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Abstract. The image-based phenotyping of mature plants faces several
challenges from the image acquisition to the determination of quanti-
tative characteristics describing their appearance. In this work a frame-
work to extract geometrical and topological traits of 2D images of mature
Arabidopsis thaliana is proposed. The phenotyping pipeline recovers the
realistic branching architecture of dried and flattened plants in two steps.
In the first step, a tracing approach is used for the extraction of centerline
segments of the plant. In the second step, a hierarchical reconstruction
is done to group the segments according to continuity principles. This
paper covers an overview of the relevant processing steps along the pro-
posed pipeline and provides an insight into the image acquisition as well
as into the most relevant results from the evaluation process.
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1 Introduction

The functional analysis of genes became a popular and interesting challenge in
life science in the last 30 years [31]. The correlation between genetic data and the
likelihood for certain pathologies in humans or genes causing an increasing crop
yield are only two important and relevant examples [9]. While sequencing the
genome of model organisms can be solved effectively nowadays, the automatic ex-
traction of quantitative characteristics describing the phenotype, so called traits,
became the bottleneck for many large-scale functional genomic studies [11]. Mod-
ern image acquisition tools and the progress in computer vision offer new possibil-
ities for high-throughput phenotyping studies. The development of image-based
phenotyping pipelines can help to overcome the current drawbacks of large-scale
genetic studies, which are the manipulation of thousands of samples and the
subsequent manual determination of relevant traits [27]. Arabidopsis thaliana is
a small flowering plant and a popular model organism. The determination of
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quantitative traits, e.g. the plant’s root length, became an important challenge
during large-scale genetic studies [15]. In this work 2D images of mature Ara-
bidopsis thaliana are analyzed and traits concerning the final appearance of the
plant are extracted. During the last stages of growing, the plant mostly consists
out of stems and siliques (see sample image in Fig. 1). The analysis of the rosette
and the roots of the plant are not of interest for this work. The plants used in
this work grew in a natural environment where the environmental conditions
were well known. Due to storage and shipping reasons the plants are dried and
pressed before the images are taken. Thus some stems overlap and appear as
possible branching points in a segmented image. Hence a correct reconstruction
of the plant’s “realistic” architecture has to be done before the relevant traits
can be extracted. The complexity of the reconstruction increases with the num-
ber of critical points: branching-, crossing- and termination- points. Branching
points are defined as points where one branch splits in multiple branches. Due
to the projection into the 2D image space as well as the flattening of the plants,
overlapping stems appear as branching points in the images without having a
correlating physical connection in nature. A distinction between branching and
overlapping regions has to be done and is crucial for the correct reconstruction
of the branching topology. Termination points are defined as end points of the
plant (e.g. siliques’ tips) and start points are located nearby the rosette.

The study of plants using computer vision approaches is a rather new field
compared to the study of other biological objects, e.g. blood vessels. The latest
works focus on the extraction of quantitative traits describing the root system of
different plants like A. thaliana, maize or rice [27]. While the early root develop-
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ment (growth rate) is in focus of the works [4, 14, 23] other approaches investigate
the ability of a root to respond to gravity changes in high-temporal analysis [28].
Systems, like in [1, 32] analyze the root architecture only at a certain moment
using a single image and traits like the root length or root angles are extracted.
A number of high-throughput approaches exist to analyze details of plants’ shoot
systems (parts which are growing above ground). The authors in [2] developed
a phenotyping pipeline for high-throughput studies which focuses on the analy-
sis of the leaf growth behaviour. The interested reader is referred to [11] for an
extended list of frameworks for next-generation phenotyping. It can be noticed
that there is a lack of approaches for the analysis of the shoot system of Ara-
bidopsis. Furthermore, most techniques focus on geometrical traits like curvature
characteristics or lengths of certain plant parts. More complex traits describing
the branching topology network of roots or stems, like branching patterns or
branching orders are barely noted.

The detailed analysis of curvilinear structures like roots or stems is limited
in the field of image-based plant phenotyping. Computer vision approaches are
successfully developed in other fields dealing with similar structures like blood
vessels or biological neural networks [13,22]. Generally, the approach of ana-
lyzing such networks is executed as a two-step approach in which the object is
segmented in a first step and labeled in a second step. It already exists a great
amount of different approaches [12,20, 24, 33-35] for the automated segmenta-
tion or skeleton extraction, the amount of approaches for labeling and grouping
of trees or sub-trees inside these networks is rather limited [5,17, 18,21, 30].

