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A B S T R A C T

Phenotypic traits of stemwork are important indicators of plant growing status, contributing to multiple
research domains including yield estimation, breeding engineering, and disease control. Traditional plant
phenotyping with human work faces serious bottlenecks on labour intensity and time consumption. In
recent years, the application of Quantitative Structural Modeling (QSM) together with three-dimensional
(3D) sensor-based data acquisition techniques provides a feasible solution towards the automatic stemwork
phenotyping. Nevertheless, existing QSM-based pipelines are sensitive towards the point cloud quality, and
mostly focus on the phenotyping at plant or organ level. Information at internode level which are closely
related to photosynthesis and light absorption was generally overlooked. To this end, a 3D automatic stemwork
phenotyping pipeline is developed for tomato plants at both plant and internode level. Coloured point clouds
are taken as the sensor input of the pipeline. A semantic segmentation based on PointNet++ was used to
detect and localise the stemwork points. To improve the quality of the segmented stemwork point clouds,
a density-based refining pipeline is proposed containing three main processes: non-replacement resampling,
interference branch removal, and noise removal. A Tree Quantitative Structural Modeling (TreeQSM) algorithm
was then applied to the stemwork point cloud to construct a digital reconstruction. The target phenotypic
traits were finally calculated from the digital model by employing an internode association process. The
proposed phenotyping pipeline was evaluated with a test dataset containing three tomato plant cultivars:
Merlice, Brioso, and Gardener Delight. The related rooted mean squared errors of calculated internode length,
internode diameters, leaf branching angle, leaf phyllotactic angle, and stem length range from 4.8 to 64.4%.
Considering the time consuming manual phenotyping process, the proposed work provides a feasible solution
towards the high throughput plant phenotyping, from which facilitates the related research on plant breeding
and crop management.
1. Introduction

Plant phenotyping is an acquisition and assessment process of vari-
ous types of plant traits indicating plant growth, development, architec-
ture, physiology and yield (Li et al., 2014). Phenotyping as a significant
domain in bio-engineering plays an important role in modern agricul-
tural research and production (Fahlgren et al., 2015). Since the plant
phenotype is formed during plant growth, as a result of the interaction
between genotype and environment (Li et al., 2020), plant phenotyping
techniques provide an efficient way to the comprehension of interac-
tions among the three of them (Paul et al., 2019; Diouf et al., 2020).
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By connecting genotype to phenotype, high yielding, stress-tolerant
plants can be selected in a rapid and efficient way (Li et al., 2014),
which then eases relevant research on genetic improvement through
breeding engineering (Phillips, 2010). Furthermore, plant phenotyping
techniques enable the identification and the quantification of plant
diseases at early time points in epidemics, which makes the early and
accurate diagnosis available to reduce the quality and quantity losses
in crop yield (Mahlein, 2016).

Traditional plant phenotyping mainly relies on manual observations
and measurements (Gehan and Kellogg, 2017), which are exceptionally
https://doi.org/10.1016/j.compag.2024.109607
Received 6 December 2023; Received in revised form 8 August 2024; Accepted 28 
vailable online 9 November 2024 
168-1699/© 2024 The Authors. Published by Elsevier B.V. This is an open access a
October 2024

rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/compag
https://www.elsevier.com/locate/compag
mailto:b.xin@scau.edu.cn
mailto:katarina.smolenova@wur.nl
mailto:harm.bartholomeus@wur.nl
mailto:gert.kootstra@wur.nl
https://doi.org/10.1016/j.compag.2024.109607
https://doi.org/10.1016/j.compag.2024.109607
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2024.109607&domain=pdf
http://creativecommons.org/licenses/by/4.0/


B. Xin et al.

c

f
l

o

f

e

q
T
w
T
s
t
s
a
p
t
a

t
i
c
e

Computers and Electronics in Agriculture 227 (2024) 109607 
Nomenclature

𝜂 Proportional threshold used to remove the
interference branch candidates

𝐏𝐨 Original point cloud of a tomato plant
𝐏j
𝐬 Sub point cloud of a tomato plant at the 𝑗th

down sampling step
𝜉 The adjustment factor used to select the

seed points of cover sets
𝐷𝑞 The minimum distance among seed points

during the cover set generation
𝐷𝑚

𝑎 Chi-square distance between the distribu-
tions of phenotypic traits calculated from
the automatic stemwork segmentation and
the manual segmentation

𝐷𝑎
𝑔 𝑡 Chi-square distance between the distribu-

tions of phenotypic traits calculated from
the automatic stemwork segmentation and
the corresponding ground truth

𝐷𝑚
𝑔 𝑡 Chi-square distance between the distribu-

tions of phenotypic traits calculated from
the manual stemwork segmentation and
the corresponding ground truth

𝐸𝑚 Mean absolute error
𝐸𝑟 Related rooted mean squared error
𝐹1 𝐹1 score
𝑙𝑟 Initial learning rate
𝑁𝑒 Number of epoches
𝑁𝑙 Number of leaves to be exchanged during

the crossover augmentation
𝑁𝑜 Number of points within the original point

cloud of a tomato plant
𝑁𝑝 The number of points within the input

point clouds of the segmentation network

𝑁1
𝜖 Threshold of horizontal point density used

to remove the stem points
𝑁2

𝜖 Threshold of local point density used to
determine the inner points during the
DBSCAN clustering

𝑁1
𝑚𝑖𝑛 Minimum number of points to accept

a cover set seed proposal during the
morphology analysis step

𝑁2
𝑚𝑖𝑛 Minimum number of points to accept

a cover set seed proposal during the
sub-cylinder reconstruction step

𝑃𝑟 Precision
𝑅𝑒 Recall
𝑅𝑞 Radius of query ball for the cover set

generation

labour intensive and time consuming (Furbank and Tester, 2011).
Unavoidable subjective biases also commonly exist within the data
collected by different collectors. In addition, manual phenotyping is
sometimes conducted in a destructive form, which makes the contin-
uous tracking and measuring of phenotypic traits within time series
impossible (Fahlgren et al., 2015).

As the rapid development of sensing techniques in recent decades,
sensor-based phenotyping provides a feasible solution towards the
above problems (Andrade-Sanchez et al., 2013; Bai et al., 2016; Laxman
et al., 2018; Cardellicchio et al., 2023; Sheikh et al., 2024). Among
 o

2 
various types of sensor-based data, point cloud data enables a ver-
satile acquisition of plant geometry information in 3D space, and is
onsequently becoming pivotal for quantifying plant traits. Comparing

with traditional 2D plant phenotyping, 3D point cloud data efficiently
solves the problems of ambiguity of plant size caused by camera
viewpoints, lack of 3D information regarding plant volume and leaf
area, and self occlusion caused by the complex plant structure (Zhang
et al., 2018; Wang et al., 2022). To acquire the phenotypic traits
rom a point cloud, a segmentation process is usually required to
ocalise the plant organ of interest. For example, Hang et al. (2017)

applied horizontal density-based approach to segment the main stem
from other plant organs; Ziamtsova and Navlakha (2019) calculated
various types of point features including Point Feature Histograms
(PFH), Fast Point Feature Histograms (FPFH), and radius-based sur-
face descriptor, and segmented a tomato plant into leaflets and stem
using machine learning algorithms; Wu et al. (2019) and Xiang et al.
(2019) introduced skeletonisation algorithm to localise the main stem
f maize and sorghum plants. Nevertheless, these kinds of segmenta-

tion algorithms highly rely on human work to stipulate discriminative
eature types, which largely limits their applications considering the

natural variations. Modern research introduced deep neural networks
in the study of 3D semantic segmentation of plant organs. For ex-
ample, Heiwolt et al. (2021) achieved the semantic segmentation of
plant organs by taking PointNet++ as the backbone; Boogaard et al.
(2022) further proposed a class-dependent sampling approach over
the traditional PointNet++ to overcome the problem of unbalanced
dataset. Due to the automatic feature learning function, deep-learning-
based point cloud segmentation has shown a more robust performance
compared to the approaches using manual feature extraction. However,
deep-learning-based segmentation generally requires a large training
dataset to prevent overfitting, where the annotation processing of 3D
point clouds was exceptionally time consuming and labour intensitive.

