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Abstract

Plant growth visualization from a series of 3D scanner measurements is a challenging task. Time intervals between successive
measurements are typically too large to allow a smooth animation of the growth process. Therefore, obtaining a smooth animation
of the plant growth process requires a temporal upsampling of the point cloud sequence in order to obtain approximations of
the intermediate states between successive measurements. Additionally, there are suddenly arising structural changes due to the
occurrence of new plant parts such as new branches or leaves. We present a novel method that addresses these challenges via
semantic segmentation and the generation of a segment hierarchy per scan, the matching of the hierarchical representations of
successive scans and the segment-wise computation of optimal transport. The transport problems’ solutions yield the information
required for a realistic temporal upsampling, which is generated in real time. Thereby, our method does not require shape
templates, good correspondences or huge databases of examples. Newly grown and decayed parts of the plant are detected as
unmatched segments and are handled by identifying corresponding bifurcation points and introducing virtual segments in the
previous, respectively successive time step. Our method allows the generation of realistic upsampled growth animations with
moderate computational effort.

Keywords: point-based animation, animation, point-based methods, methods and applications, scientific visualization, visual-
ization, optimal transport, temporal upsampling, plant growth, point clouds
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1. Introduction

Modelling, visualizing and analysing plant growth is of great rele-
vance in various domains including biology, agriculture and com-
puter graphics with applications in movie and game productions.
Therefore, the coupling of respective plant models to measure-
ments of growing plants allows a better understanding regarding
the underlying growth processes for individual plant species. While
a conventional video recording has shown great potential for plant
monitoring, its limitations regarding the flexibility of inspecting
plants from arbitrary views and performing three-dimensional (3D)
measurements can only be overcome by directly considering a
complete 3D scan of the plant of interest. However, capturing the
plant growth with all its details relies on a (ideally) temporally
continuous scanning of the plant state which is hindered by the fact
that capturing the plant state at a certain time step usually involves a
time-consuming manual acquisition. This induces larger time inter-
vals between successive measurements. As a plant often has grown

significantly between successive scans, a smooth animation of the
growth process from coarsely taken discrete measurements is not
easily possible. Additionally, suddenly arising structural changes
induced by bifurcation or the evolution of leaves have to be taken
into account when aiming for a smooth completion of the interme-
diate states between successive measurements. Such topological
changes of the underlying ground truth model and the fact that the
measurement process inherently does not guarantee perfectly corre-
sponding points or point numbers for successive point cloud scans
cannot be handled by trajectory-based deformation and morphing
approaches. These require exact point correspondences that can
only be reliably obtained for small deformations and motions and,
hence, are by design not suitable for analysing growth processes
with changing topology [XSWL15]. Further limitations of previous
work on deformations based on exact point correspondences regard-
ing their applicability on growth processes include the assumption
of piecewise rigid motion as used for object tracking [BIZ18], the
requirement of a 3D object template that is deformed and fitted
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Figure 1: Temporal upsampling of two synthetically generated tree point clouds obtained with our method. The original point clouds for the
time steps t; and t;; are highlighted with a grey background and the in-between states have been computed based on our method.

to the point clouds in adjacent time steps using respective priors
(without enforcing temporal coherence) [ZFG*17], the involvement
of a visual hull prior that biases the optimization in the context of
mesh-based approaches [LLV*12] or the need for large databases
required by learning-based methods [WLX*18] that are hard to
acquire due to the time-consuming nature of the scanning process
and the growth of the plants themselves.

In this paper, we address the aforementioned limitations by a
novel method that allows temporal upsampling of coarsely acquired
point cloud sequences of growth processes including topological
changes without requiring exact point correspondences, shape pri-
ors or huge databases. For this purpose, our approach involves an
initial point cloud segmentation and the generation of a hierarchy
on the segments for each of the individual scans, the matching of the
segment hierarchies of successive scans and the final computation
of a segment-wise regularized optimal transport to morph the point
sets associated with matched segments. Newly grown and decayed
parts of the plant, that are detected as unmatched segments, are han-
dled by identifying corresponding bifurcation points and introduc-
ing virtual segments in the previous, resp. successive time step. Fur-
thermore, we present a heuristic segmentation approach that is par-
ticularly suitable for thin structures as occurring for maize plants or
tree structures. By using a memory-efficient formulation of the op-
timal transport problem, our approach is also capable of handling
large point clouds. As demonstrated in the evaluation, our approach
yields smooth temporal upsamplings, allowing for realistic growth
animations with moderate computational effort.

2. Related Work

Temporal upsampling for modelling and visualizing growth and
deformation processes can be approached based on several strate-
gies such as procedural modelling, template-based approaches,
correspondence-based approaches and data-driven approaches. In
the following, we will discuss respective developments in the con-
text of plant growth simulation. In addition, we provide a review
of applications of optimal transport between data distributions in
the context of graphics applications as the use of optimal transport
allows our method to overcome the need for perfect one-to-one cor-
respondences or templates.