In this work we propose the use of a tracing algorithm with a semi-circular
search window to extract centerline segments of the plant’s shoot system. Ge-
ometrical and topological properties, which are determined during tracing, are
further used to group and label these segments based on continuity principles.
We show that geometrical traits can be extracted accurately, whereas, a de-
tailed topological analysis is still limited by the morphological complexity of the
network as well as by noise.

The paper is structured as follows. In Sec. 2 a short overview of the image
acquisition setup is described. In Sec. 3 we introduce the methodology used to
extract the traits of the plant. The paper is concluded with experiments (Sec. 4)
and conclusion (Sec. 5).

2 Image Acquisition of the Arabdiopsis Shoot System

The images which are analyzed in this work were taken as part of a project
entitled “The molecular basis of local adaption in A. thaliana” led by Benjamin
Brachi (Bergelson Lab, University of Chicago, US). Originally the images were
acquired for the use of a manual phenotyping study and the use of computer
vision methods for a computer guided analysis was originally not planned. The
images were acquired in a darkened room using a digital single lens reflex camera.
Two additional flashlights were used to ensure equal light conditions during the
whole image acquisition process. The plants were put on a black velvet board to
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guarantee a high contrast between object and background. A wipeable plant ID
sign and a ruler were added to the velvet for later analysis (see Fig. 1). While
the sign can be used for an automated data handling during phenotyping, the
ruler is used for an automated spatial calibration. The images are taken with
12.1 megapixels (4284 x 2844 pixels) and are stored as TIFF (tagged image file
format) in RGB color mode with 8 bit color depth.

To simplify the task of analyzing the architecture of a plant a few assumptions
are made based on the image acquisition setup and preliminary experiments. In
this work, the plants’ stems and branches are defined as piecewise linear and their
medial axis is represented by connected line segments. The stems’ and branches’
crosswise intensity profile approximates a Gaussian profile and the gray level
changes along the stems and branches are smooth. The region of the rosette is
defined as the origin of all main stems and the plant forms a tree-like structure.
The stems’ and branches’ diameter decreases coming closer to the plant’s end
points and does not change abruptly. Further, the siliques’ diameter increases
before it decreases until a termination point is reached. Figure 2 and 3 show
3D intensity profile plots of specific parts (branching and crossing region) of a
plant to illustrate some of the characteristics defined above. The term “architec-
ture” of a plant is used to describe the different components of a plant regarding
to space and time. Describing the plant’s architecture is done by topological
as well as geometrical information. Topological information describes the phys-
ical connection between different parts (e.g. siliques, leaves, flowers, branches)
of the plant [16]. Concerning the topological characteristics, this architecture
can range from simple plants (low number of critical points) to complex plants
(high number of critical points). Geometrical information is used for a detailed
description of the plant’s components like size, shape, orientation or the spatial
location of the components [16]. The quantitative traits extracted in this work
comprise topological and geometrical information and are denoted in the fol-
lowing either as geometrical or topological traits. While the number of siliques
(on different stems) is considered as a topological trait, the individual silique’s
length is considered as a geometrical trait.

3 Analysis and Reconstruction of the Plant’s
Architecture

To analyze 2D images of mature Arabidopsis a pipeline based on several com-
puter vision methods is proposed as shown in Fig. 4. This section is divided
according to the steps of this pipeline.

3.1 Pre-processing

Due to logistical reasons the plants dried and the RGB color information of dif-
ferent plant components is distributed uneven in one image and over the whole
dataset. Hence the images are transformed into grayscale images using the R-
channel of the RGB color space. The images contain three different regions-of-
interest (ROI) which are the plant ID sign, the ruler and the plant itself. These
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Fig. 4. Analysis and reconstruction framework.

regions are extracted using image processing methods such as image pyramids,
bit-plane slicing and mathematical morphology operators. These principles com-
bined with constraints concerning the approximative location of the ROIs (e.g.
the plant is always the most central object) are used to crop each image to the
borders of the objects’ bounding boxes. To make quantitative traits comparable
to results of other studies the pixel units are transformed to real-world metric
units, e.g. mm. The spatial calibration is achieved by use of the ruler. A routine
based on gray-level thresholding and mathematical morphology operators is used
to extract the conversion factor automatically in each image. A more detailed
description regarding the sequence of steps during pre-processing is given in [3].