To measure phenotypic traits of interest from the segmented point
clouds, existing work has employed multiple geometry-based appro
aches to achieve the calculations of various plant traits. For exam-
ple, Boogaard et al. (2023) measured internode lengths of cucumber
plants from dual-view-point point clouds with PointNet-based node
detection, resulting in a Mean Average Errors (MAE) of 5.0 mm; Rose
et al. (2015) and Bao et al. (2019) performed stem height measure-
ments of tomato and maize plants respectively, indicating MAEs rang-
ing from 1.39–15 mm; Rose et al. (2015), Li et al. (2017), and Itakura
and Hosoi (2018) achieved leaf area estimation using voxel count-
ing and surface mesh reconstruction, indicating related rooted mean
squared errors ranging from 1.4–17.4%; Bao et al. (2019) and Zhu
t al. (2023) conducted leaf angle measurements from the skele-

tonised stemwork point clouds, achieving MAEs of 3.5 and 5.2◦ re-
spectively; Schunck et al. (2021) calculated leaf lengths of maize and
tomato plants using Poison surface reconstruction algorithm, achieving
a MAE of 8.9 mm. Furthermore, Raumonen et al. (2013) and Du et al.
(2019) proposed a Quantitative Structural Modeling (QSM) approach
to fit a comprehensive digital model of the stemwork, from which
uantified a number of general phenotypic traits of plant stemwork.
o achieve this, morphological analysis and skeletonisation process
ere employed to track individual branches within the point cloud.
he shape of branches was then described using multiple end-to-end
ub-cylinders. QSM approaches enable high-throughput phenotyping of
ree structures by taking versatile geometry traits into consideration,
uch as branch angles, surface areas, and volumes. Nevertheless, QSM
lgorithms introduce sub-cylinders to fit the stemwork structures of
lants, where information at internode level is not available. Knowing
hat traits of internodes are closely related to photosynthesis and light
bsorption (Sarlikioti et al., 2011a,b), there has been a great impor-

tance to perform the phenotyping at internode level. Apart from this,
he most significant drawback of traditional QSM-based phenotyping
s the sensitivity towards the quality of stemwork point cloud. A point
loud with low signal-noise ratio and resolution may give rise to a large
rror when performing the digital model fitting with QSM algorithms,
r even lead to a failed model generation.
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Fig. 1. A flowchart of the complete phenotyping pipeline. Here, data objects are presented as the normal font inside the rectangular blocks. Data flow orientations are presented
by arrows. Data processes are presented with an italic font.
Fig. 2. Morphology of selected tomato plant cultivars: (a) Merlice, (b) Brioso, and (c) Gardener Delight.
To perform a reliable plant phenotyping with QSM-based pipeline,
especially over the point clouds with relatively lower quality, the pri-
mary objective of this article is to develop a novel refining pipeline to
enhance the quality of segmented stemwork point clouds. The refining
pipeline consists of three main process, i.e. non-replacement resam-
pling, interference branch removal, and noise removal. To enhance the
function of QSM-based phenotyping pipeline, especially in aspect of the
acquisition of internode traits, the second objective is to perform a com-
prehensive digital plant reconstruction and morphological analysis over
the refined stemwork point cloud by taking TreeQSM as the backbone.
Target phenotypic traits include stem internode length, stem internode
diameter, branching angle, phyllotactic angle, and stem length.

2. Materials and methods

To detect and localise the stemwork from a point cloud, a semantic
segmentation was performed using a deep neural network (Section 2.2).
In order to meet the basic requirement of the following phenotyp-
ing process, a refining pipeline was proposed for the stemwork seg-
mentation, including three main process: non-replacement resampling
3 
(Section 2.3.1), interference branch removal (Section 2.3.2), and noise
removal (Section 2.3.3). A local reconstruction (Section 2.3) was then
performed to the segmented stemwork point cloud with a parameter
optimisation process (Section 2.4). The target phenotypic traits were
finally calculated with an internode association process (Section 2.5).
The experimental details are provided in Section 2.6, followed by an
introduction of the evaluation metrics in Section 2.7. For a better
understanding, a flowchart of the complete phenotyping pipeline is
shown in Fig. 1.

2.1. Dataset acquisition

Three commonly used tomato (Solanum lycopersicum L.) cultivars
with different morphology were selected to test the transferability of
the proposed phenotyping pipeline: 17 Merlice plants, 20 Brioso and
8 Gardener Delight. Here, Merlice and Brioso generally indicate small
leaf curvature and large branching angles, resulting in a loose canopy
structure; while Gardener Delight commonly possesses sagging leaves
with large curvature, resulting in relatively dense leave structure, as
shown in Fig. 2.
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Fig. 3. The imaging system - Maxi-Marvin - being used to acquire individual plant point cloud data. (a) shows the outline of the imaging unit; (b) shows a schematic drawing of
the camera setup inside the imaging black box.
Fig. 4. Examples of tomato plant point cloud being used in the proposed work. (a) shows an original RGB point cloud of tomato plant; (b) shows the corresponding semantic
labels, where pink refers to the stemwork, green refers to leaflets, light blue refers to the supporting stick, and brown refers to the soil base; (c) shows the corresponding instance
labels.
A well-developed imaging device - Maxi-Marvin - was used to
scan the plants. The setup for the Maxi-Marvin is shown in Fig. 3.
Fifteen RGB cameras with a resolution of 1920 × 1080 were mounted
around the plant within a pentaprism-shape imaging black box, on
three different heights and five different angles. The RGB cameras gave
fifteen images of the target plant simultaneously during each exposure.
The point clouds of target plants were reconstructed using the shape-
from-silhouette method (Golbach et al., 2016). A 3D voxel space setting
at the centre of the imaging facility with a size of 40 cm × 40 cm × 70 cm
in length, width and height respectively and a resolution of 1 mm3

was used during the reconstruction. Each point cloud acquired with the
Maxi-Marvin contains 48 channels, where the first three channels are
3D positions of points, followed by 45 channels of colour information
of points (red, green and blue for each camera image). Fig. 4(a) shows
an example of the coloured point cloud captured by the imaging setup.
More details on the point cloud reconstruction from images based on
the shape-from-silhouette algorithm are introduced in Golbach et al.
(2016). The scanning process was conducted during the second and
third weeks after sowing, where 19 plants (7 Merlice, 8 Brioso, and 4
Gardener Delight) were scanned in the second week and 26 plants (10
Merlice, 12 Brioso, and 4 Gardener Delight) were scanned in the third
week. The overall dataset was split into a training set (T𝑟), a validation
set (V), and a test set (T𝑒), which contain 35, 5, and 10 point clouds
respectively.

2.1.1. Point cloud annotation
During the manual annotation process, each point within a point

cloud was given a semantic label and an instance label. Semantic
4 
labelling divided points into four classes: soil, stick, stemwork, and
other bio-structures, as shown in Fig. 4(b). Here, the stemwork refers
to the collection of the main stem, petioles,1 rachis2 and petiolules.3
Other bio-structures refer to the collection of leaflets and trusses.4 The
terminology of plant organs employed in this paper follows the work
presented by Altartouri et al. (2015). Specifically in this paper, the
stemwork structure within a leaf candidate is called a side branch. The
collection of the main stem and all the side branch candidates forms
the stemwork of a plant.

Since the proposed work introduced data augmentation methods
which required operations at the leaf level, instance labelling was also
conducted to facilitate the localisation of each leaf instance. Instance
labelling divided a point cloud into classes of soil, stick, the main stem,
and all leaf instances, as shown in Fig. 4(c). Here, a leaf instance refers
to the collection of the petiole, rachis, petiolules and leaflets.

2.1.2. Destructive measurements
Destructive measurements of the selected plants were conducted

right after the imaging process. Stem internode length, stem internode
diameter, leaf branching angle, leaf phyllotactic angle, and total stem
length were taken as the objective phenotypic traits and measured

1 A petiole refers to the first secondary internode on a leaf, which is directly
connected to the main stem.

2 Rachis refers to the secondary internodes on a leaf following after the
petiole.

3 Petiolules refer to the tertiary internodes in a tomato plant.
4 A truss refers to the small side branch with flowers and fruits on it.
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Fig. 5. The protractor with a caliper specifically designed to measure the phyllotactic
angle of leaves.

manually. Internode length and stem length were measured with a ruler
with an accuracy of 1 mm. Internode diameter was measured with
a caliper with an accuracy of 0.1 mm. Branching angle refers to the
inclination angle of a leaf to the parent stem internode, which was
measured with a traditional protractor with an accuracy of 1 degree.
Phyllotactic angle refers to the clockwise angle between the petiole
of two consecutive leaves. To measure the leaf phyllotactic angle, a
specific protractor with a caliper was designed with an accuracy of 1
degree, as shown in Fig. 5. During the measurement, the protractor
was mounted onto the main stem of the target plant through the
circular caliper in the middle. The origin line was aligned with the
petiole orientation of the leaf with a lower morphological rank. The
phyllotactic angle was then indicated by the value displayed by petiole
orientation of the leaf with a higher morphological rank. Morphological
ranks are counted by the nodes on the stem. The bottom node on
the stem refers to the first morphological rank of a plant, and all
following nodes until the morphological top of the plant. The shape
of stem internodes are indicated as elliptical cylinders. This gives rise
to different values of diameter measurements of a stem internode from
different orientations. In this work, the internode diameter was taken
as the average value of two orthogonal measurements conducted at the
middle point of an internode.

