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Abstract

mance of all architectures, except for PointNet.

Background: Segmentation of structural parts of 3D models of plants is an important step for plant phenotyping,
especially for monitoring architectural and morphological traits. Current state-of-the art approaches rely on hand-
crafted 3D local features for modeling geometric variations in plant structures. While recent advancements in deep
learning on point clouds have the potential of extracting relevant local and global characteristics, the scarcity of
labeled 3D plant data impedes the exploration of this potential.

Results: We adapted six recent point-based deep learning architectures (PointNet, PointNet++, DGCNN, PointCNN,
ShellNet, RIConv) for segmentation of structural parts of rosebush models. We generated 3D synthetic rosebush mod-
els to provide adequate amount of labeled data for modification and pre-training of these architectures. To evaluate
their performance on real rosebush plants, we used the ROSE-X data set of fully annotated point cloud models. We
provided experiments with and without the incorporation of synthetic data to demonstrate the potential of point-
based deep learning techniques even with limited labeled data of real plants.

Conclusion: The experimental results show that PointNet++ produces the highest segmentation accuracy among
the six point-based deep learning methods. The advantage of PointNet++ is that it provides a flexibility in the scales
of the hierarchical organization of the point cloud data. Pre-training with synthetic 3D models boosted the perfor-
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Background

Automatic plant phenotyping based on computer vision
techniques has become essential for enabling high
throughput experiments in botanical and agricultural
research [1]. While 2D image-based processing facili-
tates high-throughput phenotyping, advances in 3D data
acquisition and modeling provide precise estimation of
traits through full, occlusion-free 3D geometric informa-
tion of plants [2, 3].
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Several measurements related to plant phenotyping
require segmentation of plant parts, such as branches
and individual leaves. Shape-related phenotypical traits
of potted ornamental plants are especially important for
assessing their visual quality [4]. Architectural traits can
be simple, such as the diameters of branches, the num-
ber of internodes and stem length [5]. An extended list
of more complex architectural traits for rosebush plants
is given in [6]. Examples to such traits are number of
axes terminated in a flower bud, number of branching
orders, lengths of axes and branching angles. Estimation
of length, width and area of leaves provides information
for modeling of rose genotypes [7]. In order to automati-
cally extract these phenotypical traits from acquired 3D
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plant data, a necessary step is identifying the structural
category of each 3D point. After stem, flower and leaf
points are identified, further processing can be applied to
determine individual organs, such as individual leaves, to
extract their statistical and geometric characteristics [8].
Stem points can be processed to detect branching points,
which are fundamental for measuring architectural traits
[9].

A large body of research has been conducted in recent
decades for organ segmentation of plants using machine
learning approaches through 2D images and 3D recon-
structions [10—21]. The common practice for segmenta-
tion of 3D models is to extract hand-crafted local surface
features, such as eigenvalues of local covariance matrix
[22] or the second tensor [12], Fast Point Feature Histo-
grams (FPFH) [14, 16, 23, 24], and surface curvature [15].
Local features can as well be extracted from volumetric
representations of plants. Extraction of eigenvalues of
the second-moments tensor of the 3D neighbourhood
[25], a breath-first flood-fill algorithm with a 26-con-
nected neighbourhood [18], extraction of multi-scale
texture and edge features [26] are examples to volumet-
ric approaches. In [16, 22, 24, 26], semantic segmentation
methods are equipped with supervised learning tech-
niques such as Support Vector Machines and Random
Forests. Markov Random Fields (MRF)-based smoothing
over class labels [15, 24] or region growing [16, 23] are
occasionally used to ensure consistency of point labels
within local regions.

Apart from segmentation methods based on local fea-
tures, graph-based approaches involving spectral embed-
ding and clustering [17, 27] can also be effective. Another
strategy is fitting geometric primitives such as ellip-
ses, tubular structures, cylinders or rings to 3D data for
semantic segmentation [11, 13, 28, 29].

Deep learning methods, in contrast to the use of hand-
crafted features, have the advantage of being able to learn
features from raw input data and model the within-class
and between-class variations of the features simultane-
ously. Their application to 2D image-based plant detec-
tion, phenotyping and part-segmentation have been
proven to be successful [30-38]. Despite this trend,
deep learning methods that directly consume 3D point
clouds have not been explored for 3D plant phenotyp-
ing. The main factor that impedes this exploration is
the requirement for large amount of training data and
the lack of large annotated 3D plant data sets [39]. Even
moderate size annotated data sets of full plant models
are not available. As opposed to the speed of acquiring
and annotating 2D images, the procedures for 3D model
reconstruction and annotation of real plants are time-
demanding and error-prone.

Page 2 of 23

A strategy to reduce this time consuming step is using
synthetic data generated with their associated ground
truth. This approach has been extensively used in plant
phenotyping with 2D images [40—43, 43—47]. Incorpora-
tion of synthetic plants through generative models such
as Lindenmayer systems (L-systems) [48, 49] into train-
ing data is effective with 2D plant phenotyping [50]. The
same scheme of creating synthetic 3D plant models can
be applied to supply sufficient training data to machine
learning frameworks [39].

Virtual plant modeling has been used in agricultural
and plant sciences to simulate plant behaviour and ana-
lyze interactions of the plants with their environment
[51-53]. Examples to platforms that constructs virtual
plant models are L4+C modelling language [54, 55] and
L-Py framework [56], both of which are based on the for-
malism of L-systems [48]. Despite the availability of such
platforms capable of generating synthetic plants with
complex architectures, employing them as 3D training
data in the form of point clouds for plant phenotyping is
not yet practiced.

Research on deep learning methods that directly con-
sume 3D points clouds as input data exploded since the
publication of the pioneering work of Qi et al. [57], intro-
ducing the PointNet [58—60]. Guo et al. [58] provide a
recent and comprehensive review on deep learning for
point clouds. For semantic part segmentation application
only, Guo et al. [58] compare 30 point-based architec-
tures that have been developed since 2017. It is beyond
the scope of this paper to mention all these architectures
here. The benchmarks with which these architectures are
commonly tested are data sets including indoor scenes
(S3DIS [61], ScanNet [62]) or outdoor urban scenes
(Semantic3D [63], Semantic KITTI [64, 65]).

Despite the fast progress in research on point-based
3D deep learning techniques, their application on plant
sciences and agriculture is limited to very few stud-
ies. For example, Wu et al. [66] modified the PointNet
architecture for separating foliage and woody compo-
nents in terrestrial laser scanning data. In [67], Point-
Net was used to estimate the proper grasping pose of
apples for autonomous harvesting. In some studies
aiming part segmentation of 3D plant models, Con-
volutional Neural Networks (CNN) were applied to
2D multi-view images and the inferences were back-
projected to 3D for post-processing [68, 69]. In [70] a
voxel-based convolutional neural network (VCNN)
was designed for maize stem and leaf classification
and segmentation. The point clouds were converted to
volumetric models before being processed. The authors
briefly compared their method to PointNet and Point-
Net++ in terms of segmentation accuracy. To the
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best of our knowledge, this is the only work where the
authors reported part segmentation results on 3D plant
models using point-based deep learning architectures.

Exploration of the performance of recent deep learn-
ing techniques on 3D plant phenotyping is imperative
since these approaches have the promise of simultane-
ous extraction of relevant information from the data
at various scales and learning to design classifiers that
model the variability in the data. They have been proven
to outperform classical machine learning methods that
rely on hand-crafted features. However, the recently
developed 3D point-based deep learning architectures
have not previously been analyzed for their suitability
for organ segmentation of full 3D plant models.

The objective of this work is to address this lack of
analysis and to provide a benchmark for application
of 3D point-based deep learning methods to plant
part segmentation. The target data set is the recently
introduced ROSE-X data set, which includes eleven
3D models of real rosebush models obtained through
X-ray imaging [26]. The models are fully annotated
with three semantic labels: (1) Flower, (2) Leaf, and (3)
Stem (branches and petioles). As baseline methods, six
recent 3D point-based deep learning architectures were
modified with the help of synthetic models and evalu-
ated for the segmentation of real rosebush plants to
their structural parts.

We used a simulator based on L-networks in order
to generate 3D synthetic rosebush (Rosa x hybrida)
models. Although 3D synthetic plant models were pre-
viously utilized for rendering 2D images for 2D deep
learning methods, to the best of our knowledge, they
were not previously used in full 3D form for directly
enriching the 3D training data for deep learning. In
addition to providing a first exploration of the potential
of various 3D point-based deep networks for plant phe-
notyping, this work also presents a first investigation of
the contribution of 3D synthetic models for modifying
and training such networks. This investigation is par-
ticularly important for addressing the challenge of lim-
ited labeled 3D plant data.

In summary, the contributions of this work are

« a first analysis of the performance of various 3D
point-based deep learning techniques on segmen-
tation of structural parts of full 3D models of real
plants;

« employment of synthetic 3D plant models for
adapting and training 3D point-based deep learning
networks;

+ a benchmark for future developments of 3D point-
based architectures targeting 3D plant phenotyp-

ing.
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Methods

We address the application of 3D point-based deep
learning segmentation methods to the specific problem
of segmentation of 3D plant models to their structural
parts. We considered six such architectures for adapta-
tion to the problem and compared their shortcomings
and strengths. The architectures are (1) PointNet [57], (2)
PointNet++ [71], (3) Dynamic Graph CNN (DGCNN)
[72], (4) PointCNN [73], (5) ShellNet [74], and (6) RIConv
[75]. We employed the recently introduced ROSE-X data
set [26], which includes eleven 3D models of real rose-
bush plants to train and evaluate the networks. The data
set is accompanied with ground truth information in the
form of point-level labels of the plant shoot correspond-
ing to three classes: (1) Flower, (2) Leaf, and (3) Stem
(branches and petioles).