3.2 Centerline Extraction

The medial axis of curvilinear structures is an efficient representation to ana-
lyze characteristics concerning the geometry as well as topology. In this work a
tracing approach is used to extract the centerline of the plant iteratively. Differ-
ent variation of tracing algorithms are already successfully used for blood vessel
analysis [7,12,29] as well as biological neural network analysis [22, 35]. Tracing
is a direct exploratory centerline extraction approach where a structure (often
curvilinear/tubular) is followed from a starting point to an end point. Tracing
provides a sequence of extracted centerline points, which represent samples on
the medial axis of an object. Local features like tracing direction or radius at
these points are determined and used for travelling along the object.

Seed Point Identification. Tracing algorithms are initialized at certain (start-
ing) positions, so called seed points. A set of seed points is chosen either manually
or by an automated procedure. Automated seed point identification procedures
focus either on the detection of ridges/edges along scan lines [8,12] or on detec-
tion of these points in a certain ROI's neighborhood [17]. The automated seed
point identification method in this work, is based on the assumption that one
seed point per main stem is sufficient for a complete centerline extraction. This
assumption should hold under regular conditions: low gray-value discontinuities
and little noise in the images. As all main stems originate from the rosette, the
rosette is roughly segmented and possible seed point candidates (ridge points)
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in its neighborhood are estimated before the seed points are validated. The in-
terested reader is referred to [3] for a detailed description about the seed point
identification procedure.

Iterative Tracing. The process of extracting the centerline of an object using

tracing is executed iteratively until at least one of certain stopping criteria is
fulfilled.

Initialization. Each iteration is initialized at a start point p*. While at the very
beginning of the tracing procedure the seed point is chosen from the set of points
from the seed point identification routine, subsequent start points are for example
neighbouring centerline points or branching points which are determined during
tracing.

Estimation. The location of the next centerline point along the structure is es-
timated by a dynamic semi-circular search window (Fig. 5). This window guar-
antees a constant look-ahead distance in all directions and the next centerline
point is expected to be located along its circumference. The gray-value profile
Sk (pk) along the circumference of a semi-circle with radius r* at p¥ is defined
as a sequence of equally spaced samples n [7]:

S (") ={ci, i=0,1,--- ,n—1} . (1)

™

CZ':V(p];—l—Tk-COS(i-(SG),pI;-i-T‘k-Sin(i-(%‘)), 00 = (2)
Since V' (normalized intensity values of the image I) is defined in the discrete
space the values of ¢; are determined using the nearest pixel values. The gray-
values along the circumference are smoothed using a Gaussian filter. The radius
r* of the semi-circle must be defined “big” enough to cover all different stem
widths and must be “small” enough to not detect points along neighbouring
structures. For this reason, the radius r* is adapted dynamically to the current
structure at each iteration of the algorithm by [7]:

n—1"

r* = p- [max{R", R*}] . (3)

RF and R**! are the radius of the stem at the current and the next centerline
point position. The constant factor p should be defined bigger than 1 to guarantee
the coverage of the whole width of a stem.

Identification. The stems in this work appear as bright structures on a dark back-
ground and thus the intensity profile across the stems appears as a Gaussian-like
shape (Fig. 2 and 3). To identify relevant centerline candidate points ¢;, the in-
tensity profile along the circumference is searched for local maxima (as indicated
in Fig. 6 with triangles). If two or more stems run very close to each other, it can
occur that local maxima are identified which belong to a neighboring stem. This
can normally be avoided by choosing a small value for 7* in (2). Additionally,
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the intensity profile along the connection between p* and the candidate points
g; is checked for values below 20% of the normalized intensity values [17]. If
any point undercuts this threshold the candidate point is flagged as outlier-stem
point. These points are stored in an additional list which is used for initialization
at the very end of the tracing procedure. Figure 7 shows an overview of different
points along the circumference of the search window.

Validation. At the end of an iteration each candidate point is validated by de-
termining its local features. The accuracy of the features depends on the tracing
direction as well as on small intensity variations across the stems. To gain a
higher accuracy regarding the location, the first estimate ¢o (position of the
local maxima) is refined by taking into account the stem’s edge points. The
refinement involves the following steps (see Fig. 8 for illustration) [7,17,29]:

Fig.7. Different types of candidate Fig. 8. The geometric determination and
points can be identified: Stem points extraction of the local features at a cen-
(gas gc), outlier points (g4) and non-stem terline point.

points (gp).
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1. Calculate tracing direction for ¢f

< pr—q
ub= L~ (4)
O Ipk — gl

2. Detect edge points along two linear intensity profiles P;, and Pr perpendic-

ular to the direction ug by finding the gradient’s maxima. The width of the
intensity profiles is chosen to be the same value as r*.