2.2. Semantic segmentation

To identify and localise the stemwork within a tomato plant point
cloud, semantic segmentation was conducted according to the types of
plant parts. One of the top-performing point cloud semantic segmenta-
tion network - PointNet++ was employed as the backbone (Guo et al.,
2020). The original version of PointNet series - PointNet Vanilla (Qi
et al., 2017a) uses shared multiple layer perceptron to capture the
feature vectors of individual points. To satisfy the requirements of
permutation invariance, a max or average pooling layer is employed
over the acquired feature vectors in order to obtain a global feature
description of the point cloud. To take the hierarchical feature context
into consideration, an improved version - PointNet++ was proposed
by further introducing set abstraction layers and feature propagation
layers (Qi et al., 2017b). A set abstraction layer is composed by a
sampling and grouping process followed by a PointNet feature extrac-
tor. The sampling and grouping process aims to divide the original
point cloud into multiple clusters. The PointNet feature extractor ap-
plied to individual point clusters achieves a multi-scale learning of
local point features. Feature propagation layers then use interpolation
operations to propagate the multi-scale features back to each point in
5 
the point cloud. Combined with the fully connection layers, PointNet
series achieve a reliable performance on point cloud segmentation and
classification.

To deal with the overfitting problem caused by insufficient train-
ing data, a 3D local data augmentation approach – leaf crossover
– proposed in our preceding work (Xin et al., 2023) was used to
enhance the dataset diversity. Leaf crossover augmentation aims to
exchange the leaf instances among different plants after the acquisition
of each training batch. To maintain the unique attributes with respect to
plant cultivar and morphological ranks,5 the crossover operation only
exchanges the leaf instances within the same cultivar and with the same
morphological rank. The position and the phyllotactic angle of the leaf
candidate to be exchanged are aligned to the original leaf instance on
the target plant. The overall process of leaf crossover augmentation is
visualised in Fig. 6. More details on leaf crossover augmentation are
introduced in Xin et al. (2023) Section 2.3.2.

A random down sampling was performed to the point clouds af-
ter the data augmentation process in order to uniform the shape of
point clouds within a training batch, as required by the PointNet++
configuration. Considering the limitations of GPU memory, the number
of points of each point cloud was finally set to 50,000 in this paper.
The input features contain point positional information (channel 1
to 3), point normal information (channel 4 to 6), and point colour
information (channel 7 to 51), which then forms an input point cloud
with the shape of 50 000 × 51. Batch size was set to five throughout the
experiment to save the GPU memory. A 7-fold cross validation over the
training set was used to select the hyper parameters for the network.
Here, hyper parameters included initial learning rate 𝑙𝑟, epoch number
𝑁𝑒, and number of leaf instances 𝑁𝑙 to be exchanged per plant during
the leaf crossover augmentation. The combination with the highest
stemwork segmentation 𝐹1 score was selected, resulting in 𝑙𝑟 = 0.005,
𝑁𝑒 = 150, and 𝑁𝑙 = 4 respectively.

2.3. Stemwork local reconstruction

To further approach the phenotypic traits of interest, an important
step is to reconstruct the stemwork point cloud into a digital model.
One of the commonly used algorithms - Tree Quantitative Structural
Modeling (TreeQSM)6 (Raumonen et al., 2013) - was employed to
achieve the reconstruction. TreeQSM is a high-throughput 3D pheno-
typing pipeline specifically developed for tree structures integrating
functions of morphology analysis, model fitting, and model trait cal-
culation. TreeQSM is built upon the cover set theory. The stemwork
point cloud is randomly partitioned into multiple cover sets, where
each cover set is known as the minimum unit to perform the stemwork
reconstruction. A cover set is generated according to the following two
steps. In the first step, a query ball with a radius of 𝑅𝑞 is applied to an
automatically and randomly selected seed point to propose a potential
cover set centre. Here, the selection of a seed point should satisfy the
condition that the minimum distance between two arbitrary existing
seed points is larger than a threshold 𝐷𝑞 . The threshold 𝐷𝑞 is usually
slightly smaller than the radius of query balls (𝐷𝑞 = 𝑅𝑞 − 𝜉) to ensure
a better coverage of cover sets over the stemwork point cloud. The
cover set centre proposal is accepted if the number of neighbouring
points within the query ball is larger than a threshold 𝑁𝑚𝑖𝑛. The first
step is repeated until all the points in the stemwork point cloud are
allocated within at least one cover set. In the second step, points within
the stemwork point cloud are allocated to each cover set according to
the distance to the nearest accepted cover set centre. More details on
the definition of cover set are provided in Raumonen et al. (2013).

5 The leaf shape, branching angle, and phyllotactic angle maintain
differences among different tomato plant cultivars and morphological ranks.

6 The latest release of TreeQSM pipeline - version 2.4.1: https://github.
com/InverseTampere/TreeQSM.

https://github.com/InverseTampere/TreeQSM
https://github.com/InverseTampere/TreeQSM
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Fig. 6. Legend of leaf crossover augmentation.
Given a stemwork point cloud, TreeQSM performs a neighbour-
related morphology analysis at cover set level to segment the points
into the main stem, individual secondary branches7 and individual
tertiary branches,8 as shown in Fig. 7(a). Here, the parameters used
to define the cover sets are noted as 𝑅1

𝑞 , 𝜉1, and 𝑁1
𝑚𝑖𝑛. The points

within each branch with a same branch order,9 or the points within
the main stem are defined as a segment. To illustrate this further,
Fig. 7(b) visualises all the detected segments with different colours. The
morphology analysis also automatically detects the start point of each
segment, which serves as input for the following reconstruction step.

To further visit the plant traits of interest, a cylinder least square
based fitting is performed to each detected segment starting from the
detected starting point until the terminus. To accurately describe the
local shape of the segment, the cylinder fitting is performed at cover set
level, where each cover set results in a sub-cylinder object describing
the shape at the local region. Parameters used to define the cover
set are noted as 𝑅2

𝑞 , 𝜉2, and 𝑁2
𝑚𝑖𝑛. Different from the cover set using

a fixed query ball radius in the morphology analysis, cover set here
employs varying radius drawing within the range

[

𝑅2
𝑞(𝑚𝑖𝑛), 𝑅2

𝑞(𝑚𝑎𝑥)
]

.
Here, 𝑅2

𝑞(𝑚𝑎𝑥) refers to the query ball radius at the base of each
segment, while 𝑅2

𝑞(𝑚𝑖𝑛) refers to the query ball radius at the tip of
each segment. The variations in query ball radii enable a better capture
of local shape features, particularly at the tip of each segment. The
whole stemwork point cloud is finally reconstructed with multiple
sub-cylinders, as shown in Fig. 7(c).

To ensure the reconstruction performance, three basic assumptions
about the input stemwork point cloud must be satisfied:

• A1. The surface of plant structure must be covered by sufficient
points10;

• A2. The base point of the stem (the bottom of the stem) must be
clearly visible without occlusions by other organs, and the base

7 A secondary branch refers to the collection of the petiole which is directly
connected to the main stem, and all the following rachis.

8 A tertiary branch refers to the collection of all the petiolules that
generated from a node on the secondary branch.

9 Branch order zero refers to the main stem. All the secondary branches
share the branch order one. All the tertiary branches share the branch order
two.

10 To evaluate whether the surface of plant structure is covered by sufficient
points, the following factors are taken into consideration: the resolution of the
point cloud, the signal-noise ratio of the point cloud, the complexity of the
object structure, and the size of the object.
6 
point of side branches must be higher than the base point of the
stem;

• A3. Points other than the stemwork must be properly removed.