Procedural modelling for plant growth. Modelling structures
and phenomena from sets of rules has received a lot of atten-
tion in the contexts of facade modelling and plant modelling.
However, the underlying rules are often not directly known and

have to be derived, for example, using inverse procedural mod-
elling. In the context of modelling plant growth, L-systems have
been extended by growth rules such as relational growth gram-
mars [KKBS05] or tree-species—specific growth rules [LKMHO5],
component-wise time functions of logistic growth [CAJBSO05],
guiding vectors to provide local control over branch orientation
during tree growth [XM15], generic rules to provide sequences
of symbols and branching [SBM*10], the localization and track-
ing of topological events like budding and bifurcation [LPY*12],
growth models [SPK*14] or plant modules for capturing species-
specific branching pattern characteristics that can be combined to
model whole individual plants [MHS*19]. While individual in-
stances can be derived via the use of meaningful parameters and
rules, a smooth interpolation between individual objects or process
instances is challenging as smooth deformations of plants cannot
simply be achieved by interpolating within the parameter space.
In addition, inverse procedural growth models may fail to capture
the nature of input examples that do not capture all of the relevant
growth phenomena and may be limited to certain species.

Template-based and mesh-based interpolation. Early work
on template-based growth analysis and visualization include the
modelling of plant growth in terms of flexible spatio-temporal tem-
plates to represent non-rigid motions [LXZ*97]. Regarding mesh
morphing, the morphing based on local transformations between
source and target meshes such as As-Rigid-As-Possible Shape In-
terpolation [ACOLOO0] and affine transformations [SZGPO05] is not
capable of handling large deformations. The latter also applies to
morphing based on intrinsic shape information such as differential
coordinates [Ale03], linear rotation-invariant (LRI) coordinates
[LSLCOO0S5], Laplacian coordinates with invariance to rotation
and isotropic scaling [SCOL*04], mean curvature flow Laplacian
coordinates [HLWO7], gradient fields [XZWBO06] or the combi-
nation of near-rigid priors with a local gradient field interpolation
[CLO9]. Further work used spatio-temporal skeleton-based models
[ZLLZ12]. Bansal etal. [BT18] introduced a mesh morphing and
interpolation framework based on the Lie Bodies representation.
For large deformations, the authors perform mesh segmentation
and apply the Lie Bodies framework on the respective components.
Furthermore, Chen efal. [CFB16] presented a method for the
simultaneous morphing between two mesh sequences for blending
motions and interpolating shapes. Zhao and Barbic [ZB13] seg-
ment plants from the geometric information to establish a structural
hierarchy that is connected with an Finite Element Methods (FEM)
simulation model to allow deformations. However, template-based
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approaches rely on the availability of 3D object templates that are
deformed and fitted to the observations in adjacent time steps as well
as adequate priors and larger deformations cannot be handledeasily.

Correspondence-based interpolation. Instead of exploring tem-
plates and shape priors given by the mesh representation, several
approaches focused on unstructured representations such as point
clouds, where the missing topological information complicates
the morphing. This has been addressed based on improving the
robustness of correspondences based on local mappings between
the projections of the input point clouds onto a common parameter
space which can be performed in a segment-wise manner for
complex-shaped objects [ XZPF04]. Alternatives include the guid-
ance of the morphing by registration and warp functions [THCF06],
exploiting differential geometry and continuum mechanics to get
physically meaningful transitions [BGQOS5] or the guidance of
the interpolation based on gradient fields [TZZ09]. Wang et al.
[WZH12] presented a method for morphing point-sampled geome-
try based on parameterizing the point clouds onto spheres and then
comparing features. Solenthaler et al. [SZP07] refine irregularly
sampled, dynamic points in the context of particle-based fluid simu-
lation while preserving edges and avoiding point collisions. Further
work on temporal upsampling by interpolating between temporally
consecutive point cloud measurements includes the use of 4D
spatio-temporal models as proposed in the context of large dynamic
urban scenes [JBB13]. Lie et al. [LLV*12] incorporate the visual
hull as a shape topology prior and surface bending energy for shape
completion. Subsequently, inter-frame correspondences are used
to obtain temporally coherent dynamics. The approach can handle
larger deformations and certain topological changes, however, the
topology of the output is tied to the possibly incorrect topology
of the visual hull. Li et al. [LFM*13] exploit a forward-backward
analysis for spatial and temporal analysis of 4D point clouds for
tracking plant parts over time. The co-segmentation framework
proposed by Yuan ef al. [YLX*16] decomposes articulated point
cloud sequences into near-rigid moving parts. Segments derived
using trajectory analysis are progressively propagated to neigh-
bouring frames and merged through all frames using space-time
segment grouping. This results in robustness regarding noise, oc-
clusions as well as variations of pose and view. Similarly, Bertholet
et al. [BIZ18] address motion segmentation from RGB-D videos
by representing motion as a sequence of rigid transformations
through all input frames in an energy optimization framework.
Vlachos et al. [VLSM18] focus on the improvement of animation
reconstruction based on rank minimization while imposing spatial
coherence between successive frame clusters. Furthermore, Xu
et al. [XSWL15] approach trajectory-based shape interpolation by
solving Poisson equations defined on a domain mesh. Interpolated
shapes are reconstructed from interpolated gradient fields that
exploit both point coordinates and surface orientations instead of
directly using point coordinates. The technique shows stable area
and volume changes and overcomes the shrinkage problem of linear
shape interpolation. Zheng et al. [ZFG*17] used a template-based
dynamic tracking algorithm for the temporal reconstruction of
geometry and deformation in point cloud sequences, tailored to
the reconstruction of flower petals. The use of specific priors to
assist the tracking allows handling occlusions and collision-based
interactions at the cost of requiring a suitable template. However,

trajectory-based deformation/morphing approaches require exact
point correspondences that can usually only be reliably obtained
for small deformations/motions and, hence, are by design not
suitable for analysing growth processes with changing topology
due to newly added branches or leaves [XSWL15]. Furthermore,
the points in adjacent point clouds may not exactly represent
corresponding surface parts as the point distribution is determined
by the scanning process. Our approach overcomes these limitations
by considering the point distributions instead of the point cloud
itself. As a result, we can circumvent the establishment of exact
point correspondences that are hard to establish for growing objects
with possibly changing topology.