3. The location of the final stem point ¢F is calculated as the medial point
between the edge points. The radius R**! is determined.

4. Update tracing direction

kE_  k
=L o)
[p* — gl

The final position of the validated points can be influenced by a parameter «
(set to 0.9 in this work) which regulates the step size according to:

P = ph ot ok (6)
A centerline point, denoted as STEL (STem-ELement), is defined as a set of
geometrical and topological properties in this work:

— p”: Location of current STELj, in pixel units
— uk Tracing direction (unit vector) at p*
— RF: Radius of the stem at position p*
— eg, e’ﬁ: Edge point positions
s*: Normalized intensity level at p*
— ~¥: Percent dynamic range from perpendicular intensity profile at p*
— ID: A unique ID for each STEL
— Parent: ID of the previous STEL
— Type: Regular (one child), branching/crossing (two or more children), root

(no parent/seed point), termination (no child), outlier (no parent)

Stopping Criteria. The skeleton of the plant structure is extracted by execut-
ing the previously described steps iteratively until certain criteria are fulfilled:

Any of the pixels of the search window is outside the image range.

— No wvalid candidate points are identified.

More than one valid candidate point is identified (branching/crossing).

— Connection between the current point p¥ and one of the current candidate
points ¢¥ intersects the actual skeleton.

— Percent-dynamic-range falls below a threshold (e.g. 10 %).

To prevent tracing of already traced stem parts a centerline image is created and
updated during the tracing procedure. The centerline image is a binary image
with the size of the plant’s image I (initialized with pixel values equal zero).
During tracing the pixel values of the current stem-segments are set to one.
Two STELs are connected using the Bresenham line drawing algorithm [10]. To
validate for example a seed point, its neighborhood (e.g. 5 x 5) in the centerline
image is checked for non-zero elements.
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3.3 Plant Reconstruction

The tracing procedure results in a set of unconnected centerline stem segments
(set of STELs). Due to the fact that the branching pattern of the plants do
not follow an a-priori known principle and the local knowledge at branching
and crossing points is not sufficient, the plant’s realistic architecture cannot be
reconstructed during tracing. A hierarchical reconstruction is proposed in this
work to rebuilt the realistic architecture of the plants (see Fig. 9 for illustration).

Filtering. The structure of centerline segments is represented as an undirected
graph G = (V, E) where the segments are the nodes V and possible connections
between two segments are represented as edges F. Segments shorter than 5 pixel
are removed.

Clustering. Assuming that each centerline segment V; can be connected to any
other centerline segment V; we obtain a complete graph. We know that a segment
at the very top of the image is unlikely to be connected to a segment at the
very bottom. Thus we are looking for a representation (i.e. a layer on top of
the G) with a reduced set of possible connections. At this level each centerline
segment is represented by an edge (5) and a set of possible connections between
adjacent centerline segments as a (cluster) node (C'N). Since we have topological
information (STEL relations) that we found during tracing, we can reduce the
set of possible connections. The tracing procedure can not distinguish between

Tree representing the
\—/%& plants* architecture
— T=(BP,B)
Directed graph representing
! /—é K’ / possible edge pairs \
c=3 S
\_.

s D=(CN,S)

P

Undirected Graph representing
W the tracing result
- S—=e— G=(V,E)
e e co— —
ﬁ s
,/\\\\\::\

Center-line extraction using
tracing

Fig. 9. Hierarchical reconstruction of the plants’ architecture. The base layer consists
of the centerline segments from the tracing procedure. The top layer represents the
plant with use of branches and branching points. The root node is shown by a triangle,
end nodes are represented by circles and branching points are represented by “+4”-signs.
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crossing and branching points. Thus intersection and unrelated stems can occur.
Therefore we defined heuristic rules and an Euclidean distance to merge nearby
critical points.