Considering the potential deficiencies existing in the stemwork point
clouds segmented with PointNet++, we accordingly proposed a refining
pipeline to improve the quality of the stemwork point clouds. The
refining pipeline is composed by three main process: non-replacement
resampling, interference branch removal, and noise removal.

2.3.1. Non-replacement resampling
The segmented stemwork point clouds generally indicated low point

densities due to the down sampling operation required by the semantic
segmentation network11 (Section 2.2). To improve the density of the
stemwork point clouds, a non-replacement resampling process was
introduced in order to satisfy assumption 𝐴1. To perform the resam-
pling operation from the original point cloud 𝐏𝐨, the order of points
within 𝐏𝐨 was randomly shuffled. At the 𝑗th down sampling step, a
sub point cloud 𝐏j

𝐬 was formed by selecting point candidates from 𝐏𝐨
with indices ranging from (𝑗 − 1) ∗ 𝑁𝑝 + 1 to 𝑗 ∗ 𝑁𝑝. Here, 𝑁𝑝 is the
input point number of the segmentation network (in this paper, 𝑁𝑝 =
50,000). The semantic segmentation method introduced in Section 2.2
was applied to each down-sampled point cloud 𝐏j

𝐬. The resampling
and segmentation process were repeated for 𝑓 𝑙 𝑜𝑜𝑟(𝑁𝑜∕𝑁𝑝) times, and
the stemwork points determined by each resampling and segmentation
process were integrated to form a final stemwork point cloud. Here,
𝑁𝑜 is the number of points within the original point cloud 𝐏𝐨. For a
better understanding, the resampling process is further demonstrated
in Fig. 8.

2.3.2. Interference branch removal
The TreeQSM algorithm automatically detects the base point of

the stem, and takes it as the origin of the digital model (Raumonen
et al., 2013). This process must be conducted under the circumstance
that Assumption A2 has been satisfied.12 Otherwise, it may give rise

11 The tomato plant point clouds being used in the proposed work contained
422,682 points on average. However, the capacity of the semantic segmen-
tation network was trained on 50,000 points per plant only. Therefore, the
densities of points within the down-sampled point clouds were much lower
than the original.

12 In reality, Assumption A2 cannot be satisfied in most occasions. For
example in Fig. 9(a), the base point of the main stem is higher than the base
point of the lowest side branch, which makes it difficult for the stem base
detection algorithm to figure out the real base point.
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Fig. 7. An example of the digital reconstruction process. (a) shows the morphological analysis result; (b) shows individual detected segments being considered during the local
reconstruction process; (c) shows the sub-cylinder fitting process; (d) shows the final digital model of the stemwork.
Fig. 8. Illustration of the resampling process. The original point cloud contains 283,530 points, which results in a five-fold resampling process according to the description in
Section 2.3.1. The final integrated stemwork point cloud demonstrates a much better point density compared to a single down sampling and segmentation process.
to a false stem base detection result, leading to a plant model with
significant deformations, particularly for the stem internodes close to
the bottom.

To deal with the side branches at the bottom of the plants that
may influence the detection of the stem base, an interference branch
removal algorithm was developed through the following four steps:

• Step 1: Stem point removal. Inspired by Hang et al. (2017), a stem
point removal algorithm was developed based on horizontal point
density map. All the points within the stemwork point cloud are
projected onto the horizontal plane 𝑋 𝑂 𝑌 . The local density of
each point candidate was then calculated from the projection by
using a query ball. Here, the radius of the query ball is a hyper
parameter denoted as 𝜖1. The local density is given as the number
of neighbouring points within the query ball. Fig. 9(b) shows an
example of horizontal local point density map obtained from the
stemwork point cloud shown in Fig. 9(a), where a colour closer
to white refers to a higher local density. It is clearly observed that
the projections of stem points generally indicate a higher density
than that of the side branches. To remove the stem points, a
simple thresholding method was used to select those points whose
local density was smaller than the given threshold 𝑁1

𝜖 . The result
of stem point removal is shown in Fig. 9(c).

• Step 2: Branch instance segmentation. Side branch instances
within the stemwork point cloud after stem point removal process
7 
are clearly separated from each other. To further visit individual
side branches, an instance segmentation of branches was con-
ducted based on the algorithm of Density-Based Spatial Clustering
of Applications with Noise (DBSCAN). Starting from a randomly
selected seed point, inner points were iteratively searched using a
query ball with the radius denoted as 𝜖2. Points with local density
higher than the given threshold 𝑁2

𝜖 were considered as the inner
points, and grouped into the same cluster. If there was no inner
point being detected with respect to a seed point, the seed point
was considered as a noise point which was not considered in
the final clustering result. This grouping process was repeated
multiple times until all the candidate points were clustered into
groups. An instance segmentation result of side branches is shown
in Fig. 9(d).

• Step 3: Interference branch removal. To identify the branches
that may interfere with the stem base detection, the centroid
𝐶 =

[

𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐
]

of the bottom 10% of points within each side
branch instance was calculated. If 𝑧𝑐 < 𝑝𝑧𝑏 + 𝜂

(

𝑝𝑧𝑢 − 𝑝𝑧𝑏
)

, then the
side branch candidate was considered as a potential interference
branch to be removed. Here, 𝑝𝑧𝑏 refers to the 𝑍 coordinate of
the bottom point within the stemwork point cloud, 𝑝𝑧𝑢 refers to
the 𝑍 coordinate of the top point, and 𝜂 is a hyper parameter
referring to the proportional threshold. A result of interference
branch removal is shown in Fig. 9(e).
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Fig. 9. A demonstration of interference branch removal and noise removal. (a) shows an integrated stemwork point cloud acquired from the resampling process introduced in
Section 2.3.1. (b) to (e) show the process of interference side branch removal, in which (b) shows the horizontal density map; (c) shows the result of stem removal; (d) shows the
instance segmentation result of side branches; and (e) shows the identification result of the potential interference side branches (marked in red), which will be removed from the
stemwork point cloud. (f) and (g) show the noise removal process, where (f) shows the 3D local density map, and (g) shows the identified noise points (marked in red) over the
remained stemwork points (marked in blue).
2.3.3. Noise removal
To further remove the noise points within the stemwork point cloud,

a local-density-based noise removal method was employed. The 3D
local density of each candidate point was calculated using a query ball
whose radius is denoted as 𝜖3. Fig. 9(f) reveals an example of 3D local
density map calculated from Fig. 9(e). Points with a low local density
are then considered to be noise, which can be removed with a simple
thresholding method. The threshold used here is a hyper parameter
denoted as 𝑁3

𝜖 . A result of the noise removal process is shown in
Fig. 9(g).

2.4. Optimal model selection

The sub-cylinder reconstruction process based on TreeQSM algo-
rithm requires multiple presetting parameters, as introduced in Sec-
tion 2.3. The selection of these parameters largely influence the recon-
struction performance. To optimise the parameter selections, several
feasible values were proposed for each parameter according to the
attributes of training data.13 With respect to the tomato plant dataset
used in this paper, an initial proposal of TreeQSM parameters is shown
in Table 1. To create a valid input tuple for the TreeQSM algorithm,
one feasible value was drawn from each parameter box to form a

13 The attributes of training data related to the selection of TreeQSM hyper
parameters include: average local point density (related to the selection of
𝑁1

𝑚𝑖𝑛 and 𝑁2
𝑚𝑖𝑛), maximum and minimum lengths of stem internodes (related

to the selection of 𝑅2
𝑞(𝑚𝑎𝑥), 𝑅2

𝑞(𝑚𝑖𝑛), and 𝜉2), maximum and minimum stem
base diameters (related to the initialisation of 𝑅1

𝑞 and 𝜉1), and average branch
tip diameter (related to the selection of 𝑅2(𝑚𝑖𝑛) and 𝜉2).
𝑞
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combination including seven elements. With respect to the feasible
value proposal revealed in Table 1, totally 900 (3 × 1 × 5 × 4 × 1 × 3 × 5)
different combinations of potential input parameters were generated.
Considering the randomness within the TreeQSM reconstruction pro-
cess, ten sub-cylinder models were fitted with respect to each valid
input parameter tuple, resulting in 9000 sub-cylinder models in total
for a single target plant.

