.25 0.37
79 0.33 0.70 0.25 0.13 0.27 0.40
83 0.34 0.49 0.48 0.13 0.25 0.22
86 0.45 0.51 0.15 0.28 0.28 0.32
90 0.28 0.42 0.28 0.28 0.35 0.36
93 0.34 0.35 0.02 0.22 0.22 0.26

Table S2: Adjusted Rand Index (ARI) for Time Series Clustering (TSC). Comparison with and without feature
selection across breeding, market, and all analyzed genotypes. Time series data is accumulated from time point
0 to n.

Breeding Market All
f;ey: Without With Without With Without With
sowing Featu're Featu're Featqre Featuvre Featu.re Featu.re
Selection Selection Selection Selection Selection Selection
40 0.31 0.35 0.04 0.32 0.29 0.20
44 0.27 0.42 0.04 0.50 0.20 0.26
47 0.40 0.42 -0.01 0.68 0.34 0.31
51 0.32 0.68 0.04 0.82 0.42 0.35
54 0.24 0.62 0.06 0.68 0.34 0.43
58 0.32 0.64 0.11 0.68 0.27 0.40
61 0.47 0.64 0.11 0.68 0.37 0.47
65 0.45 0.64 0.11 0.68 0.46 0.47
72 0.56 0.69 0.11 0.71 0.38 0.51
75 0.49 0.69 0.23 0.54 0.47 0.39
79 0.54 0.77 0.23 0.54 0.47 0.58
83 0.51 0.77 0.32 0.54 0.40 0.48
86 0.57 0.66 0.20 0.54 0.38 0.48
90 0.57 0.63 0.34 0.65 0.37 0.39
93 0.57 0.77 0.08 0.65 0.38 0.43
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Table S3: Adjusted Rand Index (ARI) for Pointwise Clustering (PC). Comparison of using only plant or only
leaf-based parameters across breeding, market, and all analyzed genotypes.

Days Breeding Market All
after Plant Leaf Plant Leaf Plant Leaf
sowing Parameters Parameters Parameters Parameters Parameters Parameters

40 0.22 0.04 0.41 0.31 0.24 0.10
44 0.43 0.05 0.12 0.41 0.27 0.15
47 0.51 0.27 0.32 0.12 0.34 0.21
51 0.43 0.23 0.18 0.48 0.28 0.23
54 0.42 0.32 0.36 0.08 0.23 0.22
58 0.52 0.20 0.25 0.00 0.19 0.13
61 0.55 0.14 0.37 0.04 0.28 0.17
65 0.62 0.14 0.23 0.20 0.39 0.17
72 0.65 0.22 0.38 0.20 0.39 0.09
75 0.36 0.10 0.21 0.03 0.37 0.00
79 0.73 0.13 0.35 0.11 0.40 0.06
83 0.31 0.18 0.38 0.08 0.27 0.18
86 0.48 0.20 0.28 0.13 0.30 0.16
90 0.45 0.22 0.13 0.10 0.29 0.09
93 0.35 0.16 0.22 -0.02 0.21 0.10

N =
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