Data-driven and learning-based interpolation. Data-driven ap-
proaches exploit the availability of large collections of related
exemplars to describe the characteristic deviations between ob-
jects and, hence, to guide the interpolation between object states,
which allows handling large deformations. This has been used in
the context of mesh interpolation based on patch-based LRI coor-
dinates [BVGP09], using an iterative Gauss—Newton method for
shape interpolation [FB11], solving a shortest path problem in
the local linear subspaces derived from a given model database
[GLHH13], using low-dimensional shape spaces that exploit the
specific structure of the interpolation problem [VTSSH15] and us-
ing rotation/translation-invariant representations that define plausi-
ble deformations in a global continuous space [GCLX17]. Further-
more, the approach by Wang ef al. [WLX*18] explores a shape
space technique that relies on the correspondence computation be-
tween trees of different structure and using geodesics to obtain the
continuous blending between trees. However, such collections of
examples that represent the complete range of possible variations
are often not available due to the impractically time-consuming cap-
ture processes.

Optimal transport in graphics and vision. Optimal transport has
been used successfully in various computer graphics and computer
vision applications. Early applications include its use for the mea-
surement of the similarity of images by defining the earth mover’s
distance between colour distributions and between texture feature
distributions as used by Rubner et al. [RTG98, RTGO00]. Further-
more, optimal transport has been successfully used for colour trans-
fer in 2D images based on the regularization with the preservation of
the gradient of the original picture [PKDO7], an approximate vari-
ational formulation using an approximate Wasserstein constraint
on colour statistics and a generic geometric-based regularization
[RP11], regularized discrete optimal transport within a unified con-
vex variational framework [FPPA14], relaxed optimal transport us-
ing a regularization that considers the spatial distribution of colours
[RFP14], by using separate illuminant matching and optimal trans-
fer of dominant colours regularized by thin plate splines [FSDH14]
and extending standard entropy regularization based optimal trans-
port to unbalanced problems [CPSV16].

In addition, optimal transport has been applied for interpolation.
Respective examples include the interpolation between textures
[RPDB11], reflectance models such as bidirectional reflectance
distribution functions (BRDFs) [BVDPPH11, SDGP*15] or bidi-
rectional texture functions (BTFs) [GK18] based on statistical
representations [GK17] as well as geometric models in terms of
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volumetric representations [SDGP*15]. Digne et al. [DCSA*14]
used optimal transport for surface reconstruction and simplification
from point clouds and Merigot et al. [MMT18] investigated optimal
transport between a simplex group and a point cloud.

Plant segmentation. The numerous approaches for plant seg-
mentation include the combination of colour information and 3D
models [ADT11, MBW#*18], adapted surface feature-based tech-
niques [PDMK13], model-based approaches based on cylinder rep-
resentations of stems and separate segmentation tailored to leaves
[GDHB17], skeleton-based stem and leaf point recognition ap-
proaches 2019, facet region growing approaches after an initial
oversegmentation [LCT*18] as well as automated, data-driven ap-
proaches for plant structure segmentation based on geometric fea-
tures and Random Forests classifiers (e.g. [DNC*18]) or geometric
features and clustering 2015.

3. Temporal Upsampling of Point Cloud Sequences Using
Optimal Transport for Plant Growth Visualization

Given a time series of point cloud scans obtained by a 3D scanner,
our goal is to produce a temporal upsampling of the plant growth
that happened between the individual measurements that results
in a realistic, smooth plant growth visualization. As illustrated in
Figure 2, our method consists of the following steps: Initially, the
scans are coarsely aligned to each other (Section 3.1). While it is
possible to set up and solve a single optimal transport problem for
the whole dataset, the result is not satisfactory, as artefacts like
unnatural-looking breaking up of plant parts occur (see Figure 3).
In order to alleviate this, we perform the following steps: First,
a hierarchical segmentation is derived for each scan individually
(Section 3.2). Afterward, the corresponding segments of successive
scans are matched (Section 3.3), which is facilitated by the initial
coarse alignment. Finally, for each pair of corresponding segments,
a regularized optimal transport problem is set up (Section 3.4).
Its solution delivers the information required for a temporal
upsampling, which is obtained by interpolation.

3.1. Coarse alignment

Continuously monitoring plant growth with a fixed arrangement of
scanners is complicated due to self-occlusions induced by growing
plant parts and results in incomplete 3D scans. As a consequence,
detailed plant scans require a manual scanning process, ideally with
a movable scanner platform that can be guided by a user to obtain
complete scans. As this may require the relocation of plants to a
certain scanner platform, successive scans have to be aligned in a
common coordinate system in order to register the individual plant
segments and to allow the consideration of changes induced by the
growth process. For this purpose, we align each scan in the time se-
ries coarsely via the iterative closest point algorithm [BM92] to its
predecessor. We assume that scans in a time series have a consis-
tent scaling.

