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Abstract: Non-destructive plant growth measurement is essential for plant growth and health
research. As a 3D sensor, Kinect v2 has huge potentials in agriculture applications, benefited from
its low price and strong robustness. The paper proposes a Kinect-based automatic system for
non-destructive growth measurement of leafy vegetables. The system used a turntable to acquire
multi-view point clouds of the measured plant. Then a series of suitable algorithms were applied to
obtain a fine 3D reconstruction for the plant, while measuring the key growth parameters including
relative/absolute height, total/projected leaf area and volume. In experiment, 63 pots of lettuce
in different growth stages were measured. The result shows that the Kinect-measured height and
projected area have fine linear relationship with reference measurements. While the measured total
area and volume both follow power law distributions with reference data. All these data have shown
good fitting goodness (R? = 0.9457-0.9914). In the study of biomass correlations, the Kinect-measured
volume was found to have a good power law relationship (R? = 0.9281) with fresh weight. In addition,
the system practicality was validated by performance and robustness analysis.
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1. Introduction

Non-destructive plant growth measurement is the basis for many fields which focus on plant
growth and health research, including phenotyping and breeding, crop production forecast, fertilizer
and water management and other related applications. Height, leaf area, volume and biomass [1]
are the major growth parameters of commonly researched plants, especially for leafy vegetables.
Manual measurement for these parameters can be time-consuming and labor-intensive, thus the study
of automatic and non-destructive measurement technology is important and necessary. For many
years, a lot of studies have been carried out focusing on this issue, with different devices and methods.

With the development of sensors and computer technology, three-dimensional (3D) information
was involved to achieve better measuring accuracy and more detailed spatial morphology of plant.
Stereo vision is one of the most commonly used techniques for plant growth measurement [2-6].
The method usually has fine resolution and good measuring speed but its accuracy could not be so
reliable since it is sensitive to the texture of measured object. Structured light is another technique to
acquire 3D information and it has been successfully used in high-accurate plant growth monitoring [7]
and other related studies [8-10], but the equipment is either complicated or expensive, which could
limit its application. Time-of-flight (ToF) cameras were also introduced by some studies for 3D
plant measurement [11-14]. High measuring speed and strong robustness are the advantages of
these devices, whereas the major weakness is the existing high noise among 3D data. In addition,
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plant 3D information can be acquired from 2D images [15] or videos [16,17] captured by a single
camera. There are also many cost-intensive methods focusing on detailed 3D reconstruction for plants
using devices such as laser scanners [18,19] and light-filed cameras [20], or studying plant internal
microstructure in 3D with tomography technology [21-23].

In recent years, consumer-grade depth (or known as RGB-D) sensors have drawn much attention
from researchers of different fields, due to their low price, high frame rate and strong robustness.
Besides, these sensors usually have an integrated color camera, which makes it possible to acquire
color and 3D information simultaneously. Kinect is one of the most representative depth sensors.
The first generation of Kinect (v1), released in 2010 by Microsoft, uses structured light (light coding) to
acquire 3D information and it has been introduced in plant growth measurement by many researchers,
such as [24-26]. While the newer version (v2) of Kinect (released in 2014), based on ToF measuring
principle (using infrared light with a wavelength of 860 nm [27]), has a higher resolution and
better accuracy than Kinect v1. This brings better opportunities for plant growth measurement
study. A few valuable attempts have been carried out based on Kinect v2, including open field crop
monitoring [28-31], greenhouse plant measurement [32], apple trees modeling [33], etc. However,
the existing high noise of Kinect-measured point cloud [34] is still a challenge for close-range plant
measuring and modeling. Although some robust modeling algorithms have been proposed, such as
KinectFusion [35,36], the results of plant 3D reconstruction are not always satisfactory [37].

The paper proposes an automatic system to perform 3D reconstruction and measure key
growth parameters for single potted leafy vegetables, based on Kinect v2. The goal is to obtain
fine 3D point clouds and mesh models of plants, and estimate height, (total and projected) leaf area,
volume and biomass (fresh/dry weight), from the measured 3D data, with good accuracy and efficiency.
Lettuce was used as the main research object in our study.

The major contribution of this study are as follows. First, a non-destructive plant 3D measuring
system was built based on a low-cost sensor, and the scanning and data analyzing processes work
automatically using a few suitable algorithms. Second, the system can achieve fine 3D reconstruction
for leafy vegetables, while measuring the key growth parameters accurately. Besides, the system
shows good robustness and suitability for different leafy vegetables and it has the potential for future
applications such as plant growth monitoring.