In order to explore the contribution of using synthetic
data for modifying and training the networks, we cre-
ated a data set consisting of 48 synthetic rosebush (Rosa
x hybrida) models. The models were generated by a sim-
ulator developed by Favre et al. [76]. The simulator was
implemented with L-studio software [55] based on L-sys-
tems. The point clouds extracted from the synthetic data
are used to modify and pre-train the networks. Using
transfer learning [77], the networks are updated using the
training set of point clouds of the ROSE-X data set. The
results on the test models from the ROSE-X were com-
pared with those of the default networks trained without
the use of the synthetic data.

Data sets

In this study, we utilized two sets of 3D models of rose-
bush plants. The first set is the ROSE-X data set, which is
composed of 11 fully annotated 3D models of real rose-
bush plants acquired through X-ray scanning. The sec-
ond is the set of synthetic rosebush models which were
generated using the L-studio-based simulator developed
by Favre et al. [76]. The details of the data sets are pro-
vided in the following subsections. The ROSE-X data set
is open to public use at [78].

ROSE-X data set

The models in the ROSE-X data set were acquired from
real rosebush plants using a 3D X-ray imaging sys-
tem. The volumetric models were fully annotated with
manual supervision and then converted to 3D point
clouds. The details of the procedure for annotation and
the data structure can be found in [26]. Each point in a
point cloud belongs to one of three organ classes: Leaf,
stem, and flower. The petioles between leaflets were also
labeled as stem, since they have branch-like structures
and their inclusion to the architecture of branches is
important for further analysis.
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Table 1 Distribution of classes in 3D rosebush point clouds (%)

Leaf Stem Flower
ROSE-X training models 84.56 10.63 481
ROSE-X test models 81.00 11.51 749
Synthetic models for training 65.80 17.95 16.25
Synthetic models for validation 66.84 17.14 16.02

In most 3D phenotyping experiments, especially for
plants of complex architecture, the number of annotated
3D models will be limited. Thus, we set the number of
real rosebush plants reserved for training as three. The
distribution of points to the three classes for these mod-
els is given in Table 1.

Although the data size in terms of the number of real
plants is limited, the plants in the data set are of moder-
ately large ones (30 to 50cm in height) and possess com-
plex architectures with significant variations of the shape
and organization of organs within a plant. Furthermore,
the plant data is partitioned into blocks each of which is
separately processed by the deep learning architectures.
The point density of the 3D models allows sampling
of 4096 points in each block. From the three rosebush
plants reserved for training and validation, we extracted
251 blocks, leading to a moderate amount of data for the
purposes of training a machine learning algorithm. For
the eight real plants reserved for testing, the number of
blocks is even higher (525 blocks) allowing a reliable per-
formance assessment of the deep learning architectures.

Synthetic rosebush models

To create synthetic rosebush (Rosa x hybrida) models,
we used a simulation procedure originally developed by
Favre et al. [76], and updated in [79]. The procedure was
implemented with the L-studio software [55], which pro-
vides a modular framework for plant development based
on the literature on parametric L-systems [48, 80]. This
framework makes it possible to integrate measurable
characteristics associated with individual modules of spe-
cific plant species [81]. For the synthetic rosebush model
of Favre et al. [76], such characteristics were derived from
observations on real plants. Morphometric measure-
ments (i.e. diameter and length of organs), architectural
structures (i.e. leaf formation order) and physiological
data were analyzed and integrated into the model. The
simulation model of Favre et al. [76] was further updated
in [79] with three core architectural parameters: (1) the
number of axes; (2) their location or topology; and (3)
their morphologic type (short or long), determined from
a five-months old crop of pot plants cultivated in a green-
house under controlled non-restrictive conditions [82].
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Using this simulation procedure, we generated 48 dif-
ferent rosebush models in the form of triangle meshes.
The triangle mesh and the point cloud of a sample syn-
thetic rosebush model are given in Fig. 1. Each trian-
gle in a model is inherently classified into one of seven
organs: Leaflet, petiole, stem, stipule, petal, sepal, and
receptacle (Fig. 1a). Since the ROSE-X labels are not
as fine-grained, the petiole, stem and stipule classes
were merged together to form the stem class and the
sepal, petal and receptacle classes were merged into
the flower class after converting the mesh model into a
point cloud (Fig. 1b).

In order to generate point clouds from these trian-
gle mesh models, we homogeneously sampled points
from the triangular surfaces. A point cloud is a set of
3D points P = {p1,p3,...pn}, where each point p; € P
is represented with the point’s coordinates (x, y, z) in
the 3D space. N is the number of points in the P, and
it defines the size of the point cloud. The sampling rate
was set to 120 points per square unit resulting in point
clouds of size of 150,000 to 300,000 points per plant.
The dimensions of synthetic models in x—, y— and z—
axes are in the range of 30 to 50 cm, in accordance to
the scale of the real rosebush models.

(b)

Fig. 1 Synthetic plant as a triangle mesh model (a) and the
corresponding sampled point cloud (b)
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For each of the deep learning architectures explored in
this paper, we applied many modifications to their default
parameters in order to adapt them to segmentation of
plants. We modified these parameters experimentally by
dividing the synthetic rosebush data into a training and
validation set. From the 48 synthetic rosebush models, 8
plants were randomly selected and reserved for valida-
tion. The rest of the point clouds are used for training the
networks. Similar to the plants in ROSE-X dataset, the
synthetic plants are processed through block partition-
ing. For the total number of blocks extracted from the
two sets, please see the Results section.

Data preprocessing

The point-based deep learning architectures accept fixed-
size data as input. Feeding the entire rosebush model to
the networks requires a large sub-sampling rate resulting
in a significant loss of geometric information. Therefore,
we follow the strategy commonly used with point-based
deep learning methods to handle large-scale point clouds
[73]: We partition a rosebush point cloud into fixed-size
cubic blocks, each of which is then processed as an inde-
pendent point cloud by the deep neural networks. The
block size in terms of edge length is set as 10 cm through
experimentation with the synthetic data set. The net-
works are trained to segment the organs present in these
blocks. At the inference phase, an input plant model
is partitioned into blocks, and the predictions from the
blocks are combined to obtain a full segmentation.

In general, the choice of the block size depends on the
resolution of the input point cloud. A large cube size will
correspond to loss of detail due to subsampling to attain
a fixed number of points and a smaller cube will reduce
contextual information among semantic parts. Starting
from a block size that results in an adequate resolution
of the organ surfaces and that covers multiple organs,
we varied the block size to increase the performance on
the validation set. In our experiments, we found that the
performance margin was around 3% for the networks, by
halving or doubling the initial size.

The points in a block should be sampled such that each
block includes a fixed number N of points (N is 4096
for the architectures used in this study). We followed a
semi-random sampling strategy in order to ensure that
the sampled points are distributed in a homogeneous
fashion and structures possessing fewer points (like thin
branches) are not lost. If there are less than 10% of N
points in a block, the block is discarded and the points
in this block are included to a neighboring block. Then,
the distribution of the points in each block is analyzed
through partitioning the block into voxels with fixed grid
size (0.2 cm in this work). The average of the number of
points in the voxels is calculated. For voxels that have
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points fewer than the average value, the number of points
they contain is increased to the average value by adding
copies of the points to the data. Finally, if the points in
the block are higher than the allowed number of points,
mutually exclusive subsets of N points are selected ran-
domly to form multiple blocks representing the same
region. Finally, the blocks with number of points less
than N are populated through random point repetition
before the training phase.

To enrich the training data, block partitioning is per-
formed with two different offset values (0 and 5 ¢m) for
each training plant model, keeping the block size fixed. In
this way, two sets of blocks containing different data from
each model are created, providing additional input train-
ing data for the networks.

For segmentation of a new test point cloud, two offset
values are used during block partitioning and the blocks
of the two sets are fed into the network. As a result, for
each point in the point cloud, two sets of probability
scores for the part classes are obtained. The class with the
highest probability score is assigned to the point.

3D point-based deep learning architectures

We considered six different 3D point-based deep learn-
ing architectures for the problem of part segmentation of
rosebush models: (1) PointNet [57], (2) PointNet++ [71],
(3) Dynamic Graph CNN (DGCNN) [72], (4) PointCNN
[73], (5) ShellNet [74], and (6) RIConv [75]. As will be
described in detail in Results section, we performed vari-
ous experiments involving real and synthetic models. We
performed extensive experiments with synthetic data
alone to modify the architectures in terms of the num-
ber of layers, the number of feature channels in the lay-
ers, neighborhood sizes, point sampling rates in local
neighborhoods, and other hyper-parameters. The final
modifications on these parameters correspond to the
best-performing settings on the validation set of the syn-
thetic data. The weights of the modified and pre-trained
networks are then fine-tuned with real rosebush data.
The validation set of real data was instrumental for decid-
ing which weights will be updated during retraining. For
the experiments where we excluded synthetic data and
used only real models for training, we kept the default
settings of the architectures.

In the following subsections, we briefly describe the
key approaches of these architectures to the problem of
encoding local geometric structure of 3D point clouds.
We present the parameters of the architectures that
yielded the best performance in the validation set of the
synthetic data. For the default structures of the archi-
tectures and for other details, please refer to the original
articles.
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PointNet

PointNet architecture [57] is the first deep neural net-
work architecture that directly accepts a point cloud as
input. It uplifts the (x, y, z) coordinates of each 3D point
separately to high-dimensional features through Multi-
layer Perceptrons (MLP) with shared weights. A single
maximum pooling operation is applied to summarize
all the point features followed by fully-connected (FC)
MLPs. The result is a single global feature vector describ-
ing the input point cloud. This feature vector is concat-
enated to individual point-based features to be processed
by successive layers. Weight-shared MLP layers are
applied to the concatenated features to extract the class
scores for each point.

As with other architectures, we modified the default
PointNet architecture using the synthetic rosebush mod-
els. We inserted an additional FC layer after max-pooling.
An additional MLP layer was inserted after the global and
point-wise features were concatenated. The number of
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channels at various layers were also altered. The modified
PointNet architecture for segmentation is given in Fig. 2.

PointNet processes each point in an isolated manner
upto the max-pooling operation, which generates a global
feature vector. The final predictions heavily depend on
the locations of the points rather than the local geomet-
ric organization around them. There are no connections
in the architecture to relate points in close proximity to
each other in the Euclidean space.