3.2. Hierarchical segmentation

If used without any further constraints, the later described OT so-
lution will lead to an unrealistic breaking up of the dataset in the

upsampling as shown in Figure 3. To avoid this problem, we seg-
ment the respective point cloud P; of each time step #; into segments
s € Sp,, onto which we restrict the optimal transport problem setup.
These segments are not necessarily matched. Additionally, new seg-
ments might appear due to growth or might disappear due to crop-
ping. In order to be able to better match the segments and handle
growth and decay events, we introduce a hierarchy Hp, on the seg-
ments Sp, of each point cloud P,.

3.2.1. Creating a hierarchy on existing segmentations

In principle, different segmentation techniques may be used to
derive the segmentation Sp,. However, they should be suitable for
the expected plant structures. For a given segmentation of a plant
into its semantic entities like stem, branches, leaves or blossom
petals, we first identify the root segment of the hierarchy Hp, as the
segment containing the point with the lowest vertical coordinate.
Alternatively, the respective segment may also be directly chosen
by the user.

Then, successive nearest neighbour searches are performed to
populate the hierarchy Hp. All segments containing points that
are closer than a user-specified threshold to points of the currently
considered segment are added as children of this segment in the
hierarchy. This is iterated until all segments have been processed.
An exemplary decomposition into a segment hierarchy derived for
a synthetic tree model is illustrated in Figure 4. Here, the ground
truth segmentation of the tree into the stem and individual branches
was directly obtained from the synthesis and we chose the trunk as
the root segment, which is also the segment with the lowest vertical
coordinate. In the case of a given segmentation with no meaningful
root segments, such as in the Komatsuna dataset [USM*17], we
introduce a virtual, empty root segment and add the other segments
as direct successors in the hierarchy Hp,. An example is shown in
Figure 5.

3.2.2. Simultaneous segmentation and hierarchy generation for
thin structures

For plants with thin structures, we can derive the segment hierarchy
Hp, together with the corresponding segmentation Sp, without the
requirement of an initial segmentation of a plant into its parts.

First, we build a k-nearest neighbour graph on the point cloud,
where k is a user-defined parameter. We found k = 15 to deliver
good results in our experiments. On this graph, we compute a min-
imum spanning tree (MST). We assume the point with the smallest
value along the vertical axis to be the root point of the MST, thus
inducing a direction on the graph. When operating on single plants,
this is a reasonable assumption as this point corresponds to the lo-
cation where the stem exits the ground.

For each node v in the MST, we compute the longest possible
path length m, to a leaf node in the MST subtree rooted at v. Start-
ing with the root, we traverse the MST. If we encounter a node v in
the tree where the number of successors u € succ(v) with longest
path length m,, > ¢ is more than one, for a user-defined threshold c,
we found a bifurcation. All of v’s successor nodes u with m, > c are
then considered to be roots of trees corresponding to new biological
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branches. The edges from v to these successors are inserted into a
set E of edges to be removed from the MST, which also define the
connectivity between created segments. After visiting all nodes, the
edges e € E are removed from the MST and the connected com-
ponents of the resulting graph, respectively the corresponding 3D
points, define the segmentation Sp, on the point cloud P;. At the same
time, a separate graph representing the hierarchy Hp, of the segments
in Sp, is created. The root segment is chosen such that it contains
the MST root node. Two segments sy, s, € Sp, are connected in Hp,
if an edge (u, v) € E exists with u € s, and v € 5. An example of
the resulting segmentation and the corresponding hierarchy graph is
depicted in Figure 6.

3.3. Segment matching

Given segmentations of two point clouds P and Q for successive
time steps, we match the segments of P and Q using the hierarchies
Hp and H, built in the previous step. We differentiate the following
cases:

1. The labels are consistent and the number of segments is iden-
tical. This is usually the case with manually segmented data,
when no new segments have grown. An example is shown in
Figure 5(a).

2. The labels are consistent and the number of segments varies.
This is usually the case with manually segmented data, when
new structures represented by new segments have grown or parts
have decayed. An example is shown in Figure 5(b). For growth
scenarios, small new virtual segments are added to the first point
cloud P and matched to the otherwise unmatched segments of
the second point cloud Q. These virtual segments are used to
generate a growth animation. For decay scenarios, we add a
point set that represents the decayed leaf. As a heuristic, we gen-
erate this point set by moving the segment’s points towards the
smallest vertical coordinate, which is perceived as the floor. Al-
ternatively, this segment may be simply faded out. We empha-
size that the respective choice depends on the preferences of the
user.

3. The labels are inconsistent. This can occur if the labelling has
been generated automatically with no additional information. In
this case, we perform a matching algorithm, which is described
in Section 3.3.1. Growth or decay may also occur and is handled
analogously to the scenario with a consistent labelling.

3.3.1. Segment matching with inconsistent labelling

If different IDs are assigned to corresponding segments sp, 5o in
consecutive scans, we use the Wasserstein distance d,, (sp, so) (see
Equation (1)) as a similarity measure between the two segments
sp, 5o, that is, the cost of warping the point distributions onto each
other. Initially, only the root segments of the hierarchy are consid-
ered to be matched. We then alternate between merging and match-
ing segments in the hierarchy, which is explained in detail in the
following paragraphs.