2. Materials and Methods

2.1. Platform

As shown in Figure 1la, the platform of our system mainly consists of a Kinect v2 sensor,
a computer, a turntable with markers and a turntable controller. The computer was used to acquire and
process the data captured by Kinect and control the turntable by communicating with the turntable
controller. The measured plant was placed on the center of turntable. The Kinect was mounted on a
tripod, facing the plant downward by 45°, at a distance of about 0.75 m (Figure 1b). The background
was built with black materials to avoid environmental disturbance.

To obtain fine color images, a white card was used to balance color from outside because the
integrated color camera of Kinect is fully automatic and non-adjustable. The card was bound with
Kinect on the right side near its color camera, occluding one third of the camera view. As shown in
Figure 1c, the image without the white card is so bright (due to the black scene) that the plant color is
seriously distorted, whereas the image with the card appears normal. Besides, the measured region
was not hidden by the card for the depth camera since it is on the left of the color camera.
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Figure 1. Platform of our system (a), relationship of each component (b) and effect of the white card (c).

The arrows in (b) represent data flow directions.

2.2. Data Acquisition

The procedure of data acquisition based on our platform is shown in Figure 2, which was
automatically controlled by the computer. Each measured plant was scanned from 18 views by turning
the turntable every 20° The turntable stopped every time after each turn, so that the measured object
can be relatively static for Kinect to acquire data.
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Figure 2. Data acquisition procedure of our system. Solid lines are the main processes and dashed lines

represent to use the information/data obtained by previous steps.
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For each time of data acquisition, 50 continuous frames were captured and averaged to decrease
random noise. The obtained point cloud was colored by mapping color image onto 3D points using
the interfaces provided by Kinect SDK. As result, a colored point cloud and an IR image were obtained
for each view (since Kinect’s depth camera can capture point cloud and IR image simultaneously).
The point cloud was pre-denoised first to remove flying pixels and violently-fluctuating points.
Then the turntable was detected from the point cloud by plane fitting and circle recognition algorithms.
Based on the detected turntable information (orientation, inlier indexes, etc.), the measured object was
extracted from point cloud, meanwhile markers were detected from IR image and their 3D coordinates
were also obtained from the point cloud. After that, the extracted object point cloud and marker points
were transformed to the turntable coordinate system, based on turntable orientation and turning angle.
The turntable coordinate system was defined as: the origin is the turntable center; the z axis points
upward, perpendicular to the turntable; and the y axis points to the projection of the first viewing
direction on z = 0 plane.

After all the point clouds from 18 views were obtained, global registration was performed with
the clouds’ corresponding marker points, based on the iterative closest point (ICP) algorithm [38].
At last, outliers were removed from these point clouds by neighbor-checking, so that seriously deviated
noisy points can be eliminated. The processed 18 point clouds can be seen as a whole in Figure 3
(bottom-left), with their common coordinate system.
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Figure 3. Main procedure of point cloud processing and plant growth parameters measurement.
Solid lines are the main processes and dashed lines represent to use the information/data obtained
by previous steps. The point clouds and triangular meshes appeared in this figure can be found in
Supplementary Material A.

Based on this principle, it is neither necessary for Kinect to be fixed at a certain position, nor a
calibration was needed before each scan, since the turntable and markers were detected dynamically.
Therefore, the system robustness can be guaranteed and it is easy to use.

2.3. Plant and Non-Plant Segmentation

The point clouds of potted plants include plant and non-plant parts. As shown in Figure 3,
the plant part is the major data used to measure growth parameters and the non-plant part is used to
obtain information for absolute height measurement. Therefore, an accurate segmentation is needed
for both the plant and non-plant point clouds.

The segmentation is based on color information, since the plant part is basically green and it can
be obviously distinguished from the non-plant part. However, the color of each local area is not so
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coherent due to the inconsistent color mapping of different views’ point clouds. This brings difficulty
for accurate segmentation. Therefore, the local color was smoothed first using a neighbor-based
weighting method. But the smoothed color was only used as reference for segmentation, rather than
changing the color of the actually processed points, so that color details can be kept for other purposes
(though it was not involved in the current study).