The optimal model was selected according to a specified metric,
based on the two types of optimal model selection criteria provided by
the TreeQSM algorithm, known as cylinder distance and surface cov-
erage. Cylinder distance evaluates the average distance between each
candidate points towards the centre axis of the fitted sub-cylinder. A
shorter average cylinder distance refers to a better fitting performance.
Surface coverage measures the proportion of reconstructed sub-cylinder
surface that is covered by sufficient point candidates. A sub-cylinder
model with a poor surface coverage means that a large bias exists
between the reconstructed cylinder attributes towards the actual point
candidates. More details of the above model selection metrics are
provided in Raumonen (2015).

A validation step was used to determine the optimal selection metric
for the model selection. Point clouds within the validation set V were
processed with the semantic segmentation and the refining pipeline
introduced in Sections 2.2 and 2.3 respectively. The resulting clean
stemwork point clouds were then taken as the input for TreeQSM.
Sub-cylinder models were fitted by using all the valid input parameter
setups. The optimal models were selected using the cylinder distance
and surface coverage metrics respectively. The selected optimal models
were evaluated with a topology evaluation metric – 𝐹1 score – as
introduced in Section 2.7. The model selection metric with a higher
topology 𝐹1 score of the selected model was finally selected. In the
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Table 1
Feasible value proposals of necessary parameters required in the TreeQSM algorithm, specifically proposed for the tomato plant dataset used
in this paper.

Parameters Descriptions Feasible values

𝑅1
𝑞 Radius of query balls used to create the cover set in the morphology

analysis step (unit: mm)
25, 35, 45

𝜉1𝑞 Adjustment factor of the minimum distance among cover set seeds in
the morphology analysis step (unit: mm)

3

𝑁1
𝑚𝑖𝑛 Threshold of minimum number of points to accept a cover set seed

proposal in the morphology analysis step
3, 6, 10, 15, 20

𝑅2
𝑞 (𝑚𝑖𝑛) Minimum radius of query balls used to create the cover set in the

sub-cylinder reconstruction step (unit: mm)
2, 3, 4, 5

𝑅2
𝑞 (𝑚𝑎𝑥) Maximum radius of query balls used to create the cover set in the

sub-cylinder reconstruction step (unit: mm)
15

𝜉2𝑞 Adjustment factor of the minimum distance among cover set seeds in
the sub-cylinder reconstruction step (unit: mm)

1, 2, 3

𝑁2
𝑚𝑖𝑛 Threshold of minimum number of points to accept the cover set seed

proposal in the sub-cylinder reconstruction step
1, 3, 6, 10, 20
f

p
t
m
T
i

p
e
e
e
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proposed work, the surface coverage metric was finally chosen to select
the optimal model.

2.5. Internode association

An internode is defined as the interval between two consecutive
odes on the same segment. However, TreeQSM performs the recon-

struction of each segment at the level of cover sets whose size is usually
uch smaller than the lengths of internodes. This results in a fact that

n internode candidate can be reconstructed by multiple sub-cylinders.
o access the phenotypic traits at internode level, the reconstructed
ub-cylinders were further allocated into individual internodes, which

is known as an internode association process. Potential plant nodes
were detected by using the topology and morphology information
from the TreeQSM output, i.e. branch morphological order, indices of
sub-cylinder candidates within each branch, and parent sub-cylinder
indices. Sub-cylinders between two consecutive plant nodes within a
segment then form a complete internode candidate.

With a detected internode candidate, internode length was obtained
y calculating the distance between the start point of the first sub-
ylinder and the terminus of the last sub-cylinder. The diameter of an
nternode was represented by the mean value of the first and the last
ub-cylinder diameters. To obtain the branching angle of a secondary
ranch, we firstly calculated the orientation vector formed by the start
nd the terminus points of the petiole. The branching angle was then
resented as the angle between the petiole orientation vector and
arent stem internode, calculated from Eq. (1):

𝜃𝑏 = ar ccos
( 𝐎𝟏𝐎𝟐
|

|

𝐎𝟏||
|

|

𝐎𝟐||

)

, (1)

where 𝐎𝟏 and 𝐎𝟐 refer to orientation vectors of the petiole and the
parent stem internode respectively. To obtain the phyllotactic angle of
a secondary branch, the petiole orientation vectors of two consecutive
branches were projected on a horizontal plane. The angle between these
two projected orientation vectors counter-clockwise was calculated as
the phyllotactic angle. Here, the phyllotactic angle for the secondary
branch at the bottom of a plant was considered as zero. The total length
of the stem was then given as the distance between the start point of
the bottom sub-cylinder being detected on the stem and the start point
of the detected top secondary branch.

2.6. Experimental design

The experiment was conducted on a laptop working station with an
ntel Xeon E-2276M (2.8 GHz) CPU and a NVIDIA Quadro RTX 5000

Max-Q (16 GB) GPU. The segmentation network was trained over the
training set (T𝑟) containing 35 point clouds for ten times, resulting
n ten different segmentation models. The evaluation of the semantic
 c
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segmentation result was performed on the test dataset (T𝑒) containing
ten point clouds by using the metrics proposed in Section 2.7. The per-
formance was described by averaging the evaluation results obtained
rom all these ten segmentation models.

To determine the final segmentation model being used for the
henotyping process, a validation process was employed by using
he validation dataset (V) containing five point clouds. The optimal
odel was selected with the highest stemwork segmentation 𝐹1 score.
he phenotyping process was then conducted based on the pipeline

ntroduced in Sections 2.3, 2.4, and 2.5. Phenotyping performance was
evaluated according to the evaluation metrics described in Section 2.7.
To further evaluate the influence of the stemwork segmentation error
over the phenotyping performance, a controlled experiment was de-
signed by using the manual segmented stemwork point clouds. The
stemwork points were extracted from each point cloud in the test
set (T𝑒) according to the manual annotations. Sub-cylinder models
were reconstructed for each stemwork point cloud, followed by the
optimal model selection and the internode association. The stemwork
point clouds acquired from manual annotations were supposed to be
absolutely accurate with satisfactory point densities. Therefore, resam-
pling and noise removal operations were no longer activated in this
controlled experiment. The interference branch removal was still em-
loyed to remove the bottom side branches which may have negative
ffects towards the reconstruction. The phenotyping results were then
valuated with the same evaluation metrics, and compared with the
valuation results obtained from the auto-segmented stemwork point
louds.

2.7. Evaluation metrics

To evaluate the performance of semantic segmentation, the numbers
of True Positives (TP), False Positives (FP), and False Negatives (FN) for
respective classes were counted. The segmentation performance of each
class was presented by using the metric of 𝐹1 score:

𝐹1 = 2 ∗ 𝑃𝑟 ∗ 𝑅𝑒
𝑃𝑟 + 𝑅𝑒

, (2)

where 𝑃𝑟 refers to the precision calculated from:

𝑃𝑟 =
𝑁𝑇 𝑃

𝑁𝑇 𝑃 +𝑁𝐹 𝑃
, (3)

and 𝑅𝑒 refers to the recall calculated from:

𝑅𝑒 =
𝑁𝑇 𝑃

𝑁𝑇 𝑃 +𝑁𝐹 𝑁
. (4)

A 𝐹1 score closer to one represents a better segmentation performance.
The evaluation of phenotyping performance was performed for

topology and geometry. The topology evaluation aims to assess the
oincidence of nodes between the digital plant model and the ground
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Fig. 10. The manual association process of node candidates during the topology evaluation. The ground truth nodes instances are marked by the red rectangular blocks. The node
candidates being detected in the digital plant model are marked by black dots. A true positive (TP) candidate refers to a detected node candidate that can be associated with
an actual ground truth node instance, as shown in (a), (b) and (c). A false positive (FP) candidate refers to a detected node candidate that cannot be associated with an actual
ground truth node instance, as shown in (b). A false negative (FN) candidate refers to a ground truth node that is not detected in the digital plant model, as shown in (c).
truth. The proposed work mainly focused on the evaluation of stem
node detection performance because they exerted a significant influ-
ence over the calculations of the target phenotypic traits. A feasible
way to evaluate the topology reconstruction is to employ the metrics
related to the confusion matrix, as proposed in our preceding work (Xin
et al., 2020; Xin and Whitty, 2022). The first step is to perform a manual
association between the stem nodes in the reconstructed digital plant
model and the ground truth point cloud, as shown in Fig. 10. A True
Positive (TP) then refers to a node candidate in the digital plant model
that is associated with a ground truth node instance. A False Positive
(FP) refers to a node candidate in the digital plant model that cannot
be associated with a ground truth node instance. A False Negative
(FN) refers to a ground truth node instance that cannot be associated
with a node candidate in the digital plant model. In this manner,
the total numbers of TP, FP, and FN were counted, and the topology
reconstruction performance was finally described by the metric of 𝑃𝑟,
𝑅𝑒, and 𝐹1 score calculated from Eq. (2). A higher value of 𝑃𝑟, 𝑅𝑒, or
𝐹1 refers to a better topology reconstruction performance with more
nodes being detected correctly.