Merging. For each newly created match of the segments (sp €
Hp, sg € Hp), we try to merge the segment in the second point cloud
so with one of its children cy € succ(sp), as long as this reduces
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Figure 2: Overview of our method: First, a hierarchical segmenta-
tion is generated for each scan, which is followed by a matching of
the segments of point clouds obtained for successive measurements
at the time steps t; and t;, and the computation of segment-wise
optimal transport solutions used for temporal upsampling.

the Wasserstein distance d,,(sp, sp) between the associated point
clouds. The rationale behind this step is to adapt to different seg-
ment hierarchies induced by growth or decay processes. For exam-
ple, a new biological branch might have appeared in the later states
of the plant growth, which leads to the splitting of the segment of
the previous scan at the location where the new part starts growing.
This process is repeated until no further improvement is possible.

Matching. When no further merging steps are possible, we create
a matching of the remaining child segments. Since the scans are
segmented individually, the association of corresponding parts be-
tween the segmentations has still to be computed in order to be able
to set up an optimal transport problem between segment pairs. An

Without Segmentation

/ 4

/ ~/
XY Y YO

it

With Segmentation

li

Figure 3: Comparison between animations generated from the
same data without segmentation (top row) and with segmentation
(bottom row). Images with a grey background correspond to the
input scans. Images with a white background represent upsampled
data. In the case without segmentation (top row), the plant breaks
up in an unrealistic way. Using segmentation (depicted in the bot-
tom row), this problem is solved, because transport is restricted to
take place only within a segment.
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Figure 4: Exemplary segment hierarchy obtained from an initially
provided plant segmentation: The artificially generated tree has a
natural segmentation. We impose a hierarchy by heuristically or
manually selecting a root (the tree trunk) and then performing suc-
cessive nearest neighbour searches in order to generate a hierarchy
on the segments.

example of the segmentations and the associated graphs of two con-
secutive scans is shown in Figure 6.

In order to resolve this ambiguity, we perform the following
matching step: We compute the pairwise Wasserstein distances
d,(cp, cg) between the point clouds associated with the child seg-
ments cp € succ(sp) and cp € succ(sp). The pairwise costs are
stored in a cost matrix. The optimal association of the child seg-
ments is computed with optimal transport.

Segment growth and cropping/decay. A plant’s growth may yield
new parts like new branches or leaves. Analogously, there may also
be a loss of parts such as the falling of leaves or the breaking of
branches. This is reflected in the segment hierarchy. If the current
target segment s has more children than sp, a new part has grown. If
s has fewer segments, plant parts have been cropped or decayed and
fallen off the plant. In order to handle these cases, we create virtual
matching segments. The child segment with the largest Wasserstein
distance to any child segment of the other point cloud is considered
unmatched and a virtual segment is generated in the other scan.

For growth scenarios, the point cloud associated with the virtual
segment is generated by searching / points in the point cloud of
sp, that are closest to the points of the unmatched segment of point
cloud Q. [ has to be chosen by the user, depending on the density of
the point cloud. In our experiments, we found values between 10 and
100 to deliver good results. These points are duplicated, labelled as
anew segment and added to the segment hierarchy. The newly gen-
erated virtual segment is matched with the previously unmatched
segment. This procedure is repeated for all unmatched segments.

For cropping or decaying scenarios, our goal is to generate an an-
imation of the cropped part falling to the ground. Note that other
solutions like the fading out of the respective points or their im-
mediate removal are also viable and can be generated analogously.
We duplicate the points of the cropped segment, but set their verti-
cal axis coordinate to the point cloud’s minimum. These points are

Y

(a) Small Growth

(b) Significant Growth & New Part

Figure 5: Labelled point cloud scans from the Komatsuna dataset
[USM*17]. (a) shows two successive point cloud scans which are
consistently labelled and only a small amount of growth happened.
In this case, no further matching of the segmentations is necessary.
(b) shows two point clouds where there has been significant growth
in the meantime. While consistent labels are assigned to the individ-
ual parts, for the newly grown part a small new virtual segment is
added to the first point cloud and matched to the unmatched segment
of the second point cloud.

Figure 6: Segmented point clouds of two successive scans of a
maize plant. The hierarchy graphs are plotted on top of the plants
and shown additionally in the boxes. Although the numberings of the
nodes, indicated in terms of the segment colours, differ, our method
allows a correct matching of corresponding segments.

added as a new segment to O, which is then matched to the previ-
ously unmatched segment of P.

3.4. Optimal Transport plan for two point clouds

So far, we have outlined how point clouds are segmented and how
the segments are associated between different time steps. Based on
this information, we perform temporal upsampling by warping, re-
spectively, matching the point distributions of previously matched
segments. Let P and Q be their respective point clouds, which we
want to match onto each other using optimal transport. Solving the
optimal transport problem for given point clouds P and Q involves
the computation of the Wasserstein distanced,, (P, Q), which is es-
sentially the cost of the optimal transport solution, that is, the cost
of warping one distribution onto the other, and the temporal upsam-
pling is performed by using the solution for the interpolation of the
point clouds.

In the (discretized) optimal transport problem, each point p, € P,
1 <a<|Plandg, € Q,1 < b < |Q|is assigned a mass m, and m,,,
respectively, such that 3, _ o 1. = 1 =}, o 1, The goal is
to find an optimal transport plan, which transports all mass from P to
Q, minimizing the cost, which is given by a cost matrix C € R/"1x12I,
with entries C,;, defining the cost of transporting a piece of mass
from p, to g, where one common choice is given by the euclidean
distance. The optimal solution is a transport matrix T € R/"*19! with
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entries T, denoting the amount of mass transported from p, € P to
g» € Q, chosen such that the total transport cost is minimized. The
optimal transport problem can be written as a linear program:

d(P.Q)=min Y Y Ty-Co e

I=a<|P| 1=b=|Q|

s.t. Z mg-Ty=m, VI<b<|QAbeN

1=<a<|P|

2 : ’
ny, - ];tb =my

1=<b<0|

Vi<a<|PlrnaceN,

which minimizes the (discretized) squared 2-Wasserstein distance
d,, (P, Q) between the point clouds P and Q. For small point clouds,
this problem can be solved by standard algorithms.