After that, the plant and non-plant segmentation was performed based on HSI (Hue-Saturation-
Intensity) color space, which is commonly used for color-based segmentation since it is more intuitive
than RGB (red-green-blue) color model and can be efficiently converted from RGB values [39]. To make
the segmentation reliable and robust sufficiently, we selected three pots of lettuce in different sizes
and segmented their point clouds manually to get the HSI distribution (Figure 4), so that these
data can be used as training set to build segmentation models. During manual segmentation, a few
points were treated as ambiguous part, because the color of these points seems like neither plant nor
non-plant. The reason for this is to build two different models for plant and non-plant segmentations
respectively, in order to get clean point clouds with few ambiguous points. Thus, the ambiguous part
was regarded as negative sample for both the plant and non-plant parts (Figure 4a). Based on the
manually segmented samples (Figure 4b,c), quadric surfaces were constructed for the segmentation,
which were obtained by polynomial fitting with the manually-selected points around the boundaries
between positive and negative samples. However, we cannot find a surface to separate the two kinds
of samples perfectly, so extra thresholds were used along with the constructed surfaces. The resulting
segmentation models are as follow. Note that H, S and I channels have been normalized into [0, 1),
[0, 1] and [0, 1], respectively.

Plant:
S>01land I >0.05and I > f(H,S), 1)
f(H,S) =1.114 — 4.9H — 0.229S + 6.066 H> — 0.1638H - S + 0.185252,
Non-plant:
S<0lorlI<¢(H,S),
< <g8(H,95) o)

¢(H,S) = 0.6475 — 2.777H — 0.2797S + 3.714H2 + 0.1326H - S + 0.113352,

where f(H, S) and g(H, S) are the functions of the quadric surfaces for plant and non-plant
segmentations respectively.

The result of HSI-based segmentation can be seen in Figure 4a, which shows little difference
comparing to the manually segmented result. To future evaluate the effectiveness of this method,
another three pots of lettuce in different sizes were used as test sets. The reference data of test sets were
also segmented manually. Table 1 lists the HSI-based segmentation results of the training set and test
sets, using true positive rate (IPR) and true negative rate (TNR) as index (calculated by points number).
It shows that all the TPRs and TNRs are above 99% for both the plant and non-plant segmentations and
there is no obvious difference between training set and test sets. Actually, the error was mainly from
the ambiguous points around the quadric surfaces (see the circled points in Figure 4b,c), which has
little effect on the segmented result. Therefore, it indicates that the method is effective enough for our
research objects.

Table 1. Segmentation results of plant and non-plant point clouds based on HSI color space.

Plant Segmentation Non-Plant Segmentation
Data Set
TPR TNR TPR TNR
Training Set 99.86% 99.46% 99.74% 99.89%
Test Set 1 99.91% 99.04% 99.19% 99.75%
Test Set 2 99.79% 99.63% 99.41% 99.96%

Test Set 3 99.85% 99.19% 99.89% 99.88%
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Figure 4. Plant and non-plant segmentation based on HSI color space: (a) data set definitions
and segmentation results; (b) plant segmentation model; and (c) non-plant segmentation model.
The data points in (b,c) are from the training set (combined by the data of three different sized plants).
The interactive 3D scatter plots of (b,c) can be found in Supplementary Material B.

2.4. Plant Point Cloud Processing

2.4.1. Noise Reduction

Since the plant point cloud has been obtained, future processing including the measurement of
most plant growth parameters, can be performed on this basis. As shown in Figure 3, the first step is
to reduce noise for the plant point cloud, because future processes could be affected if the noisy points
of leaves were not eliminated. The noise is not only located around the leaf surfaces but also caused
layered points for some leaves. Our solution used different algorithms to reduce these two kinds of
noise respectively.

First, the multi-view interference elimination (MIE) algorithm was used to process the layered
points. In Figure 5a, the two layers of points were actually from one leaf, because the refraction,
transmission or multi-reflection of the ToF measuring light inside/among leaves resulted in the
inaccurate distance measurement, thereby leading to separated layers when a leaf was measured from
different sides. The IterationTimes is a key parameter of MIE to limit its max iteration times, since MIE
is a time-consuming iterative method. The optimal value for the parameter is 6 since it can well recover
two layers into one layer, whereas the result of 3 (times) is unsatisfactory and a large value (9 times) is
unnecessary due to time-saving purpose.
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After that, the moving least squares (MLS) algorithm [40] was used to reduce the remaining
local noise around leaf surfaces. MisRadius is a key parameter of MLS, which represents the radius of
smoothing range. Here 0.01 m was selected for MIsRadius to achieve satisfactory result (Figure 5b),
because some noise still exist when using a smaller value (0.005 m), whereas points could be
over-smoothed if a larger value (0.015 m) was given. So far, the denoised plant point cloud is clean
and smooth enough to be applied in later processes.