PointNet++

PointNet++ architecture [71] was devised to summarize
point-based features in different local scales instead of on
the global level. The input point cloud is partitioned into
overlapping local regions, and the PointNet is applied
to these regions resulting in feature vectors capturing
geometric details of local neighbourhoods. Grouping
and feature extraction are performed in a hierarchical
manner.
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PointNet++ architecture incorporates two types
of layers: (1) Set abstraction layer (SA) and (2) Fea-
ture propagation layer (FP). SA layer consists of two
phases: sampling and grouping. In the sampling phase,
P representative points are selected using farthest point
sampling algorithm. In the grouping phase, a local neigh-
borhood of fixed radius R is formed around each repre-
sentative point, resulting in overlapping local groups. In
this neighborhood, M points are randomly selected to
form a group. PointNet is applied individually to each
group to extract features summarized over all the points
in the group. FP layers are responsible to propagate the
group-based feature vectors to the original points in the
input point cloud. The propagation of features to a point
is performed via interpolation from the features of its
closest neighbours. By combining the interpolated and
existing features of SA phase, PointNet architecture is
used to update the features of each point.

In Fig. 3, the modified PointNet++ architecture for
segmentation of rosebush point clouds is given. We
increased the number of SA and FP layers from 4 to 5,
adjusting the radius of the local regions (R) and the num-
ber of sampled points (P) at each layer to improve the
performance on our plant models. We also altered the
number of channels of MLPs within the SA and FP layers.

DGCNN

Dynamic Graph CNN (DGCNN) architecture [72] was
designed to integrate local neighborhood information of
3D points directly into the network, rather than a sepa-
rate grouping process as done in PointNet++. The local
neighbourhood of a point is represented with a graph
structure. A neural network module called EdgeConv is
applied to extract edge features to encode the spatial rela-
tionship between a point and its K neighbours. The edge
features are extracted through MLPs applied to edge rep-
resentations instead of point locations.
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Unlike the CNN structures used in regular grids, fixed
graphs are not used. The graphs are updated since the K
nearest neighborhoods of the point-wise features change
at each layer. Only in the first layer, geometrical proximity
between nearest points are considered. In the following
layers, edge representations are formed between nearest
neighbours that are close in the feature space. That might
be an advantage in terms of diffusing the information
with respect to the proximity in the feature space; how-
ever, a multi-scale hierarchical local spatial grouping is
not present in DGCNN. The local geometric structure is
only captured at a very localized level; i.e. only within the
nearest neighbours of a point.

The modified DGCNN architecture for segmentation is
given in Fig. 4. We reduced the number of EdgeConv lay-
ers from three to two and altered the number of channels
in MLPs. We increased the number of nearest neighbors
K used to form edge representations in spatial and fea-
ture space from 20 to 32.

PointCNN

A convolution operator that weights the features of
the neighbours of a point has been introduced with
PointCNN architecture [73]. In this convolution process
defined as X-Conv, a K x K-sized transformation matrix
is predicted for K adjacent points with multi-layer per-
ceptrons. Typical convolution layers are then applied to
the transformed features. To define larger receptive fields
for convolution, representative points are generated
by farthest point sampling, and features resulting from
X-conv are aggregated onto these representative points.
By dilating points by a factor and hierarchically applying
X-conv, point features are aggregated into fewer points,
representing larger spatial areas. For segmentation,
point-based features are processed through an encoder-
decoder structure.
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In Fig. 5, the PointCNN architecture is shown. K cor-
responds to the number of nearest neighbours that are
used in convolution. P indicates the number of sampled
points, and D is the point dilation rate. The default val-
ues of these parameters yielded the best performance

for the synthetic validation data. We inserted an addi-
tional fully connected layer and modified the number of
channels in the fully connected layers prior to obtain-
ing point-wise class scores.
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ShellNet
The ShellConv convolution operator, introduced with
the ShellNet architecture [74], is applied to areas within
the concentric shells of the local neighbourhood of a
3D point. The size of the sphere is increased until fixed
number of points are included in each shell. Descriptive
features are extracted for each shell using statistical infor-
mation of the points within the shell. Since a sequence
of convolution was defined outwards from starting
the inner shell, the output of the convolution became
relatively independent of the ordering of the points. To
remove the dependency on the order of points within
each shell, maximum pooling is applied to the point-wise
features in the shell. ShellConv is applied hierarchically
by sub-sampling the points to representative points, thus
operating on larger receptive fields at subsequent layers.
The modified ShellNet architecture for segmentation
is given in Fig. 6. Using the synthetic data, we tuned the
parameters P and D, corresponding to the number of
sampled points in the neighborhood and the number of
shells, respectively. The number of nearest neighbours
(K) that are used in convolution was kept at its default
value. We also altered the number of channels in the
fully connected layers prior to obtaining point-wise class
scores.

RiConv

Many 3D deep learning architectures rely on the raw
3D coordinates of the input points, hence are inherently
dependent on pose variations of objects in the scene. To
provide some form of rotation-invariance, data augmen-
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called RIConv is proposed in [75]. The main idea is to
define the convolution process on rotation-invariant fea-
tures such as angle and distance between points, rather
than the raw 3D coordinates. The learned model is effec-
tive against transformations such as translation and rota-
tion in 6-axis space. A simple binning approach for the
point permutation problem is integrated into the fea-
ture extraction process. The disadvantage of aggregating
distances and angles is the loss of geometric data; since
two different constellations of 3D points can result in the
same rotation-invariant features.

The encoder-decoder architectural structure of RIConv
for segmentation is given in Fig. 7. K corresponds to the
number of nearest neighbours that are used in convolu-
tion. P indicates the number of sampled points, and D is
the number of bins. As with ShellNet, these parameters
are tuned through synthetic rosebush data for RIConv,
and the number of channels at the final fully-connected
layers are altered for higher performance.

Results

We adapted and tested six 3D point-based deep learn-
ing architectures for segmentation of rosebush models
to their structural parts. We used recall (Re), precision
(Pr) and Intersection over Union (IoU) to evaluate the
success of each architecture. We denote the number
of true positives, false positives and false negatives for
each class as TPc, FPc, and FNc, respectively, where
C € {Flower, Leaf, Stem} is the class of the structural part
of a rosebush. Recall (Re), precision (Pr) and Intersection
over Union (IoU) per semantic class are then defined as

tation with rotated versions of the point clouds is applied. TPc
However, the networks cannot model unseen rotations. €= (1)
. . . . TPc + FN¢
To ensure rotation invariance, a new convolution process
ShellConv ShellConv ShellConv
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Fig. 6 Modified ShellNet architecture
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We also use the mean of the IoU scores over all three
classes (MIoU) and the total accuracy (Acc). Acc is
defined as the ratio of all correctly classified points to the
total number of points in the model.

Using the synthetic data generated by L-studio and
the real rosebush models from ROSE-X data set, we
conducted seven types of experiments with each point-
based deep learning algorithm:

« Single real rosebush model for training (I): We used
a single plant model from the ROSE-X data set of
real rosebush models for training the networks.
96 blocks were extracted from the point cloud to
provide training data. 20% of the blocks were used
as the validation set. The corresponding networks
trained using one real rosebush plant are called as
I-trained networks.

o Two real rosebush models for training (II): In this
experiment, 159 blocks extracted from two real
rosebush models are used as training data, where
20% of the blocks are reserved for validation. The
corresponding networks trained using two real
rosebush models are called as II-trained networks.

o Three real rosebush models for training (1Il): In this
experiment, 251 blocks extracted from three real
rosebush point clouds are used as training data,
where 20% of the blocks are reserved for validation.
The corresponding networks trained using three

real rosebush plant are called as III-trained net-
works.

o Synthetic data for training (S): 40 of the 48 of the syn-
thetic models generated by L-studio are used as train-
ing data. 8 models are reserved for validation. Using
the results on the validation models, the parameters
of each architecture are optimized. The correspond-
ing trained networks are denoted as S-trained net-
works.

o S-trained networks updated with single real rosebush
model (S+1): The S-networks, which are initially
trained and optimized with synthetic data, are re-
trained using the blocks extracted from a single real
rosebush model. We call these updated networks
S+I-trained networks.

o S-trained networks updated with two real rosebush
models (S+I1I): In this experiment, the S-networks are
re-trained using the blocks extracted from two real
rosebush models. We call these updated networks
S+II-trained networks.

o S-trained networks updated with three real rosebush
models (S+III): In this experiment, the S-networks
are re-trained using the blocks extracted from three
real rosebush models. We call these updated net-
works S+I1I-trained networks.

Table 2 gives the total number of training and validation
blocks extracted from the synthetic and real rosebush
models. Recall that the point cloud sampled from each
block is treated independently by the networks. The 48
synthetic plants are partitioned such that blocks from
40 plant models are used for training and blocks from
8 plant models are used for validation. The training and
validation sets of the synthetic data is used extensively




Turgut et al. Plant Methods (2022) 18:20

Table 2 Number of training and validation blocks used in the
experiments

Data # blocks for # blocks for
training validation
S Synthetic 3026 511
| Real 80 19
Il Real 127 32
Il Real 201 50

Table 3 Hyper-parameters used to train the networks

Learning rate Batch Decay step/rate Weight decay

PointNet 0.001 48 30000/0.8 0.005
PointNet++  0.005 12 200000/0.7 None
DGCNN 0.005 12 200000/0.5 None
PointCNN 0.005 8 10000/0.8 Te-8
ShellNet 0.005 12 5000/0.8 Te-8
RIConv 0.005 12 10000/0.8 Te-6

to modify the networks, to determine hyper-parameters
of the networks and other parameters such as block and
grid sizes. For the real plant models from the ROSE-X
data set, 20% of the blocks are randomly chosen for vali-
dation from the full set of blocks reserved for training.
This validation set of the real data is used to set experi-
mentally the layers for which the weights will be updated
during transfer learning [77].