Transport problem setup. In order to compute the optimal
transport from point cloud P to Q, we have to define the
point masses m, and mj,, and the entries C, of the cost
matrix C. Since we do not have any particular preference
for certain points, we define their masses uniformly as m, =
1/|P| and m, =1/|Q| for each point p, € P and ¢, € Q,

respectively.

For each point p, € P, we collect the k nearest neighbours g, €
Q. This graph is represented by a sparse matrix Cp, where entry
Cpa» = d(pa, qp) is the distance between p, and g, if g, is one of
the nearest neighbours. If g, is not among the k nearest neighbours
of p,, we define Cp,, = 00. The matrix Cp is the cost matrix of
transport from the source cloud’s points to the target cloud’s points.
This is a reasonable approximation to the true dense cost matrix,
since points in Q that are far away from a point p, are unlikely to be
used as targets for transporting mass from p, in the solution of the
full optimal transport problem. The cost for transporting from p, to
non-neighbour points is thus infinite.

It is possible that some points of the target point cloud are not
among the nearest neighbours. Since we want to compute a so-
lution to the optimal transport problem that transports from each
point and to each point, this is not desirable. In order to alleviate
this, we also compute the k nearest neighbours p, € P for points
q» € Q. This is also represented by a sparse matrix Cp, where en-
try Co.u» = d(pa, q») represents the distance between p, and g, if
Do is among the nearest neighbours of g;,. The resulting cost ma-
trix C is then defined as the coefficient-wise minimum of Cp and
Cy. k determines the sparsity of the matrix and is user-defined. We
found k = 15 to deliver good results in our experiments. Thus, in
the resulting graph, there are at least k connections from each point
in the source cloud to points in the target cloud and also at least
k connections from each point in the target cloud to points in the
source cloud.

The Sinkhorn algorithm for regularized optimal transport. The
optimal transport problem is approximated by the regularized opti-
mal transport problem, which we solve using the Sinkhorn algo-
rithm [Cutl3]. In the regularized transport problem, the objective
function in Equation (1) is modified to

min Y Y T Cop— yH(), @

I<a<|P| 1=b=|Q|

where H(T) is the entropy of the matrix T', defined as

HT)=- Y Y Ty,logTy. 3)

l=a<|P| 1=b=|Q|

Inserting Equation (3) into Equation (2) yields

rnTin Z Z T -Cu+y Z Z Tplog T,  (4)

1=a=|P| 1=b=|0| I=a=|P| 1=b=|Q|

It can be shown [Cut13] that minimizing Equation (4) leads to the
following condition for the elements of T

Tab = uaKab Up, (5)

where K, = exp(—C,,/y) are the entries of a matrix K and u =
(U4)as v = (vp), are unknown vectors. K is also a sparse matrix and
the infinite distances in C become O in K. This property is important
in order to be able to handle large point clouds. A full cost matrix
for large point clouds would not fit into the computer’s memory.
We initialize the vectors u = (u,), = 1,v = (v,), = 1Va € A, b €
B. The Sinkhorn algorithm then finds an approximate solution by
iterating the following steps: m = (m,),, m' = (m}),,

1. u< moKu
2. v<m QKv,

where @ denotes an element-wise division. The elements of the ap-
proximate solution matrix T are then 7, := u,K,,vp.

Using the solution of the transport problem for interpolation.
The solution of the transport problem is a transport matrix 7" of the
same size as C, where each entry 7, denotes the amount of mass
that has to be transported from p, to ¢,. Since we are interested in
an interpolation animation that is visually appealing, we set up the
following requirements:

* No point can disappear, that is, each point of P has to move to at
least one point of Q.

¢ No point can appear out of nowhere, that is, for each point of Q
there must be at least one point of P moving to it.

* For efficiency, as few as possible point pairs should be used for
the transport.

A solution to the first two requirements is to use each entry
T.» > 0 of the transport matrix and interpolate p, to g,. If there are
several T, > 0 for fixed a, we create copies of p,, which follow dif-
ferent animation paths to their respective ¢g,,. Since the cost matrix C
allows up to k targets for each p,, the number of transported points
isatmost k - (|P| + |Q|) instead of |P| - |Q]. Yet, this may be an un-
necessarily huge amount of transported points, which is inefficient
for real-time animations as the number of point copies may still be-
come very big. In order to alleviate this, we perform the following
optimization: We create a matrix 7”, which contains a 1 only at the
maximum entry of each row of T at their respective position. All
other entries are set to 0. We create another matrix T”, which is 1
only at the column maxima of T and 0 otherwise. We then generate
amatrix T = %(T "+ T") which is used for the transport instead of
T.
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Figure 7: Several stages of a growing maize plant, visualized with our method. Real measurements are highlighted with a grey background,
while temporally upsampled data generated with our method are shown with a white background.
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Figure 8: Several stages of a growing maize plant. Images with a
grey background are input data. Images with a white background
were generated with our method. Between the two successive scans,
the plant has grown regarding its size as well as a newly evolved
leaf. The budding process was generated automatically. In the up-
per row, the points were colourized according to their label. Note
that the labels and their respective colours in the input data (grey
background) do not match, because the input scans are segmented
individually. Our matching method automatically produces correct
assignments. The label colour of matched segments is interpolated
over time (white background) in order to visualize this.