Grouping. Determining the costs for grouping possible edge pairs is based on
continuity principles in this work. A cost term ¢ (.S;, S;) for traveling from one
segment S; to another segment S; is proposed as

¢(S1,82) = 0(S1, S2) + dy - exptor(S1:52) (7)

Where 6 (S, S2) is defined as the edge direction similarity between two segments
S1, So with directions Uy, Us [30]:
71 L] 72
0(S1,952) = acos ( ) 8

The “o” operator is denoting the dot product. Experiments during the empirical
modeling of the cost function showed that the edge direction similarity is a good
feature to group segments if the lengths of involved edge candidates are similar.
To include information regarding the curvature of the resulting path Bps into
the cost function an additional term in (7) was added. This curvature term is
modeled using the tortuosity, which is calculated as the ratio between the path
length 12 and the Euclidean distance between the endpoints di2 [30]:

tor (Sl,SQ) = Clili . (9)
12

The Euclidean distance d; between segments’ end points is used to weight the
curvature term of the cost function. The grouping process follows a trace-back
principle which means that the tree is constructed from the exterior regions to
the interior regions. Further, the cluster nodes are visited from less complex to
more complex nodes. The number of possible edge-pairs in a cluster is defined
as the grade of complexity. A tree is iteratively build by minimizing the cost
function in (7).

3.4 Geometrical and Topological Traits

After constructing the realistic architecture of the plant, the quantitative traits
for each plant are determined. Topological traits are used to quantify the “net-
work topology” of the plant. Different branch types are identified in the recon-
structed tree and their occurrence is determined:

— Main Stem (MS): Stems which originate from the rosette area.

— Silique: Terminating branch containing the seeds and having a characteristic
width variation.

Leaf: Terminating branch which is not classified as a silique.

— Side Branch (SB): Branch originating from a main stem/side branch.
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The geometrical traits are calculated for each branch B:

— Path Length lg: The length of the branch centerline calculated by the num-
ber of odd N, and even N, Freeman (8-directional) chain codes along the
centerline:

Ig=Ne+ No-V2 . (10)

— Fuclidean Length dg: The Euclidean distance between the branches’ end
points [21].

Silique Detection. The classification into siliques and leaves is based on the as-
sumption that the majority of the exterior parts of a mature plant are siliques.
Furthermore, siliques generally tend to have a higher variation in width and the
lengths of siliques on one plant is more evenly distributed than the length of
other leave parts. For this reason, the path length, the average width and the
standard deviation of the width of the exterior branches are used to differentiate
between siliques and other leaves. If the number of leaves on a plant is greater or
equal 20, the robust Minimum Covariance Determinant estimator is used (out-
lier detection based on all three features) [25]. Otherwise the Median Absolute
Deviation is used based on the branches’ path lengths [26].

4 Experiments and Evaluation

The evaluation in this work was done with a set of 106 images (see Sec. 2). The
traits extracted with the proposed framework (PPFW) are compared with traits
from a semi-automatic analysis using Fiji Simple Neurite Tracer [19] (GT Fiji).

4.1 Measurement of the Plant Size

The accuracy of the final traits is evaluated using only images where the group-
ing process resulted in one connected object. This was the case in 89 out of 106
images. In the remaining approximately 15% the grouping process yield to mul-
tiple separated (sub)trees instead of one tree per main stem. This is caused by
wrong local decisions in certain cluster nodes and an error propagation during the
systematic grouping of edge candidates. Wrong local decisions were frequently
observed in big cluster nodes with multiple smaller segments (multiple overlap-
ping regions). These limitations originating from the grouping process should
be reconsidered in future works. The lengths of certain branch types (MS, SB
and Siliques) are averaged per plant and compared to GT Fiji. The evaluation
concerning the stems’ lengths is summarized in Tab. 1. The average relative er-
ror concerning the MS length between the two measurements is (3.64 + 3.19) %.
The average relative error concerning the siliques length is (6.73 +4.77) %. Scat-
ter plots showing the individual measurements as well as the linear regression
line (solid black) and the identity function (dashed line) for both measurements
are shown in Fig. 10 and 11. The evaluation concerning the side branches shows
a much higher deviation between GT Fiji and PPFW (see Tab. 1). This can be
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Table 1. Comparison regarding the branches’ lengths (path length Ig in pixels (Px))
and number of branches (Np).

Branch Type || Ground Truth Fiji || Proposed Framework
s [Px] N Iz [Px] Ny
MS 1983 (£731) | 99 || 2030 (£756) 97
SB 667 (+£441) | 143 || 253 (£367) 540
Siliques 179 (£24) | 2953 || 168 (£21) 2680
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Fig. 11. Scatter plot comparing the GT
Fjiji and the PPFW Siliques lengths.
(Pearson’s r = 0.90 (p < 0.01).)