For the experiments where synthetic data is not
involved (I, II, and III) the default settings of the archi-
tectures (such as number of features extracted at each
layer) are left unchanged. For details of the default set-
tings, please refer to the original articles introducing the
architectures.
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For the experiments where synthetic data is used to
pre-train the modified architectures (S+I, S+II, and
S+1I1I), the training stopped after 250 epochs. Similarly,
while retraining with real data, the training stopped after
250 epochs. For all cases, the weights of the last epoch
are preserved for testing.

The hyper-parameters of the networks determined
using the synthetic data are given in Table 3.

Table 4 gives the segmentation results of the S-trained
networks on the 8 synthetic validation models. Point-
Net++, DGCNN, ShellNet and PointCNN were able
to produce performance success over 90% for all meas-
ures. For the synthetic models, local geometric variations
at the organ level (e.g. leaf shape, branch thickness) are
limited to the variations imposed by the generation rules
of the simulator. Hence, the networks were easily able to
model the geometric characteristics that distinguish the
three organs. PointNet produced an MIoU below 60%
due to its inability to encode geometric information at
various scales.

For the rest of the experiments, the networks are tested
on the point clouds extracted from 8 real rosebush mod-
els from the ROSE-X data set through block partitioning.
The predictions on the blocks are merged to obtain the
final segmentation of the full plant models as described
in the section for data preprocessing.

In Fig. 8, we visualized the segmentation results on a
sample real rosebush model obtained with III-trained
networks; i.e. only three real rosebush models were used
for training. In Fig. 9, the segmentation results on the
same test model with S+III-trained networks are given.

Table 5 gives the segmentation results obtained with
PointNet on the real test plants. Columns in Table 5
correspond to the segmentation results of the seven
types of experiments. The results correspond to the
performance values averaged over 8 models. Despite

Table 4 Segmentation results on the validation set of the 8 synthetic rosebush models. 40 synthetic rosebush models were used to

train the networks

PointNet PointNet++ DGCNN ShellNet PointCNN RiConv
Re Flower 64.85 99.48 99.21 99.64 99.71 97.29
Leaf 95,28 9843 99.59 99.54 99.56 97.98
Stem 45.16 97.82 97.36 96.87 98.23 78.71
Pr Flower 88.19 99.78 99.68 99.59 99.59 98.57
Leaf 8142 99.39 99.28 99.20 99.56 94.28
Stem 7739 94.04 98.15 98.22 9832 91.60
loU Flower 59.67 99.26 98.90 99.24 99.30 95.94
Leaf 7827 97.84 98.87 98.74 99.13 9248
Stem 39.90 92.11 95.60 95.19 96.61 7341
MioU 59.28 96.40 97.79 97.73 98.35 87.28
Acc 81.82 98.50 99.15 99.10 99.36 94.57
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(f) ShellNet (g) RIConv

Fig. 8 A real rosebush model segmented with the networks trained with with three real rosebush models (Ill)
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(f) ShellNet (g) RIConv

Fig. 9 A real rosebush model segmented with the networks trained with synthetic models and updated with three real rosebush models (S+IIl)
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Table 5 Segmentation results on 8 real rosebush models from ROSE-X data set with PointNet
PointNet | Il ] S S+1 S+l S+
Re Flower 10.50 11.92 19.18 2044 14.79 13.85 845
Leaf 94.77 97.77 97.55 96.52 9043 94.63 96.18
Stem 547 2.30 3.15 220 9.21 7.25 8.62
Pr Flower 2743 34.67 40.35 41.61 3148 34.95 41.24
Leaf 81.77 82.05 82.62 82.52 82.18 8252 82.06
Stem 19.33 29.13 45.07 159 1441 20.16 28.07
loU Flower 8.22 9.73 14.94 15.88 11.19 11.01 7.54
Leaf 7823 80.54 80.94 80.14 75.60 78.83 79.48
Stem 446 218 3.03 1.99 595 5.63 7.06
MioU 30.30 30.82 3297 32.66 3092 31.83 31.36
Acc 7817 80.35 80.81 79.96 7541 7852 79.53

the increase in the training data and the incorpora-
tion of synthetic data, the segmentation performance
of PointNet is low, especially for the flower and stem
parts. Not being able to capture the distinguishing geo-
metrical structures of the parts, PointNet seems to
favor the leaf class due to the imbalance in the training
data (Fig. 8b).

The segmentation results of 8 test real rosebush mod-
els yielded by PointNet++ with seven experimental
setups are given in Table 6. The increase of the training
data from a single rosebush model to two and then three
models led to an increase in the performance, especially
for the stem class. The use of synthetic data alone for
training was not effective; however when the network
pre-trained with synthetic data was updated with real
rosebush models the performance was improved. The
results with PointNet++ are promising with an accu-
racy rate over 95% and a mean IoU rate over 85%. The
main sources of errors are the confusion between stems
and thick parts of flowers (Fig. 10a), between leaves and

petals of flowers (Fig. 10b), and between petioles and
leaves (Fig. 10c, 10d).

The effect of using synthetic data on the segmentation
results is even more pronounced for DGCNN (Table 7),
PointCNN (Table 8), and ShellNet (Table 9). Rather than
training a network with real data from scratch (as in the
cases of I, II, and III), using the real data to fine-tune a
network trained by synthetic data (as in the cases of S+I,
S+II, and S+III) boosts the performance, especially for
the stem and flower classes.

We can observe from Fig. 8d that with DGCNN, parts
of main stems were classified as leaves and the flower
class is not retrieved at all (27.94% and 7.12% recall rates
for the flower and stem classes, respectively, in Table 7).
We conjecture that DGCNN is only encoding the geo-
metric structure at the very local level; the spatial recep-
tive field was limited to the K-neighbours of each point
in 3D. The data imbalance in the training data in favor
of leaves limited the capacity of DGCNN to learn fea-
tures from stem and flower regions. The effect of data

Table 6 Segmentation results on 8 real rosebush models from ROSE-X data set with PointNet++

PointNet+-+ ! ] 1] S S+I1 S+ S+
Re Flower 69.98 68.79 81.24 97.02 7513 73.70 85.39
Leaf 98.02 98.28 97.67 28.72 98.10 98.71 98.71
Stem 7873 85.75 87.55 4881 84.57 87.73 89.03
Pr Flower 87.80 95.10 87.30 10.60 84.26 91.61 91.57
Leaf 9542 96.12 97.27 96.01 96.39 96.55 97.58
Stem 83.73 83.89 86.20 78.09 89.47 90.48 9252
loU Flower 63.78 66.44 72.72 10.57 65.88 69.04 79.17
Leaf 93.62 94.53 95.07 2838 94.62 9535 96.36
Stem 68.29 7363 76.79 4293 7691 80.32 83.05
MioU 75.23 78.20 81.53 27.29 79.14 81.57 86.19

Acc 93.70 94.63 95.28 36.15 94.82 95.58 96.60
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BALLLRAN -\E'n.l.i
(c)
Fig. 10 Examples to erroneous segmentation results produced by PointNet-++ (S+I1)
Table 7 Segmentation results on 8 real rosebush models from ROSE-X data set with DGCNN
DGCNN | Il 1] S S+1 S+ S+
Re Flower 5.62 29.85 7.12 79.65 24.36 34.83 59.16
Leaf 97.85 95.93 98.58 84.27 95.91 97.45 98.20
Stem 9.68 28.59 27.94 49.05 46.81 7344 67.35
Pr Flower 22.67 54.80 75.96 4246 37.51 7546 79.71
Leaf 8234 86.80 84.60 92.26 88.05 92.71 93.27
Stem 5897 51.36 6542 47.21 77.97 74.16 84.65
loU Flower 4.72 23.95 6.96 3830 17.33 31.28 5142
Leaf 80.88 83.72 83.57 78.71 84.87 90.51 91.71
Stem 9.07 2250 24.34 31.68 41.35 5848 60.02
MioU 31.56 43.39 3829 49.56 47.85 60.09 67.72
Acc 80.79 83.23 83.59 79.87 84.90 90.00 91.73
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imbalance was alleviated with incorporating synthetic
data in training data as seen in Fig. 9d. DGCNN was able
to capture branch and flower structures with pre-training
with synthetic models.

Despite the incorporation of synthetic data, DGCNN’s
performance lacks behind PointNet++, PointCNN,
and ShellNet. These three architectures, in contrast to
DGCNN, have the capacity to increase the size of the spa-
tial receptive fields through successive re-grouping and
feature aggregation. Examples to erroneous segmentation
results produced by DGCNN are visualized in Fig. 11.
Classifying petioles as leaves (Fig. 11a) is a common error
for all architectures, however it occurs more frequently
with DGCNN. Confusion between leaves and flowers are
present (Fig. 11b). Surfaces of main stems can be classi-
fied as leaf points (Fig. 11c). In some cases, boundaries of
leaves are assigned to the stem class (Fig. 11d).
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The second best results after PointNet++ were
obtained with PointCNN (Table 8). Examples to erro-
nous segmentation results produced by PointCNN are
shown in Fig. 12. We observe petioles classified as leaves
(Fig. 12a and 12 d), and elongated and thick leaves clas-
sified as flowers (Fig. 12b). There is also confusion
between leaves and petals (Fig. 12¢). In some cases, main
stem points close to leaves are classified as leaf points
(Fig. 12d).