Having this transport plan, we can visualize the result as an ani-
mation, where each point p; and its copies are transported linearly
to the g;’s positions in real time.

4. Results

In this section, we show results obtained with our method. All ex-
periments were performed on a PC with an Intel Core i7-8700K
CPU and 64 GB RAM. We implemented our approach in Python.
An overview of the computation times, separated into segmentation
(where applicable) and segment matching and solving of the opti-
mal transport problem is given in Table 1. The upsampling using

Table 1: Overview of computation times for the segmentation step and the
combined matching and optimal transport step for different datasets. For
datasets that are already segmented, we do not report timings for segmenta-
tion.

Dataset Segmentation Matching + optimal transport
Maize plant 12.1s 50s

Cropped maize 3s 6s

Synthetic Tree 1 425 42's

Synthetic Tree 2 - 88s

Komatsuna Plant 0 - 105 s

Komatsuna Plant 0/10 - 8s

the optimal transport solution and the visualization run in real time,
thus no computation times are given for this step.

Maize plant time series. We generated a smooth animation from
eight scans of a maize plant. These were acquired with a hand-held
laser scanner, in a fashion comparable to the one described by Paulus
et al. [PSKL14]. Exemplary input scans and upsampled data are
shown in Figure 7 and a full animation is shown in the accompa-
nying video. Figure 8 shows two input scans from this dataset and
their upsampling in more detail. The segmentation of these scans is
shown by the colouring of the plant. The labels and their respective
colours do not match in the input scans, because the point clouds
were segmented individually. Our matching method automatically
assigns the correct segments to each other. This is visualized by in-
terpolating the segment colour in the upsampled data. The scans in
this dataset have between 1700 and 5000 points, which took 12.1
s. The point cloud matching and computation of optimal transport
took 50.0 s. The total computation time was 62.2 s. The visualiza-
tion of the interpolation runs in real time.

We also computed an animation without computing a segmen-
tation, using the described interpolation method on the whole point
clouds, as shown in Figure 3. Here, parts of one leaf get transported
to a different leaf, because it exhibits a stronger growth than before.
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Figure 9: Temporal upsampling generated from the two input point
clouds highlighted with a grey background. The inputs are identi-
cal, except that the light blue leaf was removed in t;, simulating the
growth of a new plant part. The new leaf grows smoothly.
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Figure 10: Animation generated from the two input point clouds
from Figure 9 in reverse order. The inputs are highlighted with a grey
background, depicting the full plant as the source and the cropped
plant as the target (automatically modified version shown here). The
cropped leaf falls slowly to the ground.

Employing the segmentation prohibits this artefact because the
transport is restricted to take place only between matched segments.

Cropped maize. In order to test the handling of cropped plant seg-
ments, we manually removed a leaf of the maize plant. As a first
test, we used the cropped plant as the source and the complete plant
as the target. The result is an animation of a growing leaf, shown in
Figure 9. For the second test, we used the full plant as the source
and the cropped plant as the target. Our method is able to generate
an animation of the cropped leaf falling to the ground, shown in
Figure 10 and the accompanying video. The full plant had 5080
points, the cropped one 4100. The total time required for segmen-
tation was 6 s. The time for computing the upsampling was 3 s in
both cases.

Synthetic Tree 1 time series. We generated a dataset of four vir-
tual scans of a simulated growing tree with 778 to 2253 points. The
segmentation took 4.2 s. Matching and optimal transport took 42.0's.
Our visualization runs in real-time. The dataset and its upsampling
are shown in Figure 11 and the accompanying video.

Synthetic Tree 2 dataset. We generated a synthetic tree dataset
consisting of two point clouds, representing tree states for different
times with a considerable growth in-between including the growth
of many new branches, where the first has 77,448 points and the sec-

ond one 326,032 points. A huge amount of growth with many new
branches occurred. The segmentation was given due to the synthe-
sis, as shown in Figure 4. We created a hierarchy on the segments
as described in Section 3.2.1. The computation of the matching and
optimal transport plan took 88 s. Our algorithm was able to generate
a smooth and realistic animation, which is depicted in Figure 1 and
shown in the accompanying video.

Komatsuna dataset for instance segmentation, tracking and
reconstruction. The Komatsuna RGB-D dataset described by
Uchiyama et al. [USM*17] consists of a time series of RGB and
depth images of five plants acquired with an RGB-D camera, as
well as a manually created labelling of the plant parts. All plants
were recorded six times a day over a period of 10 days. For our
experiments, we used plant 0 and constructed coloured 3D point
clouds from the RGB-D images for each plant part. Each label in
the dataset defines a segment in our context and is interpolated sep-
arately. In order to obtain a hierarchical representation, we create
an empty virtual root node and added child nodes representing the
plant’s leaves.