MIE
(IterationTimes)

MLS
(MlsRadius)

Triangulation
(PointSpacing,
TriEdgeLength)

0.001, 0.006 0.002, 0.008 0.003, 0.01
4

(d)

Smooth Boundary
(BoundarySmoothR)

Input 0.01 0.015 0.02

Figure 5. Key parameter optimization for major algorithms. In each row (a-d), the left title is the
algorithm name with its key parameter(s) in parentheses, then follows the input data and the results
under three different settings, where the optimized values are underlined. Arrows indicate the
discussed key areas. All numbers are in meters except for IterationTimes.

2.4.2. Triangulation

To represent leaf surfaces, triangular mesh was constructed based on the denoised plant point
cloud. Since the cloud is too dense to generate triangles, a down-sampling was performed first by
repeatedly merging neighborhood points until any two points” distance is greater than or equal to the
given threshold PointSpacing. This ensures proper space among the down-sampled points to prevent
generating abnormal triangles.

After that, triangulation was performed by the following steps: First, generate triangles from the
down-sampled points by ensuring that no point is in the minimum enclosing ball of each triangle
(similar to the Delaunay triangulation [41]) and all triangle edges should be smaller than the threshold
TriEdgeLength to avoid connecting discontinuous surfaces. Second, apply filters to remove abnormal
triangles, including redundant paired triangles, suspended triangles, multi-connected triangles and the
triangles nearly perpendicular to surfaces. Third, remove small components (i.e., the interconnected
triangles with a small total area). Fourth, generate triangles to fix the holes with just three edges.
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A triangular mesh with few defects can be obtained after these steps. Figure 5c shows the effects
of different PointSpacing and TriEdgeLength, which are used to control the fineness of triangular mesh
and should be adjusted together since they are associated by scale. Here we select 0.002 m and
0.008 m for the two parameters respectively, because the leaf details were weakened when using larger
values (0.003 m, 0.01 m), whereas smaller values (0.001 m, 0.006 m) are unnecessary thereby avoiding
generating too many triangles and slowing down later processes.

However, the constructed triangular mesh has uneven boundaries that may result in inaccurate
leaf measurement. The jagged edges (Figure 5d) were mainly caused by the noise on leaf boundaries,
which cannot be properly processed by the abovementioned point-cloud-based denoising algorithms.
Therefore, boundary smoothing was performed by moving each boundary point and its neighbors
to their weighted-average positions based on local computations. BoundarySmoothR is the threshold
to represent smoothing range. Here 0.015 m was selected for the parameter, because sharp edges
could still exist when using a smaller value (0.01 m), whereas a larger value (0.02 m) may result in
over-smoothed boundaries and leaf surface distortion. Ultimately, a smoothed triangular mesh can
be obtained.

2.5. Segmentation Based on Pot Shape Feature

The in-pot parts (including soil and in-pot plant), which are necessary for plant height
measurement (Figure 3), need to be obtained by pot-shape-based segmentation. So, the relevant
pot shape information should be acquired first. As shown in Figure 6, the pot shape can be represented
as a part of a cone, since the pot we used is basically truncated-cone-shaped. The first step is to extract
two sets of points (C; and C;) as samples from the non-plant point cloud at two different heights,
within the intervals of z coordinate (Figure 6a): z; = Az for C; and zp £ Az for C,.

Non-plant

F F Denoised Plant In-pot Plant

(@) (b) (© (d) ()

Figure 6. Principle of pot shape feature extraction and in-pot parts segmentation: (a) sample points
extraction; (b) circle fitting and cone apex calculation; (c) construction of datum plane and adjusted
cone (red); (d) in-pot point clouds segmentation; (e) segmented results.

Then, two circles were fitted by least square method (in 2D space) based only on the (x, y)
coordinates of the points in C; and Cy, respectively (Figure 6b). The fitted circle radiuses are 71 and r5.
The circle centers (in 2D) were used as the (x, y) coordinates of their 3D centers O; and O;, while the z
coordinates of O; and O, are the average z of C; and C,, respectively.