Fig. 10. Scatter plot comparing the GT
Fjiji and the PPFW MS lengths.
(Pearson’s r = 0.99 (p < 0.01).)

explained by extensive overlappings in the exterior parts of the plant. Thereby
a crossing is wrongly resolved as a new (mostly very short) side branch and
terminating branches instead of only terminating branches. During the trait ex-
traction this results in an overestimation of number of side-branches and an
underestimation of number of siliques (compare deviation of number of siliques
and SB in Tab. 1). Furthermore, this is also an explanation of the underestima-
tion of the siliques’ lengths which is noticeable in the scatter plot (Fig. 11) and
the underestimation of the averaged side-branches lengths in Tab. 1.

4.2 Number of Siliques

The identification of the siliques is one of the major interests for biologists. The
relative error is calculated by the difference between the number of siliques of
GT Fiji and the number of siliques determined by the proposed framework.
The mean relative error between GT Fiji and PPFW is (11.66 + 9.09) %. To
compare the deviation between GT Fiji and the PPFW more in detail a Bland-
Altman plot [6] is shown in Fig. 12. While the mean number of siliques per
plant is shown on the x axis, the absolute differences between the number of
siliques determined for both measuring methods are shown on the y-axis. It can
be noticed that more samples are spread below the zero line and the deviation
increases by a rising number of siliques. An example of a labeled plant image
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Fig.13. Exemplary output of PPFW.
The table summarizes the plant’s traits
determined by GT Fiji and PPFW. (Ng

Number of branches type B; I Avg.

lap with each other. This occurs in com-
length of branches type B.)

plex plants at the very upper parts.

as well as its corresponding table of traits is shown in Fig. 13. For illustration
reasons the plant image is inverted and the (overlaid) centerline is thickened.
The different branches are marked in different colors while the siliques and leafs
are shown in turquoise respectively blue. The green triangle denotes the start of
the MS, red triangles denote the termination points and the purple “4” signs
denote branching points. The table of traits contains the number of different
branches (MS, SB, Siliques) as well as the lengths of the MS and the siliques.

4.3 Performance

Besides the accuracy of the measurements the performance of image-based phe-
notype systems is crucial when it comes to a laboratory use. Thus the perfor-
mance of the framework was evaluated concerning the need of manual corrections
(clicks). A manual correction of preliminary results is provided for the steps of
the automated seed point identification and the tracing algorithm. While during
the seed point identification 7 clicks were needed to overcome false positives and
false negatives, the tracing procedure required 112 additional clicks to complete
the centerline extraction process (due to missed branchings or crossings). In to-
tal 119 clicks were necessary while processing all 106 images. The user decides if
a mistakes has been made and if an interaction with the framework is needed.
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5 Conclusion

In this work a semi-automatic framework is presented to extract geometrical and
topological traits from 2D images of mature Arabidopsis plants. We showed that
the use of a tracing approach to gain geometrical and topological information
already during the segmentation of curvilinear objects can be valuable when
topological characteristics are in focus of analysis. The accuracy and the grade
of automation during the plant reconstruction depends on the quality of the
pictures and on the morphological complexity of the plant structure. Unsuper-
vised trait extraction using the proposed framework is reserved to plants with a
limited morphological complexity and images with a uniformly high contrast.

The biggest source of error could be identified with overlapping branches
and stems originating from the image acquisition. If bushy parts of the plants
could be untangled before taking the images, the quality of the trait extraction
would be improved. We have encountered problems finding reliable topological
properties if multiple overlaps occur close to each other. In this case our tracing
method produces a lot of small segments and the “local” systematic classification
between branching and crossing regions gets error-prone. The problem lays in
the way of how we set the rules for clustering and grouping. Especially when
grouping small segments in large clusters (i.e. more than four candidate edges),
there are many plausible way to connect them. Another drawback of is the side-
effect of the error propagation as a wrong, local decision in a cluster node can
lead to a propagation of this error to other nodes. An alternative to overcome this
drawback would be the use of a global optimization approach, such as finding a
minimum spanning tree. This could raise the quality of the results and should
be part of future investigations.

From the phenotypic point of view an accurate topological reconstruction
would rise the number of extractable traits in future works. Such traits can
be the bifurcation ratio or the internodal distance between types of branches.
Furthermore, with use of reliable topological and geometrical traits a context be-
tween these properties could be established. Image-based phenotyping of mature
plants can be a valuable approach for the understanding of the correlation be-
tween the genotype, the phenotype and the environmental conditions of a plant.
Combined with approaches to phenotype plants in earlier stages of growing,
these approaches would open the way to (high-throughput) longitudinal studies
covering the whole life-cycle of a plant.
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