The geometry evaluation focused on the accuracy of calculated
value of each phenotypic trait, i.e. stem internode length, stem in-
ternode diameter, leaf branching angle, leaf phyllotactic angle, and
stem length. Due to the scope of the imaging system, certain point
clouds within our dataset were not completed at the top part of plants.
Therefore, the evaluation on the stem length was only conducted to
the visible part of the stem. The performance was presented by Mean
Absolute Errors (MAE), related Rooted Mean Squared Errors (rRMSE),
and Mean Absolute Percentage Errors (MAPE). The MAE is calculated
from Eq. (5):

𝑀 𝐴𝐸 = 1
𝑁

∑

|

|

|

𝐯𝐜 − 𝐯𝐠𝐭
|

|

|

, (5)

where 𝐯𝐜 and 𝐯𝐠𝐭 refer to the calculated phenotypic traits and the
corresponding ground truth measurements respectively, 𝑁 refers to the
number of candidates. The rRMSE is calculated from Eq. (6):

𝑟𝑅𝑀 𝑆 𝐸 = 1
𝑣̄𝑔 𝑡

√

∑
(

𝐯𝐜 − 𝐯𝐠𝐭
)2

𝑁
× 100%, (6)

where 𝑣̄𝑔 𝑡 stands for the expectation of the ground truth measurements.
The MAPE is calculated from Eq. (7):

𝑀 𝐴𝑃 𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

|

𝐯𝐜 − 𝐯𝐠𝐭
𝐯𝐠𝐭

|

|

|

|

|

× 100%, (7)

It is worthwhile to mention that all the geometry evaluation results
were obtained with the true positive candidates only. This is because
false positive candidates and false negative candidates cannot be asso-
ciated with the correct ground truth or reconstructed elements, which
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disables the comparison between the calculated phenotypic traits and
the corresponding ground truth values.

Within a point cloud of tomato plant, the organs at different mor-
phological ranks have different visibility and organ separability. This
exerts uncertainties towards the digital modelling of stemwork and the
calculation of phenotypic traits. To further evaluate the influence of
organ separability on the performance of phenotyping, the tomato plant
was divided into three parts according to the morphological position:
(1) morphological top, refers to the top 1∕3 morphological ranks in a
digital plant model; (2) morphological bottom, refers to the bottom
rank being detected in the digital plant model; (3) morphological
middle, refers to the middle ranks apart from morphological top and
bottom. The performance of plant trait calculations were evaluated
with respect to different morphological positions of the plants.

To further investigate the influence of stemwork segmentation per-
formance on the phenotyping result, the distributions of phenotypic
traits obtained from different approaches was calculated and presented
with histograms. Here, the approaches to acquire phenotyping traits
include ground truth measurements, phenotyping from automatic stem-
work segmentation, and phenotyping from manual stemwork segmen-
tation (Section 2.6). The similarity among the histograms obtained
from the above three approaches was evaluated using the Chi-squared
distance:

𝐷 = 2 ⋅
(

𝐡1 − 𝐡2
)2

𝐡1 + 𝐡2
, (8)

where 𝐡1 and 𝐡2 refer to the collections of frequencies from two
different histograms.

3. Results

This section provides the evaluation results for the proposed pheno-
typing pipeline in aspects of semantic segmentation, stemwork topology
reconstruction, and stemwork geometry reconstruction. The segmen-
tation 𝐹1 scores for classes of soil base, stick, stemwork and other
bio-structures were 0.98, 0.85, 0.65, and 0.96 respectively, result-
ing in an class-average 𝐹1 of 0.86. With respect to the main stem,
bottom-rank side branches, middle-rank side branches, and top-rank
side branches, the corresponding segmentation 𝐹1 scores were 0.92,
0.53, 0.51, and 0.47 respectively. A stemwork segmentation result is
visualised in Fig. 11.

The quantitative evaluation result of stemwork topology reconstruc-
tion for the auto-segmented and manual-segmented stemwork point
clouds are shown in Table 2. The evaluation results for the bottom ranks
were not presented. A bottom rank refers to the first morphological
rank in a reconstructed digital plant model, which will not have an
error when evaluating the topology.
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Fig. 11. Plant part semantic segmentation results. (a) shows the ground truth semantic labels; (b) shows the labels predicted by the neuron network; (c) shows the difference
between (a) and (b); (d) shows the stemwork extraction result.
Table 2
Evaluation results of topology and geometry reconstruction of the stemwork.

Evaluation types Stemwork traits Evaluation metrics Automatic segmentation Manual segmentation

All Middle Bottom Top All Middle Bottom Top

Stemwork topology –
Pr 0.89 0.88 – 0.87 1.00 1.0 – 1.0
Re 0.59 0.91 – 0.30 0.53 0.93 – 0.25
F1 0.71 0.89 – 0.45 0.69 0.96 – 0.40

Stemwork geometry

Internode length
MAE (mm) 14.2 12.1 12.9 19.7 15.0 12.2 29.4 12.2
rRMSE (%) 44.8 34.8 29.5 75.5 43.0 29.4 95.4 41.4
R2 0.71 0.86 0.19 0.52 0.30 0.56 0.02 0.21

Internode diameter
MAE (mm) 5.2 4.4 3.3 7.9 3.0 2.2 3.6 4.4
rRMSE (%) 64.4 47.3 31.5 130.0 41.6 24.5 47.9 73.8
R2 0.04 0.27 0.65 0.02 0.08 0.16 0.00 0.02

Branching angle
MAE (Degrees) 15.3 9.9 11.9 32.3 12.4 9.4 13.8 17.8
rRMSE (%) 40.1 23.7 21.0 92.0 33.9 25.7 32.4 52.3
R2 0.07 0.28 0.79 0.05 0.07 0.04 0.43 0.00

Phyllotactic angle
MAE (Degrees) 34.5 31.0 – 42.6 34.4 33.3 – 36.7
rRMSE (%) 28.0 25.5 – 34.7 27.7 27.6 – 27.8
R2 0.41 0.32 – 0.50 0.17 0.19 – 0.16

In this table, ‘‘all’’, ‘‘middle’’, ‘‘bottom’’ and ‘‘top’’ refer to all ranks, middle ranks, bottom rank and top ranks respectively.
In aspects of geometry evaluation, Mean Average Errors (MAE),
related Rooted Mean Squared Errors (rRMSE), and 𝑅 squares for in-
ternode length, internode diameter, branching angle, and phyllotactic
angle are presented in Table 2. The MAEs of stem length estimation
were calculated as 21.4 and 38.1 mm for the automatic stemwork
segmentation and manual segmentation, which results in rRMSEs of
4.8 and 9.3% respectively. The 𝑅2 values for stem length estimation
with respect to automatic and manual segmentation were calculated
as 0.93 and 0.99. Particularly for internode length, the Mean Absolute
Percentage Errors (MAPE) were also calculated using Eq. (7), in order
to perform a parallel comparison with the existing work. Corresponding
MAPE values for all ranks, the middle ranks, the bottom ranks, and the
top ranks were 31.0, 17.4, 75.2, and 32.6% respectively.

The distributions of internode lengths acquired from the ground
truth measurements, plant models with automatic segmentation, and
plant model with manual segmentation are shown in Fig. 12(a). The
Chi-square distance between the ground truth distribution and the
automatic segmentation (𝐷𝑎

𝑔 𝑡) was 66.1; the Chi-square distance be-
tween the ground truth distribution and manual segmentation (𝐷𝑚

𝑔 𝑡)
was 80.4; and the Chi-square distance between automatic segmentation
and manual segmentation (𝐷𝑚

𝑎 ) was 32.5. The distributions of internode
diameters acquired from the ground truth measurements, the plant
model with automatic stemwork segmentation, and the plant model
with manual segmentation are shown in Fig. 12(b). The corresponding
Chi-square distances of 𝐷𝑎

𝑔 𝑡, 𝐷𝑚
𝑔 𝑡, and 𝐷𝑚

𝑎 were 221.1, 222.0, and 63.0
respectively. The distribution of calculated branching angles versus the
ground truth is presented in Fig. 12(c). The Chi-square distances of 𝐷𝑎

𝑔 𝑡,
𝐷𝑚 , and 𝐷𝑚 were 34.2, 24.3, and 30.5 respectively. The distribution of
𝑔 𝑡 𝑎
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calculated phyllotactic angles versus the ground truth is presented in
Fig. 12(d). The Chi-square distances of 𝐷𝑎

𝑔 𝑡, 𝐷𝑚
𝑔 𝑡, and 𝐷𝑚

𝑎 were 46.5,
40.3, and 52.8 respectively.