The quantitative performance results obtained with
ShellNet architecture (Table 9) are close to those of
PointCNN. They use similar strategies to group local
points; they both recursively sub-sample the point cloud
through selecting representative points and aggregate
features from the closest neighbours of these representa-
tives. In PointCNN, however, aggregation through con-
volution is performed through a predicted ordering of all

Fig. 11 Examples to erroneous segmentation results produced by DGCNN (S+I11)
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Table 8 Segmentation results on 8 real rosebush models from ROSE-X data set with PointCNN

PointCNN | ] 1] S S+I1 S+ S+
Re Flower 540 2349 5255 97.04 72.90 7552 68.21
Leaf 99.18 99.00 99.18 59.04 97.75 97.86 9841
Stem 34.06 66.46 7239 46.53 48.08 72.79 75.77
Pr Flower 80.53 92.07 90.32 19.94 75.83 79.56 84.35
Leaf 84.85 89.85 92.87 95.81 91.80 95.06 94.83
Stem 81.31 86.55 91.21 3933 84.56 88.14 88.23
loU Flower 533 23.03 49.76 19.82 59.15 63.25 60.55
Leaf 84.25 89.04 92.16 57.55 89.90 93.12 93.40
Stem 31.58 60.24 67.67 27.09 44.20 66.30 68.81
MloU 40.39 5744 69.86 34.82 64.42 74.22 74.26
Acc 84.65 89.60 92.60 60.45 90.17 93.30 93.54

(c) (d)

Fig. 12 Examples to erroneous segmentation results produced by PointCNN (S—+I11)




Turgut et al. Plant Methods (2022) 18:20 Page 18 of 23
Table 9 Segmentation results on 8 real rosebush models from ROSE-X data set with ShellNet
ShellNet 1 Il 11l S S+1 S+l S+l
Re Flower 48.62 44.32 51.54 97.27 68.13 5112 58.95
Leaf 96.52 97.39 98.09 66.19 95.74 98.62 98.62
Stem 30.83 54.11 59.87 41.85 5817 66.79 7348
Pr Flower 64.54 8261 85.05 20.06 74.14 87.63 91.26
Leaf 87.85 90.35 91.46 94.40 92.59 92.24 93.38
Stem 66.20 71.80 80.24 70.06 71.54 85.15 87.90
loU Flower 3837 40.54 47.26 19.95 55.05 47.67 55.80
Leaf 85.16 88.22 89.86 63.69 88.93 91.07 9218
Stem 26.64 44.63 52.18 35.50 4724 59.82 66.73
MioU 50.05 57.80 63.10 39.71 63.74 69.19 71.57
Acc 85.37 8843 90.20 65.72 89.35 9140 92.75

the neighbour points; a property to which we attribute its
higher performance compared to ShellNet.

With ShellNet, as with the other architectures, petioles
(Fig. 13a) and petals (Fig. 13b) were occasionally con-
fused with leaf points. Touching leaves resulting in thick
structures are also a cause of error (Fig. 13c). Another
source of error with ShellNet is the interference of points
from close parts, such as the misclassifications of leaf
points as stems (Fig. 13d).

The segmentation results obtained with RIConv
(Table 10) fall behind all the architectures except Point-
Net. The local regions were extracted in the same way as
in ShellNet, however, use of rotation invariant features
resulted in significant loss of geometric information
about the constellation of the points, which is especially
important in distinguishing plant parts.

All networks, with the exception of PointNet, when
trained with synthetic data only, yield relatively high
recall and low precision for the flower class on real rose-
bush plants. We conjecture that the reason is the mis-
match of the flower class betweeen synthetic data and
real plants in terms of both geometrical structure and the
ratio of occurrence. High recall together with low pre-
cision for the flower class means that the networks are
biased towards classifying a significant portion of leaves
as flowers, causing low recall values for the leaves. When
the networks are updated with real training plants, this
bias is compensated and the precision for the flower class
and the recall for the leaf class improve.

In general, the mIoU increases as the networks are
updated with more real training data. However, for
PointCNN (Table 8), the improvement between the
cases S+II and S+III is not significant, and for RIConv
(Table 10) MIoU drops about 1% with S+III compared
to S+II. For both networks, the recall for the flower
class decreases as the number of real training plants is

increased from two to three. More petioles are classified
as leaves, as these two networks start to favor classify-
ing elongated structures as leaves, which in turn trans-
lates into a drop in the precision of leaves. Despite this
observation, PointCNN gives the second best IoU for the
flower class among all the networks for the case S+III
(Table 11).

To summarize the results and to demonstrate the
effect of incorporation of synthetic models, we give the
segmentation performances of all architectures with
III-trained and S+III-trained networks in Table 11. The
use of synthetic data was beneficial for almost all classes
and all architectures, except for PointNet. There is a
slight decrease in the IoU value for the flower class with
RIConv, which is compensated by a significant increase
in the performance for the stem class.

We can also observe from Table 11 that RIConv per-
formed poorly compared to other architectures due to
the information loss with rotation invariant features.
DGCNN used a single spatial receptive field at the very
local level and opted for feature proximity in a non-local
way; therefore missing the multi-scale spatial variability
in plant parts.

The best results were obtained with PointNet++ with
or without the use of synthetic data for training. The
hierarchically organized local regions for feature extrac-
tion with PointNet+4 are defined in terms of met-
ric radius. The spatial hierarchy is flexible and can be
adjusted without changing the network structure. The
next best two methods are PointCNN and ShellNet, both
of which hierarchically regroup points and aggregate fea-
tures within the network. However, the neighbourhoods
are defined with respect to K-neighbourhood of points
instead of metric radius. Therefore, it is not straightfor-
ward to adjust the size of the receptive fields for these
architectures while taking into account both the size of



Turgut et al. Plant Methods

(2022) 18:20

Page 19 of 23

(c)

Fig. 13 Examples to erroneous segmentation results produced by ShellNet (S+I11)

(d)

Table 10 Segmentation results on 8 real rosebush models from ROSE-X data set with RIConv

RiConv | ] 1] S S+I1 S+ S+
Re Flower 45.99 4040 56.09 8147 38.16 61.00 5547
Leaf 98.46 98.36 98.92 72.85 99.27 98.26 9848
Stem 3153 38.09 37.88 38.58 40.62 5567 57.88
Pr Flower 85.76 88.46 91.81 21.21 90.16 89.61 92.04
Leaf 87.49 87.82 89.08 90.17 87.87 9145 91.33
Stem 75.03 74.86 79.61 76.89 87.69 81.41 81.78
loU Flower 4272 38.38 5342 20.24 36.63 56.97 52.93
Leaf 86.31 86.55 88.22 67.49 87.31 90.00 90.07
Stem 28.54 33.77 34.53 34.58 3843 49.39 51.27
MloU 5252 5290 58.72 40.77 54.12 65.45 64.76
Acc 86.82 87.08 88.68 69.55 87.94 90.57 90.59
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Table 11 Segmentation results on 8 real rosebush models for all architectures
PointNet PointNet++ DGCNN PointCNN ShellNet RiConv
Flower Il 14.94 7272 6.96 49.76 47.26 5342
S+ 7.54 7917 5142 60.55 55.80 5293
Gain —-7.40 + 6.45 + 44.46 + 10.79 + 8.54 - 0.49
Leaf Il 80.94 95.07 83.57 92.16 89.86 88.22
S+ 7948 96.36 91.71 9340 92.18 90.07
Gain - 1.46 +1.29 +8.14 +1.24 +2.32 +1.85
Stem Il 3.03 76.79 24.34 67.67 52.18 34.53
Sl 7.06 83.05 60.02 68.81 66.73 51.27
Gain + 4.03 +6.26 + 35.68 +1.14 + 14.55 + 16.74
MioU Il 3297 8153 3829 69.86 63.10 58.72
S alll 31.36 86.19 67.72 74.26 7157 64.76
Gain - 1.61 + 4.66 + 29,43 + 4.40 + 8.47 + 6.04

Bold stands for "gain in loU obtained by incorporating synthetic models" as expressed in the caption of the Figure

The first row for each class corresponds to loU results of networks trained with three real rosebush models (lll). The second row for each class gives the loU results for
the case, where the networks were trained with synthetic models and updated with three real rosebush models (S+Ill). The third row for each class gives the gain in
loU obtained by incorporating synthetic models. The last three rows of the table corresponds to MloU over all classes

the plant structures and the point density of the point
clouds.

Discussion
In their default settings, the design parameters (such as
number of features and layers) of the six networks and
other hyperparameters (such as the radii of local regions)
were originally adjusted for 3D datasets which contain
point cloud scenes of indoor environments and city-
scapes. The general practice for adjusting such parame-
ters is to search for the best-performing settings through
experimentation with a validation set. In our case, since
we have limited data for real rosebush models, we used
a subset of the synthetic dataset as validation set, sys-
tematically varied the design parameters without alter-
ing the general structure and modified each network so
as to maximize its performance on the validation set. The
objective was to provide a fair comparison among the six
networks, whose default parameters were determined
using data domains different from plant data.
Methodological research is ongoing to automatically
adjust not only the hyperparameters but the entire archi-
tecture of the network [83]. So far, the effectiveness of
genetic algorithms for the search of design parameters
was demonstrated with convolutional networks [84]. This
could stand as an interesting perspective to explore such
approaches with point cloud based neural networks.
While designing a 3D point-based architecture to
operate effectively on plant data, an important con-
sideration is the multi-scale and self-similar nature
of plants. The architecture should be able to handle

multiple, hierarchical spatial receptive fields in the net-
work and their sizes should be easily tuned to the scales
of various structures in the plants. The multi-scale fea-
ture extraction scheme is also necessary to account
for the intra-class size variations; such as variations in
branch diameter or leaf length and intra-class geomet-
ric variations, such as diverse range of curvature on
the branches and leaves. Also grouping features with
respect to their proximity in the feature space can lead
to non-local similarity modeling to capture repetitive
structures that are inherent to plants.

The robustness of the architecture to heterogeneous
point density, missing information and reconstruc-
tion noise is an important factor, especially for 3D data
obtained through structure from motion. The full real
plant models in the ROSE-X data set together with the
synthetic data we employed in this work can be greatly
instrumental for a systematic analysis of the responses
of the architectures to low quality and noisy 3D data
through simulation of acquisition systems such as ToF
cameras and LiDARs in virtual environments Also, data
augmentation is possible by introducing variable point
density and artificial noise to the point clouds. How-
ever, the architectures should eventually be tested on
data acquired by low-cost systems including structure
from motion.

Another issue is that the variability of local parts is
greatly effected by the intricate plant structure, bring-
ing distinct parts close to each other. The training data
should be able to account for diverse local geomet-
ric occurrences, such as touching leaves or branches
due to dense foliage. More realistic synthetic data or
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plant-specific augmentation techniques ensuring fold-
ing of leaves and branches can help enrich the labeled
data.