Due to noise in the original data, the depth-discontinuities at leaf
boundaries are not precisely aligned with the RGB images and la-
bel data, and the depth of thin branches is not well-captured. There-
fore, we apply a semi-automatic pre-processing step before creat-
ing the 3D point clouds: First, we remove all depth values which
we consider to be incorrect in a manual process and mark them
as ‘unknown’, which usually occurs at the boundaries of leaves.
In a second step, we fill in the ‘unknown’ depth values based on
the known valid depth values, similar to the approach of Desbrun
et al. [DMSB99]. This is carried out for each label of each plant
separately.

This dataset shows partial occlusions and in some cases slightly
misplaced manual labels. In Figure 12 and in the accompanying
video, it can be seen, that, while the general animation is smooth,
these two aspects lead to some visual artefacts. The temporal oc-
clusion leads to leaves seemingly shrinking away from the centre
of the plant and growing back to the centre shortly later. The mis-
placed labelling leads to some points moving between leaves. Both
are limitations of our method and may be addressed either in pre-
processing or in future work. The computation time was 105 s.

As an additional experiment, we used only each 10-th scan of the
Komatsuna plant 0 dataset. The resulting upsampling looks convinc-
ing and shows fewer visual artefacts since by skipping input data, we
essentially removed high-frequency temporal noise as also demon-
strated in the accompanying video. The computation time was 10 s.

Verification: Reconstruction of the Komatsuna dataset by skip-
ping original data. To analyse the quality of the upsampling, we
omit every second frame of the original dataset and compare it with a
reconstruction generated with our method. As an example, we show
scan 3 of day 9 of plant O of the dataset. The whole dataset was re-
scaled to fit into the [0, 1]* unit volume. Comparing the reconstruc-
tion to the original data resulted in a mean distance of 0.001728 unit
lengths, a standard deviation of 0.001130 unit lengths and a maxi-
mum distance of 0.00787517 unit lengths. A visual comparison is
shown in Figure 13.

© 2020 The Authors Computer Graphics Forum © 2020 Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd



176 T. Golla et al. / Temporal Upsampling With Optimal Transport

i
i
i
|

5]

Y

~
[

Figure 11: The Synthetic Tree 1 dataset consists of four time steps t, to ts. Input scans are highlighted with a grey background. The dataset
was temporally upsampled with our method in the intervals [t,, ;] and [t3, t,], respectively, shown with a white background.
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Figure 12: Artefacts in the input data, like the temporarily severed
stalk in the back and the partially occluded leaf on the right in this
example are temporally upsampled as shrinking and growing an-
imations. Input scans are highlighted with a grey background. We
suggest a pre- or post-processing in order to mitigate these artefacts
for future work.
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(a) Original data from (b) Reconstruction from
time step t; neighboring time steps
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Figure 13: Reconstruction of a point cloud of the Komatsuna
dataset. Left: Original data of scan 3 of day 9 of plant 0. Cen-
tre: Reconstruction of this data, using scans 2 and 4 of day 9 of
plant 0. Right: Colour-coded reconstruction error. Lower values
are coloured in blue, higher values in red. The maximum error is
0.00787517 unit lengths, with input data scaled to the unit volume.

5. Limitations and Future Work

The segmentation algorithm described in Section 3.2.2 is designed
for thin structures as occurring in the plant data considered, whereas
the matching and optimal transport components of our method do
not have such limitations. In the future, we intend to investigate
the combination of our method with other segmentation techniques,
such as PointNet [QSMG17]. Furthermore, our method is tailored
to data that can be represented as a hierarchy of segments, and the

results of our method depend on the quality of the input data. If the
input data seemingly move back and forward, as in the Komatsuna
dataset, this is also mirrored in our upsampling. The plant movement
can be due to the natural movement of the plant or due to scanner
noise. Varying sampling in the input data can also lead to counter-
intuitive movement of the individual points in the upsampled dataset
in some cases. This can either be resolved by resampling the data
in a pre-processing step or by introducing additional constraints to
the optimal transport problem, which would be an interesting di-
rection for future work. Noisy points are not smoothed out by the
method itself. In this case, we rely on pre-processing. Furthermore,
our method does not fill in temporarily occluded regions of the point
cloud data. This can be resolved by preprocessing the data with ex-
isting methods like 3D shape inpainting.

Our method matches the segments traversing the hierarchy in a
greedy fashion. While this strongly reduces computational com-
plexity, it can also lead to errors that could be prevented by compar-
ing all possible successor combinations. Segments that were pruned
completely can be recognized and handled in a user-defined fashion.
Partially pruned segments are currently not recognized and thus re-
sult in a shrinking animation. In the future, we would like to explore
possibilities for handling these cases, for example, by comparing the
volume and only allowing volume increases for the animation. Vol-
ume decreases could be either faded out or filled.

6. Conclusion

We presented a novel, efficient approach for the temporal up-
sampling of point cloud sequences that, by design, circumvents
limitations of previous approaches that rely on exact point corre-
spondences, shape priors or the availability of huge datasets and
allows handling topological changes to be expected for several
growth processes. For this purpose, our approach involves an
initial automatic alignment of successive scans, the generation
of a segment hierarchy for each individual scan, the match-
ing of the segment hierarchies obtained for successive scans
and the final computation of segment-wise regularized optimal
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transport in a memory-efficient way that allows morphing the
distributions of the point sets associated with matched segments
onto each other. As demonstrated by our evaluation, our ap-
proach allows the generation of a smooth temporal upsampling
of the input point cloud sequence and, hence, a realistic growth
animation. We believe that our method will be useful for biolo-
gists and researchers in the field of agriculture, as well as in the
entertainment industry.
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