4. Discussion

In this section, a deep analysis of phenotyping result is presented
from the aspects of semantic segmentation (Section 4.1), topology re-
construction (Section 4.2), and geometry reconstruction (Section 4.3).
Parallel comparisons with existing work on tomato plant phenotyping
are also included to reveal the advantages and limitations of the
proposed work. Finally, general discussions are provided in Section 4.4.

4.1. Semantic segmentation

The stemwork class showed the worst segmentation performance.
This is mainly caused by the unbalanced dataset. As shown in Fig. 13,
the stemwork class only occupies 10.0% of points within the training
set, while the proportion of other bio-structures and soil points sum
up to 86.8%. Since the network employed an average cross entropy as
the loss function, the classes with the most points exerted a relatively
larger influence towards the final loss value than those classes with
the least points. This forced the network to pay more attention to
the segmentation performance of those classes containing most points
during the training. Since this phenomenon commonly exists in the
similar types of datasets, future work can be conducted by introducing
a class-dependent down sampling strategy (Boogaard et al., 2022) to
balance the number of points within each class, from which enhance



B. Xin et al. Computers and Electronics in Agriculture 227 (2024) 109607 
Fig. 12. Distributions of stem internode lengths (a), stem internode diameters (b), branching angles (c), and phyllotactic angles (d) acquired from ground truth measurement (red),
automatic segmentation (green), and manual segmentation (blue).
Fig. 13. The proportion of points within the point cloud dataset for respective classes.

the segmentation performance of the stemwork. The performance of the
following phenotyping process will directly benefit from the increment
of stemwork segmentation accuracy.

Looking at the morphological positions, the top ranks showed the
worst stemwork segmentation performance among all. An important
reason for this is the poor organ separability close to the morphological
top of a plant that gave rise to certain challenges towards the deep
neural network. On the other hand, the poor organ separability led to
relatively larger subjective errors in the manual annotation compared
with other morphological parts, which may also cause certain bias
during the evaluation.

4.2. Topology reconstruction

Compared to the performance achieved with the automatic seg-
mentation, the precision achieved with manual segmentation showed
higher values. This suggests that the segmentation errors exert cer-
tain influence over the topology reconstruction of tomato plant stem-
work. For example, certain false positive reconstructions of secondary
branches was caused by the segmentation errors between the stick and
the stem points. The precision achieved by manual segmentation sug-
gests that the false positive reconstructions can be completely avoided
if the stemwork segmentation is accurate enough.

The top ranks achieved a significantly poor recall. Since the sizes
of organs close to the morphological top of a plant are usually small,
the point cloud resolution – which performed well on the bottom and
12 
the middle ranks – cannot meet the requirement of the top part any-
more. As the separability of nodes becomes poorer, the node detection
algorithm proposed in Section 2.5 was no longer able to successfully
identify the nodes, which resulted in a large number of false negative
secondary branches close to the morphological top of plants. Fur-
ther improvement can be made by employing a dynamic radius when
performing the TreeQSM cylinder reconstruction with cover sets. A
relatively larger radius can be selected to process the point cloud close
to the morphological bottom of the plant to decrease the sensitivity
towards the noise, while a smaller radius can be used to process the
point cloud with higher morphological ranks in order to capture more
details and avoid the false negative reconstructions.

According to the 𝐹1 scores, the topology reconstruction at middle
ranks achieved a better performance compared to the top ranks. Since
TreeQSM pipeline is sensitive towards the quality of stemwork point
cloud, this was mainly caused by the relatively lower noise level at
middle ranks, giving that the 3D segmentation performance at middle
ranks was higher than that at top ranks.

4.3. Geometry reconstruction

Parallel comparison was conducted with respect to four existing
work performing 3D phenotyping for tomato plants with both auto-
matic and manual stemwork segmentation approaches (Rose et al.,
2015; Rossi et al., 2020, 2022; Wang et al., 2022).

4.3.1. Internode length
The performance presented by the middle-rank candidates indicated

relatively smaller rRMSE and larger 𝑅2 values compared to the results
of the top ranks. This was mainly a result of the better topology
reconstruction performance. For the bottom ranks, a potential factor
increasing the internode length estimation errors was the interference
branch removal process. The interference branch removal got rid of cer-
tain bottom-rank side branches that might cause interference towards
the TreeQSM reconstruction (Section 2.3.2). However, the removal of
side branches gave rise to false detection of stem nodes. This led to a
result that the calculated internode lengths at bottom ranks might be
larger than the ground truth values. Future improvement will be con-
ducted by adding a marker at the node where an interference branch is
removed, in order to rectify the bias caused by the interference branch
removal process. Besides, the limitation of the imaging system also con-
tributed to the fluctuations of the evaluation results at bottom ranks. As
mentioned in Section 2.3.2, the stem internodes at bottom ranks might
not be completely visible in the point clouds. There might be a part of
the internode that was buried in the soil, resulting in certain estimated
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internode lengths at bottom ranks to be shorter than the actual values.
However, the manual measurement of internode length was performed
to the complete internode. This introduced certain systematical errors
in the evaluation results. Future work can be conducted to improve
the point cloud acquisition mechanism, which provides point clouds
with a better visibility at the bottom part. Further, the total number
of bottom internode candidates being evaluated was limited, because
there is only one bottom stem internode within each plant (Section 2.7).
The small number of samples may lead to certain fluctuations towards
the evaluation results.

According to Fig. 12(a), the results of internode length calcula-
tions with automatic stemwork segmentation and manual stemwork
segmentation did not indicate a significant difference. However, both
of these results showed large differences compared with the ground
truth distribution. This suggested that the digital reconstruction algo-
rithm was potentially responsible for the bias. The topology evaluation
showed that there are a large number of false negative candidates
close to the morphological top of a plant. This is because a large
number of internode candidates were not successfully reconstructed
in the digital plant model, which causes the bias of internode length
distribution. According to Fig. 12(a), most of the bias in internode
length distribution was caused by the internodes with small lengths.
Since the internode candidates with top ranks generally have smaller
lengths, this provides a further evidence towards the explanation above.

Parallel comparison was performed with an existing work (Wang
et al., 2022) whose MAPE of internode length was 20.6%. Since their
work employed a manual process to segment the stemwork, the com-
parison here is based on the internode estimation results with manual
stemwork segmentation. The proposed work indicated a better per-
formance in the aspect of middle-rank internode length calculation,

hile larger errors were observed with respect to top ranks and bottom
anks. This provides a scope for future improvement of the proposed
henotyping pipeline. However, as an automatic phenotyping pipeline,
he segmentation error is not avoidable. The performance of their
ork with the auto-segmentation error is still unknown. Here, we state

hat the parallel evaluation was performed by directly comparing the
valuation values presented in their article and ours.

4.3.2. Internode diameter
The internode diameter estimation with automatic stemwork seg-

entation generally resulted in a larger error than the manual stem-
ork segmentation. The potential segmentation errors gave rise to two

ffects: (i) the stem internode period is incomplete (false negative);
ii) the points within a stem internode period contain mis-segmented
oints (false positive) from other classes (soil base, stick, and other
io-structures). Both of the above circumstances led to the incorrect
stimations of the fitted cylinder diameters.

The diameter estimation at top ranks showed a larger rRMSE and
maller 𝑅2 compared to other morphological positions. This is caused
y the high requirement of surface coverage when performing Tree-
SM fitting and the low point density at the morphological top of a
lant. On the other hand, the TreeQSM reconstruction algorithm simply
mployed cylinders to approximate the shape of the stem internodes.
owever, the actual shape of an stem internode is an irregular ellip-

ical cylinder as mentioned in Section 2.1.2. This may also lead to
ertain bias in the evaluation results of internode diameters. Future
mprovement of the model reality and reliability can be achieved by
mploying elliptical cylinder models to perform the sub-cylinder fitting
n the TreeQSM algorithm.