Conclusion

We modified six recent 3D point-based deep learn-
ing architectures, PointNet, PointNet++, DGCNN,
PointCNN, ShellNet, and RIConv, for segmentation of 3D
models of real rosebush plants into their structural parts.
We used the annotated 3D models in ROSE-X data set
for training and testing the networks. We also conducted
experiments where the networks were pre-trained with
synthetic rosebush models generated by L-studio soft-
ware, and then updated by real rosebush data. The results
indicate that pre-training with synthetic data boosts the
performance of all networks, except PointNet. The best
segmentation results were obtained by PointNet++ with
a mean JolU rate of 86.19%. We attribute this success to
the ease of determining the size of the hierarchical local
regions to extract multi-scale features with PointNet++.
RIConv was not as effective due to reliance on rotation
invariant features that provide insufficient local geomet-
ric information. DGCNN , PointCNN, and ShellNet pro-
duced promising results, however defining local regions
for feature extraction by K-neighbourhood of points is
less practical for modeling plant geometry; since the
optimum K for each scale will be dependent on both the
size of the plant part structures and the point density of
the 3D point cloud.

Acknowledgements

The authors acknowledge the support of The Scientific and Technological
Research Council of Turkey (TUBITAK), Project No: 121E088. The authors also
acknowledge the support of 2214/A Overseas Doctorate Research Scholarship
Program granted to Kaya Turgut by The Scientific and Technological Research
Council of Turkey (TUBITAK).

Authors’ contributions

KT, HD, and DR conceived and designed this study. GG provided the proce-
dures for generation of synthetic plants. KT performed the implementations
and analyzed the results of the segmentation methods. KT, HD, and DR
wrote and revised the manuscript. All authors read and approved the final
manuscript.

Funding

This study was supported by The Scientific and Technological Research
Council of Turkey (TUBITAK), Project No: 121E088. This study was also sup-
ported by 2214/A Overseas Doctorate Research Scholarship Program granted
to Kaya Turgut by The Scientific and Technological Research Council of Turkey
(TUBITAK). This work was supported by PHENOTIC platform node of the french
infrastructure of phenotyping PHENOME-EMPHASIS.

Availability of data and materials

The data sets used in this study may be available upon the agreement from
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Page 21 of 23

Consent for publication
All authors agreed to publish this manuscript.

Competing interests
The authors declare that they have no competing interests.

Author details

'Eskisehir Osmangazi University, 26040 Eskisehir, Turkey. 2LARIS, UMR INRAe
IRHS, Université d’Angers, 62 Avenue Notre Dame du Lac, 49000 Angers,
France. 3INRAe, UMR1345 Institut de Recherche en Horticulture et Semences,
42 Georges Morel CS 60057, 49071 Beaucouze, France.

Received: 15 August 2021 Accepted: 9 February 2022
Published online: 20 February 2022

References

1. Minervini M, Scharr H, Tsaftaris SA. Image analysis: the new bottleneck
in plant phenotyping [applications corner]. IEEE Signal Process Mag.
2015;32(4):126-31. https://doi.org/10.1109/MSP.2015.2405111.

2. Paulus S, Schumann H, Kuhlmann H, Léon J. High-precision laser scan-
ning system for capturing 3D plant architecture and analysing growth of
cereal plants. Biosyst Eng. 2014;121:1-11. https://doi.org/10.1016/j.biosy
stemseng.2014.01.010.

3. Gibbs JA, Pound MP, French AP, Wells DM, Murchie EH, Pridmore TP. Active
vision and surface reconstruction for 3D plant shoot modelling. IEEE/
ACM Trans Comput Biol Bioinfor. 2020;17(6):1907-17. https://doi.org/10.
1109/TCBB.2019.2896908.

4. Boumaza R, DEMOTES-MAINARD S, HUCHE-THELIER L, Guerin V. Visual
characterization of the esthetic quality of the rosebush. J Sens Stud.
2009;24(5):774-96.

5. Yan Z, Visser P, Hendriks T, Prins T, Stam P, Dolstra O. Qtl analysis of varia-
tion for vigour in rose. Euphytica. 2007;154(1-2):53.

6. Li-Marchetti C, Le Bras C, Chastellier A, Relion D, Morel P, Sakr S, Crespel L,
Hibrand-Saint Oyant L. 3D phenotyping and QTL analysis of a complex
character: rose bush architecture. Tree Genet Genomes. 2017;13(5):112.
https://doi.org/10.1007/511295-017-1194-0.

7. Gao M, Van der Heijden GWAM, Vos J, Eveleens BA, Marcelis LFM.
Estimation of leaf area for large scale phenotyping and modeling of rose
genotypes. Sci Hortic. 2012;138:227-34. https://doi.org/10.1016/j.scienta.
2012.02.014.

8. Xiang L, BaoY,Tang L, Ortiz D, Salas-Fernandez MG. Automated mor-
phological traits extraction for sorghum plants via 3d point cloud data
analysis. Comput Electron Agric. 2019;162:951-61. https://doi.org/10.
1016/j.compag.2019.05.043.

9. Ziamtsov |, Navlakha S. Plant 3D (P3D): a plant phenotyping toolkit for
3D point clouds. Bioinformatics. 2020;36(12):3949-50. https://doi.org/10.
1093/bioinformatics/btaa220. https://academic.oup.com/bioinformatics/
article-pdf/36/12/3949/33437220/btaa220.pdf

10. Scharr H, Minervini M, French AP, Klukas C, Kramer DM, Liu X, Luengo |,
Pape J-M, Polder G, Vukadinovic D, Yin X, Tsaftaris SA. Leaf segmentation
in plant phenotyping: a collation study. Mach Vis Appl. 2016;27(4):585—
606. https://doi.org/10.1007/500138-015-0737-3.

11. Paproki A, Sirault X, Berry S, Furbank R, Fripp J. A novel mesh processing
based technique for 3D plant analysis. BMC Plant Biol. 2012;12(1):63.
https://doi.org/10.1186/1471-2229-12-63.

12. Elnashef B, Filin S, Lati RN. Tensor-based classification and segmentation
of three-dimensional point clouds for organ-level plant phenotyping and
growth analysis. Comput Electron Agric. 2019;156:51-61. https://doi.org/
10.1016/j.compag.2018.10.036.

13. Gélard W, Devy M, Herbulot A, Burger P. Model-based segmentation of
3D point clouds for phenotyping sunflower plants. In: Proceedings of
the 12th international joint conference on computer vision, imaging and
computer graphics theory and applications, Volume 4: VISAPP, (VISIGRAPP
2017),2017,459-467. https://doi.org/10.5220/0006 126404590467

14. Wahabzada M, Paulus S, Kersting K, Mahlein A-K. Automated interpreta-
tion of 3D laser scanned point clouds for plant organ segmentation. BMC
Bioinform. 2015;16(1):248. https://doi.org/10.1186/512859-015-0665-2.


https://doi.org/10.1109/MSP.2015.2405111
https://doi.org/10.1016/j.biosystemseng.2014.01.010
https://doi.org/10.1016/j.biosystemseng.2014.01.010
https://doi.org/10.1109/TCBB.2019.2896908
https://doi.org/10.1109/TCBB.2019.2896908
https://doi.org/10.1007/s11295-017-1194-0
https://doi.org/10.1016/j.scienta.2012.02.014
https://doi.org/10.1016/j.scienta.2012.02.014
https://doi.org/10.1016/j.compag.2019.05.043
https://doi.org/10.1016/j.compag.2019.05.043
https://doi.org/10.1093/bioinformatics/btaa220
https://doi.org/10.1093/bioinformatics/btaa220
https://academic.oup.com/bioinformatics/article-pdf/36/12/3949/33437220/btaa220.pdf
https://academic.oup.com/bioinformatics/article-pdf/36/12/3949/33437220/btaa220.pdf
https://doi.org/10.1007/s00138-015-0737-3
https://doi.org/10.1186/1471-2229-12-63
https://doi.org/10.1016/j.compag.2018.10.036
https://doi.org/10.1016/j.compag.2018.10.036
https://doi.org/10.5220/0006126404590467
https://doi.org/10.1186/s12859-015-0665-2

Turgut et al. Plant Methods

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

(2022) 18:20

Li'Y, Fan X, Mitra NJ, Chamovitz D, Cohen-Or D, Chen B. Analyzing grow-
ing plants from 4D point cloud data. ACM Trans Graph. 2013;32(6):157-
115710. https://doi.org/10.1145/2508363.2508368.

Paulus S, Dupuis J, Mahlein A-K, Kuhlmann H. Surface feature based
classification of plant organs from 3D laserscanned point clouds for plant
phenotyping. BMC Bioinform. 2013;14(1):238.

Hétroy-Wheeler F, Casella E, Boltcheva D. Segmentation of tree seedling
point clouds into elementary units. Int J Rem Sens. 2016;37(13):2881-907.
https://doi.org/10.1080/01431161.2016.1190988.

Golbach F, Kootstra G, Damjanovic S, Otten G, van de Zedde R. Valida-
tion of plant part measurements using a 3D reconstruction method
suitable for high-throughput seedling phenotyping. Mach Vis Appl.
2016;27(5):663-80. https://doi.org/10.1007/500138-015-0727-5.

Pound MP, French AP, Fozard JA, Murchie EH, Pridmore TP. A patch-based
approach to 3d plant shoot phenotyping. Mach Vis Appl. 2016;27(5):767-
79. https://doi.org/10.1007/500138-016-0756-8.

Liu Z, Zhang Q Wang P, Li Z, Wang H. Automated classification of stems
and leaves of potted plants based on point cloud data. Biosyst Eng.
2020;200:215-30. https://doi.org/10.1016/j.biosystemseng.2020.10.006.
Mack J, Rist F, Herzog K, Tépfer R, Steinhage V. Constraint-based auto-
mated reconstruction of grape bunches from 3D range data for high-
throughput phenotyping. Biosyst Eng. 2020;197:285-305. https://doi.org/
10.1016/j.biosystemseng.2020.07.004.

Dey D, Mummert L, Sukthankar R. Classification of plant structures from
uncalibrated image sequences. In: 2012 IEEE workshop on the applica-
tions of computer vision (WACV), 2012;329-336. https://doi.org/10.1109/
WACV.2012.6163017

Paulus S, Dupuis J, Riedel S, Kuhlmann H. Automated analysis of barley
organs using 3D laser scanning: an approach for high throughput phe-
notyping. Sensors. 2014;14(7):12670-86. https://doi.org/10.3390/51407
12670.

Sodhi P, Vijayarangan S, Wettergreen D. In-field segmentation and
identification of plant structures using 3D imaging. In: 2017 IEEE/RSJ
international conference on intelligent robots and systems (IROS),
2017,5180-5187. https://doi.org/10.1109/IROS.2017.8206407

Klodt M, Cremers D. High-resolution plant shape measurements from
multi-view stereo reconstruction. In: Agapito L, Bronstein MM, Rother C,
editors. Computer Vision—ECCV 2014 Workshops. Cham: Springer; 2015.
p. 174-84.

Dutagaci H, Rasti P, Galopin G, Rousseau D. ROSE-X: an annotated data set
for evaluation of 3D plant organ segmentation methods. Plant Methods.
2020;16:28. https://doi.org/10.1186/513007-020-00573-w.

Santos TT, Koenigkan LV, Barbedo JGA, Rodrigues GC. 3D plant modeling:
localization, mapping and segmentation for plant phenotyping using a
single hand-held camera. In: Agapito L, Bronstein MM, Rother C, editors.
Computer Vision—ECCV 2014 Workshops. Cham: Springer; 2015. p.
247-63.

Binney J, Sukhatme GS. 3D tree reconstruction from laser range data.

In: 2009 IEEE International conference on robotics and automation,
2009;1321-1326. https://doi.org/10.1109/ROBOT.2009.5152684
Chaivivatrakul S, Tang L, Dailey MN, Nakarmi AD. Automatic morphologi-
cal trait characterization for corn plants via 3D holographic reconstruc-
tion. Comput Electron Agric. 2014;109:109-23. https://doi.org/10.1016/j.
compag.2014.09.005.

Gao J, French AP, Pound MP, He Y, Pridmore TP, Pieters JG. Deep convolu-
tional neural networks for image-based Convolvulus sepium detection
in sugar beet fields. Plant Methods. 2020;16:29. https://doi.org/10.1186/
$13007-020-00570-z.

Jiang Y, Li C. Convolutional neural networks for image-based high-
throughput plant phenotyping: a review. Plant Phenomics. 2020;2020:1-
22. https://doi.org/10.34133/2020/4152816.

Ubbens JR, Stavness I. Deep plant phenomics: a deep learning platform
for complex plant phenotyping tasks. Front Plant Sci. 2017;8:1190. https.//
doi.org/10.3389/fpls.2017.01190.

Pound MP, Atkinson JA, Townsend AJ, Wilson MH, Griffiths M, Jackson AS,
Bulat A, Tzimiropoulos G, Wells DM, Murchie EH, Pridmore TP, French AP.
Deep machine learning provides state-of-the-art performance in image-
based plant phenotyping. GigaScience. 2017. https://doi.org/10.1093/
gigascience/gix083.

34.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

Page 22 of 23

Atanbori J, French AP, Pridmore TP. Towards infield, live plant phenotyping
using a reduced-parameter cnn. Mach Vis Appl. 2020. https://doi.org/10.
1007/500138-019-01051-7.

. Praveen Kumar J, Dominic S. Rosette plant segmentation with leaf count

using orthogonal transform and deep convolutional neural network.
Mach Vis Appl. 2020. https://doi.org/10.1007/500138-019-01056-2.
Grimm J, Herzog K, Rist F, Kicherer A, Topfer R, Steinhage V. An adaptable
approach to automated visual detection of plant organs with applica-
tions in grapevine breeding. Biosyst Eng. 2019;183:170-83. https://doi.
0rg/10.1016/j.biosystemseng.2019.04.018.

Samiei S, Rasti P, Ly VuJ, Buitink J, Rousseau D. Deep learning-based
detection of seedling development. Plant Methods. 2020;16:103. https://
doi.org/10.1186/513007-020-00647-9.

Jiang Y, Li C, Xu R, Sun S, Robertson JS, Paterson AH. DeepFlower: a deep
learning-based approach to characterize flowering patterns of cotton
plants in the field. Plant Methods. 2020;16:156. https://doi.org/10.1186/
$13007-020-00698-y.

Chaudhury A, Boudon F, Godin C. 3D plant phenotyping: All you need

is labelled point cloud data. In: Bartoli A, Fusiello A, editors. Computer
vision—ECCV 2020 Workshops—Glasgow, UK, August 23-28, 2020,
Proceedings, Part VI. Lecture Notes in Computer Science, vol. 12540, pp.
244-260. Springer, 2020. https://doi.org/10.1007/978-3-030-65414-6_18.
Barth R, lJsselmuiden J, Hemming J, Van Henten E.J. Data synthesis
methods for semantic segmentation in agriculture: a Capsicum annuum
dataset. Comput Electron Agric. 2018;144:284-96.

Di Cicco M, Potena C, Grisetti G, Pretto A. Automatic model based dataset
generation for fast and accurate crop and weeds detection. In: 2017 IEEE/
RSJ international conference on intelligent robots and systems (IROS),
2017;5188-5195. IEEE

Frid-Adar M, Klang E, Amitai M, Goldberger J, Greenspan H. Synthetic data
augmentation using gan for improved liver lesion classification. In: 2018
IEEE 15th international symposium on biomedical imaging (ISBI 2018),
2018;289-293. IEEE

Valerio Giuffrida M, Scharr H, Tsaftaris SA. Arigan: Synthetic arabidop-

sis plants using generative adversarial network. In: Proceedings of

the IEEE international conference on computer vision workshops,
2017,2064-2071.

Pawara P, Okafor E, Schomaker L, Wiering M. Data augmentation for plant
classification. In: International conference on advanced concepts for
intelligent vision systems, 2017,615-626. Springer.

Ward D, Moghadam P, Hudson N. Deep leaf segmentation using syn-
thetic data, 26 2018.

Zhu'Y, Aoun M, Krijn M, Vanschoren J, Campus HT. Data augmentation
using conditional generative adversarial networks for leaf counting in
arabidopsis plants. In: BMVC, 2018,324.

Douarre C, Crispim-Junior CF, Gelibert A, Tougne L, Rousseau D. Novel
data augmentation strategies to boost supervised segmentation of plant
disease. Comput Electron Agric. 2019;165:104967.

Lindenmayer A. Mathematical models for cellular interaction in develop-
ment: parts | and II. J Theor Biol. 1968;18:280-315.

Prusinkiewicz P, Lindenmayer A. The algorithmic beauty of plants. Berlin,
Heidelberg: Springer; 1996.

Ubbens J, Cieslak M, Prusinkiewicz P, Stavness I. The use of plant models
in deep learning: an application to leaf counting in rosette plants. Plant
Methods. 2018;14:6. https://doi.org/10.1186/513007-018-0273-z.

Evers J,Vos J. Modeling branching in cereals. Front Plant Sci. 2013;4:399.
https://doi.org/10.3389/fpls.2013.00399.

Buck-Sorlin G. Functional-structural plant modeling. In: Dubitzky W, Wolk-
enhauer O, Cho K-H, Yokota H, editors. Encyclopedia of systems biology.
New York, NY: Springer; 2013. p. 778-81.

Buck-Sorlin G, Delaire M. Meeting present and future challenges in
sustainable horticulture using virtual plants. Front Plant Sci. 2013;4:443.
https://doi.org/10.3389/fpls.2013.00443.

Karwowski R, Prusinkiewicz P. Design and implementation of the L+C
modeling language. Electron Notes Theor Comput Sci. 2003;86(2), 134-
152. https://doi.org/10.1016/51571-0661(04)80680-7. 4th International
workshop on rule-based programming (in connection with RDP'03,
Federated Conference on Rewriting, Deduction and Programming)
Karwowski R, Prusinkiewicz P. The L-system-based plant-modeling envi-
ronment L-studio 4.0. In: Proceedings of the 4th international workshop
on functional-structural plant models, Montpellier, France, 2004;403-405.


https://doi.org/10.1145/2508363.2508368
https://doi.org/10.1080/01431161.2016.1190988
https://doi.org/10.1007/s00138-015-0727-5
https://doi.org/10.1007/s00138-016-0756-8
https://doi.org/10.1016/j.biosystemseng.2020.10.006
https://doi.org/10.1016/j.biosystemseng.2020.07.004
https://doi.org/10.1016/j.biosystemseng.2020.07.004
https://doi.org/10.1109/WACV.2012.6163017
https://doi.org/10.1109/WACV.2012.6163017
https://doi.org/10.3390/s140712670
https://doi.org/10.3390/s140712670
https://doi.org/10.1109/IROS.2017.8206407
https://doi.org/10.1186/s13007-020-00573-w
https://doi.org/10.1109/ROBOT.2009.5152684
https://doi.org/10.1016/j.compag.2014.09.005
https://doi.org/10.1016/j.compag.2014.09.005
https://doi.org/10.1186/s13007-020-00570-z
https://doi.org/10.1186/s13007-020-00570-z
https://doi.org/10.34133/2020/4152816
https://doi.org/10.3389/fpls.2017.01190
https://doi.org/10.3389/fpls.2017.01190
https://doi.org/10.1093/gigascience/gix083
https://doi.org/10.1093/gigascience/gix083
https://doi.org/10.1007/s00138-019-01051-7
https://doi.org/10.1007/s00138-019-01051-7
https://doi.org/10.1007/s00138-019-01056-2
https://doi.org/10.1016/j.biosystemseng.2019.04.018
https://doi.org/10.1016/j.biosystemseng.2019.04.018
https://doi.org/10.1186/s13007-020-00647-9
https://doi.org/10.1186/s13007-020-00647-9
https://doi.org/10.1186/s13007-020-00698-y
https://doi.org/10.1186/s13007-020-00698-y
https://doi.org/10.1007/978-3-030-65414-6_18
https://doi.org/10.1186/s13007-018-0273-z
https://doi.org/10.3389/fpls.2013.00399
https://doi.org/10.3389/fpls.2013.00443
https://doi.org/10.1016/S1571-0661(04)80680-7

Turgut et al. Plant Methods

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

75.