According to Fig. 12(b), the estimated internode diameters indicated
much more narrow and concentrated distributions than the ground
truth condition. This suggests that the TreeQSM algorithm tends to use
medium-size sub-cylinders to fit the stemwork point clouds. The intern-
ode diameter distributions from automatic segmentation and manual
egmentation did not indicate a significant difference. This further

emonstrated that the cylinder fitting algorithm (least square) being e

13 
used in TreeQSM might not be perfect, and explains the reason why the
diameter estimation indicated low 𝑅2 values with both automatic and
manual stemwork segmentation. Future work can focus on selecting a
cylinder fitting algorithm with a more robust performance, for example

ANdom SAmple Consensus (RANSAC).

4.3.3. Branching angle
The top-rank presented a worse performance comparing with other

morphological ranks. This is mainly caused by the worse organ sep-
arability at top ranks, giving rise to certain false detection of node
positions. A false node detection resulted in an incorrect orientation
vector, and consequently a less accurate branching angle. Combined
with the segmentation errors, the performance was even worse with the
utomatic stemwork segmentation from the aspects of MAE and rRMSE.
e also noticed that the 𝑅2 values for branching angle estimation were

elatively poor. This suggests that the cylinder fitting algorithm being
sed in the TreeQSM phenotyping pipeline is less accurate in orienta-
ion estimation, especially when dealing with noisy and low-resolution
oint clouds.

According to Fig. 12(c), the distributions of estimated branching
angles do not indicate significant differences compared to the ground
truth, which shows that the proposed phenotyping pipeline is able to
basically describe the variations of branching angles of the tomato
plants.

Apart from these, Rossi et al. (2020, 2022) also measured the
tomato plant branching angle from 3D point clouds with manual
and automatic stemwork segmentation respectively. The definition of
branching angle in these research is given by the angle of petiole
orientation and the vertical axis (which is also known as zenith angle),
which is slightly different from our definition. The rRMSE presented
in Rossi et al. (2020, 2022) were 11.2% and 3.7% respectively, which

as lower than our rRMSE (33.9% and 40.1% respectively). One
f the reasons is that the only factor that influenced the error of
ranching angles in their research was the accuracy of petiole internode
rientation estimation. While in our approach, branching angle refers
o the angle between the petiole orientation and the corresponding stem
nternode orientation. The estimation of the stem internode orientation
lso introduced certain errors, which explains the relatively larger
rror for our pipeline. Another important reason giving rise to the
ifference on phenotyping performance is the quality of the input
ata. In Rossi et al. (2022), the resolution of input point cloud was

4.88μm, while in the proposed work, the point cloud resolution was
1 mm instead. The lower resolution of input point cloud led to a worse
egmentation performance in our work, whose average segmentation
1 score was 0.86 comparing with 0.97 in their work. As a trade off

between accuracy and efficiency, our imaging platform employed a
less complex equipment setup, enabling a point cloud reconstruction of
target plant within 20 μs (Golbach et al., 2016). This ensures the ability
of the proposed pipeline when performing high-throughput plant phe-
notyping. Besides, the acquisition of ground truth data was different
between Rossi et al. (2022) and the proposed work. In Rossi et al.
(2022), ground truth measurements were acquired with an existing
oftware - ImageJ. However, considering its limited performance during
he complex situations and the potential similarity with the proposed
ork in aspect of systematic errors, ground truth data was obtained
ith manual measurements in this paper. Due to the complex structure
ithin the tomato plant canopy, the manual measurements may contain

ertain subjective errors, especially for the angle measurements. This is
lso one of the potential reasons leading to the relatively larger errors
f branching angle estimation within the proposed work. Here, we state
hat the parallel evaluation was performed by directly comparing the
valuation values presented in their article and ours.
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4.3.4. Phyllotactic angle
A main reason giving rise to the phyllotactic angle estimation

rrors was the potential subjective errors when performing the manual
easurements, considering the difficulties when locating the protractor

Fig. 5) within the dense canopy. This can be partially avoided by av-
raging the phyllotactic angle measurements from different operators.
nother reason was the false positive and false negative node detection
esults (Section 3), which led to wrong references when calculating

the phyllotactic angle for a target secondary branch. Combined with
he fact that a poor stemwork segmentation performance may result in
 poor topology reconstruction performance (Section 3), this explains

why the rRSME at top ranks with the automatic stemwork segmentation
were slightly larger than with the manual segmentation. Since the sec-
ndary branches at the bottom rank do not have a reference to calculate
he phyllotactic angle, the performance achieved at the bottom rank is

not presented.
According to Fig. 12(d), there is no significant difference among the

distributions from different source of input, suggesting that the pro-
posed phenotyping pipeline is able to basically describe the variations
of phyllotactic angles of the tomato plants.

4.3.5. Stem length
Compared to the rRMSE of stem length estimation presented in

Wang et al. (2022) (13.9%), our pipeline achieved a higher accuracy.
However, a larger rRMSE was shown compared to Rose et al. (2015)
nd Rossi et al. (2020, 2022), whose rRMSEs were 1.9, 5.7%, and
.1% respectively. Due to the limitation on point cloud resolution,
he separability of branches at the top part of a plant was commonly
oor, which gave rise to a large number of false negatives when

performing branch reconstructions at top regions. Since the stem length
was presented by the distance between the bottom of stem and the root
of top secondary branch, a large number of missing top branches in the
digital plant model led to a relatively smaller stem length estimation
compared with the ground truth measurement. Here, we state that the
parallel evaluation was performed by directly comparing the evaluation
values presented in their article and ours.

4.4. General discussion

As introduced in Section 2.4, TreeQSM algorithm requires a param-
eter proposal process to provide necessary initial values for individual
ypes of parameters. The initialisation process may introduce certain
ubjective factors that influencing the evaluation result. Besides, the
icking of initial values for individual parameters is usually related to
he specific morphological traits of the stemwork. Since plants with
 same cultivar generally indicated similar topological structure and
eometrical parameters, the parameter initialisation process is only
equired when changing to another cultivars. However, this process
ay require the operator to have basic knowledge about plant mor-
hology in order to make a better proposal for parameter values, which
s considered as a potential limitation of the proposed phenotyping
ipeline.

Due to the labour intensive process of manual point cloud annota-
tion and plant traits measurements, the size of the test dataset being
sed in the proposed work was relatively small. The test samples were
onsist of four Merlice plants, four Brioso plants, and two Gardener

Delight plants. Knowing that the morphology of plant stemwork may
ossess a large diversity even within a same variety, a small test dataset
ay give rise to an unbalanced performance during the evaluation
rocess, especially for those statistical evaluation metric (for example,
2). This is also considered as one of the potential limitations of the
roposed work.
14 
5. Conclusions

3D stemwork phenotyping provides a feasible solution towards the
relevant research on plant breeding and crop management. However,
Tree Quantitative Structural Modeling (TreeQSM), as a commonly used
plant phenotyping pipeline, is sensitive towards the quality of the input
stemwork point clouds, which presents a challenge for 3D automatic
acquisition of plant phenotypic traits. To provide valid and high-quality
inputs for the TreeQSM algorithm, this paper proposed a stemwork
refining pipeline containing three main process, i.e. non-replacement
resampling, interference branch removal, and noise removal. The pro-
posed 3D tomato plant stemwork phenotyping pipeline enables a fully
utomatic process in calculating various phenotypic traits at both plant

and internode level, even with point cloud data with relatively low
resolution and signal-noise ratio. The Mean Absolute Errors (rRMSE)
of internode length, internode diameter, leaf branching angle, leaf
phyllotactic angle, and stem length range from 4.8 to 64.4%. An
important reason giving rise to these errors was the sensitivity towards
the noise within the stemwork local reconstruction process. Potential
future improvements can be conducted with respect to the following
wo directions. A learning-based morphology analysis can be employed
o replace the existing method in the TreeQSM algorithm, in order
o enhance the performance of topology reconstruction. Some other
xisting work, for instance Accurate-Detailed Tree modelling (ADTree),
an also be used to improve the digital reconstruction performance. On
he other hand, a further investigation on the potential techniques, for
nstance transfer learning, to enhance the segmentation performance
ith limited training data can also be conducted.
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