76.

(2022) 18:20

Boudon F, Pradal C, Cokelaer T, Prusinkiewicz P, Godin C. L-Py: an L-system
simulation framework for modeling plant architecture development
based on a dynamic language. Front Plant Sci. 2012;3:76. https://doi.org/
10.3389/fpls.2012.00076.

Qi CR, Su H, Mo K, Guibas LJ. Pointnet: deep learning on point sets for 3D
classification and segmentation. In: The IEEE Conference on Computer
Vision and Pattern Recognition (CVPR) 2017.

GuoY,Wang H, Hu Q, Liu H, Liu L, Bennamoun M. Deep learning for 3D
point clouds: a survey. IEEE Trans Pattern Anal Mach Intell. 2020;1.

LiuW, Sun J, Liw, Hu T, Wang P. Deep learning on point clouds and its
application: a survey. Sensors. 2019;19(19):4188. https://doi.org/10.3390/
$19194188.

Griffiths D, Boehm J. A review on deep learning techniques for 3D sensed
data classification. Rem Sens. 2019;11:1499. https://doi.org/10.3390/rs111
21499,

Armeni |, Sener O, Zamir AR, Jiang H, Brilakis |, Fischer M, Savarese S. 3D
semantic parsing of large-scale indoor spaces. In: 2016 IEEE conference
on computer vision and pattern recognition (CVPR), 2016;1534-1543.
Dai A, Chang AX, Savva M, Halber M, Funkhouser T, NieBner M. ScanNet:
Richly-annotated 3D reconstructions of indoor scenes. In: Proceedings of
computer vision and pattern recognition (CVPR), [EEE 2017.

Hackel T, Savinov N, Ladicky L, Wegner JD, Schindler K, Pollefeys M.
SEMANTIC3D.NET: a new large-scale point cloud classification bench-
mark. In: ISPRS Annals of the Photogrammetry, Remote Sensing and
Spatial Information Sciences, vol. IV-1-W1, 2017,91-98.

Behley J, Garbade M, Milioto A, Quenzel J, Behnke S, Stachniss C, Gall

J. SemanticKITTI: a dataset for semantic scene understanding of LIDAR
sequences. In: Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV) 2019.

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous driving? The
KITTI Vision Benchmark Suite. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2012;3354-3361.

Wu B, Zheng G, Chen Y. An improved convolution neural network-based
model for classifying foliage and woody components from terrestrial
laser scanning data. Rem Sens. 2020;12(6):1010. https://doi.org/10.3390/
rs12061010.

Kang H, Zhou H, Wang X, Chen C. Real-time fruit recognition and grasp-
ing estimation for robotic apple harvesting. Sensors. 2020;20(19):5670.
https://doi.org/10.3390/520195670.

ShiW, van de Zedde R, Jiang H, Kootstra G. Plant-part segmentation using
deep learning and multi-view vision. Biosyst Eng. 2019;187:81-95. https://
doi.org/10.1016/j.biosystemseng.2019.08.014.

Japes B, Mack J, Rist F, Herzog K, Topfer R, Steinhage V. Multi-view seman-
tic labeling of 3D point clouds for automated plant phenotyping. arXiv:
1805.03994.

JinS,SuY,Gao S,Wu F, Ma Q Xu K, Ma Q,HuT, Liu J, Pang S, Guan H,
Zhang J, Guo Q. Separating the structural components of maize for field
phenotyping using terrestrial LIDAR data and deep convolutional neural
networks. IEEE Trans Geosci Rem Sens. 2020;58(4):2644-58.

Qi CR,YiL, SuH, Guibas LJ. PointNet++: deep hierarchical feature
learning on point sets in a metric space. In: Guyon |, Luxburg UV, Bengio
S, Wallach H, Fergus R, Vishwanathan S, Garnett R, editors. Advances in
neural information processing systems, 12. New York: Curran Associates,
Inc,; 2017. p. 5099-108.

Wang Y, Sun'Y, Liu Z, Sarma SE, Bronstein MM, Solomon JM. Dynamic
graph CNN for learning on point clouds. ACM Trans Graph. 2019. https://
doi.org/10.1145/3326362.

LiY, Bu R, Sun M, Wu W, Di X, Chen B. PointCNN: convolution on X-trans-
formed points. In: Bengio, S., Wallach, H,, Larochelle, H., Grauman, K., Cesa-
Bianchi, N, Garnett, R. (eds.) Advances in neural information processing
systems 31, pp. 820-830. Curran Associates, Inc., 2018. http://papers.nips.
cc/paper/7362-pointcnn-convolution-on-x-transformed-points.pdf.
Zhang Z, Hua B-S, Yeung S-K. ShellNet: efficient point cloud convolutional
neural networks using concentric shells statistics. In: The IEEE interna-
tional conference on computer vision (ICCV), 2019

Zhang Z, Hua B, Rosen DW, Yeung S. Rotation invariant convolutions for
3D point clouds deep learning. In: 2019 International conference on 3d
vision (3DV), 2019;204-213.

Favre P, Guéritaine G, Andrieu B, Boumaza R, Demotes-Mainard S, Fournier
C, Galopin G, Huche-Thelier L, Morel-Chevillet P, Guérin V. Modelling the
architectural growth and development of rosebush using L-Systems. In:

77.

78.

79.

80.

81.

82.

83.

84.

Page 23 of 23

Workshop on growth phenotyping and imaging in plants, Montpellier,
France, p. 2007. https://hal.archives-ouvertes.fr/hal-01192410.

Yosinski J, Clune J, Bengio Y, Lipson H. How transferable are features in
deep neural networks? In: Ghahramani Z, Welling M, Cortes C, Lawrence
ND, Weinberger KQ, editors. Advances in neural information processing
systems 27, pp. 3320-3328. Curran Associates, Inc,, 2014.

The ROSE-X Dataset, 2020. https://uabox.univ-angers.fr/index.php/s/
rnPmM5EHFKEXym9t

Garbez M, Galopin G, Sigogne M, Favre P, Demotes-Mainard S, Symo-
neaux R. Assessing the visual aspect of rotating virtual rose bushes by

a labeled sorting task. Food Qual Prefer. 2015;40:287-95. https://doi.
0rg/10.1016/j.foodqual.2014.06.008. Tenth Pangborn Sensory Science
Symposium.

Prusinkiewicz P, Hammel M, Hanan J, Mech R. Visual models of plant
development. In: Rozenberg G, Salomaa A, editors. Handbook of formal
languages. Volume 3: Beyond words. Berlin: Springer; 1997. p. 535-97.
https://doi.org/10.1007/978-3-642-59126-6_9.

Prusinkiewicz P. Modeling of spatial structure and development of plants:
a review. Sci Hortic. 1998;74(1):113-49. https://doi.org/10.1016/50304-
4238(98)00084-3.

Morel P, Galopin G, Donés N. Using architectural analysis to compare the
shape of two hybrid tea rose genotypes. Sci Hortic. 2009;120(3):391-8.
https://doi.org/10.1016/j.scienta.2008.11.039.

Liu C, Chen L-C, Schroff F, Adam H, Hua W, Yuille AL, Fei-Fei L. Auto-deep-
lab: hierarchical neural architecture search for semantic image segmenta-
tion. In: Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition (CVPR), 2019.

Wei J, Fan Z. Genetic U-Net: automatically designed deep networks for
retinal vessel segmentation using a genetic algorithm, 2021. arXiv:2010.
15560

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.3389/fpls.2012.00076
https://doi.org/10.3389/fpls.2012.00076
https://doi.org/10.3390/s19194188
https://doi.org/10.3390/s19194188
https://doi.org/10.3390/rs11121499
https://doi.org/10.3390/rs11121499
https://doi.org/10.3390/rs12061010
https://doi.org/10.3390/rs12061010
https://doi.org/10.3390/s20195670
https://doi.org/10.1016/j.biosystemseng.2019.08.014
https://doi.org/10.1016/j.biosystemseng.2019.08.014
http://arxiv.org/abs/1805.03994
http://arxiv.org/abs/1805.03994
https://doi.org/10.1145/3326362
https://doi.org/10.1145/3326362
http://papers.nips.cc/paper/7362-pointcnn-convolution-on-x-transformed-points.pdf
http://papers.nips.cc/paper/7362-pointcnn-convolution-on-x-transformed-points.pdf
https://hal.archives-ouvertes.fr/hal-01192410
https://uabox.univ-angers.fr/index.php/s/rnPm5EHFK6Xym9t
https://uabox.univ-angers.fr/index.php/s/rnPm5EHFK6Xym9t
https://doi.org/10.1016/j.foodqual.2014.06.008
https://doi.org/10.1016/j.foodqual.2014.06.008
https://doi.org/10.1007/978-3-642-59126-6_9
https://doi.org/10.1016/S0304-4238(98)00084-3
https://doi.org/10.1016/S0304-4238(98)00084-3
https://doi.org/10.1016/j.scienta.2008.11.039
http://arxiv.org/abs/2010.15560
http://arxiv.org/abs/2010.15560

	Segmentation of structural parts of rosebush plants with 3D point-based deep learning methods
	Abstract 
	Background: 
	Results: 
	Conclusion: 

	Background
	Methods
	Data sets
	ROSE-X data set
	Synthetic rosebush models

	Data preprocessing
	3D point-based deep learning architectures
	PointNet
	PointNet++
	DGCNN
	PointCNN
	ShellNet
	RIConv


	Results
	Discussion
	Conclusion
	Acknowledgements
	References