Therefore, the two 3D circles can be obtained, which represent the horizontal sections of the pot
at two different heights. Based on this, a cone was then constructed (Figure 6b) and its apex F can be
calculated as follow:

T
F:(O1—Oz)'r2_2rl+oz ®)
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Since the cone is roughly tangent to the pot surface, it can be used to segment the in-pot points.
To ensure the robustness of segmentation, an adjusted cone was constructed by shrinking the original
cone (Figure 6¢), so that no points near the pot side surface would be involved. Moreover, to simplify
computation for further segmentation, a datum plane S, was constructed at a vertical distance of 1 m
above the apex F. On this plane, the radius 7, of the adjusted cone’s section can be calculated using O;

and rq:
"

, (4)

r: ]’ = —_—
8 =1 Tm 17201—ZP

where 7 is the shrinking coefficient of the adjusted cone, r;, is the radius of the original cone section on
Sm, zo1 and zr are the z coordinates of O; and F respectively.

When a point is projected onto S, by conical projection, its x and y coordinates can be calculated
as follow:

pr(Q) = xp + 22 o
py(Q) = yr + 1L

where Q is the point to be projected, px(Q) and py(Q) are the functions to get the x and y coordinates
of Q’s projection respectively, (xo, ¥g, zg) and (xr, yr, zf) are the (x, y, z) coordinates of Q and
F respectively.

Thus, the center O, of the adjusted cone’s section can be expressed as (px(O1), py(O1), zr + 1),
by projecting Q1 onto S;; (Figure 6¢). Based on this principle, the segmentation can be performed by
checking whether a point’s projection on Sy, is in the circle with center O, and radius 7,;, combining with
additional z coordinate thresholds (Figure 6d). The equations for soil and in-pot plant segmentation
can be expressed as follow:

Cs={ @ | Ipx(Q — xouP +PY(Q) — youl® < e 20 € [z:1,22), Q€ Crp J+ )

Cipp = { Q | \/[PX(Q) — xom)” + [PY(Q) — yom* < 14, 2q € [21,72], Q € Cpp } )

where Cg and Cjpp are the point clouds of soil and in-pot plant respectively, Q is a point in the non-plant
point cloud (Cnp) or the denoised plant point cloud (Cpp), xo, and yo,, are the x and y coordinates
of Oy, respectively, [zs1, zs2] and [zp1, zp2] are the intervals of z coordinate for soil and in-pot plant
segmentation, respectively.

For our experimental objects, the values of the abovementioned parameters are: z; = 0.035 m,
Zp =0.095m, Az=0.006m, 1 =0.9, z51 =0.11 m, z5» = 0.168 m, Zp1 = 0.12 m, Zpy = 1 m. The segmented
results can be seen in Figure 6e.

2.6. Growth Parameters Measurement

2.6.1. Height

Since all the required data have been obtained by previous processes, plant growth parameters
can be measured on this basis. Plant height was measured based on the point clouds of denoised
plant, soil and in-pot plant. Relative height and absolute height(s) were measured in this study,

whose definitions can be seen in Figure 7.
B+ x
o Nas e m
hy <% h
) v

Denoised Plant Soil In-pot Plant

Original
Point Cloud

Figure 7. Definitions and principles of plant height measurement.
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Relative height (hg) was defined as the vertical distance from pot bottom to the top of plant.
Since the coordinate origin of the processed point clouds is exactly on the turntable surface,
the z coordinate of pot bottom can be regarded as 0. Therefore, hg can be obtained simply by getting
the maximum z coordinate of the denoised plant point cloud.

Absolute height represents the vertical distance from the base of main stem to the top of plant,
which can be measured by two different methods: soil method and plant bottom method. The soil
method regards the soil surface as the (vertical) location of stem base. So, the absolute height of the
soil method (h45) is the difference between the relative height (k) and soil height (hg):

has = hg — hs (8)

where /g is the average z coordinate of the soil point cloud.

However, soil could be totally hidden by leaves, so there may be less or no points in the soil point
cloud. Therefore, to ensure the reliability of soil height measurement, a threshold MinSoilPoints was
used to limit the minimum allowable number of soil points. That is to say, if the number of soil points
is smaller than the threshold, the calculation of 45 will not be performed. MinSoilPoints was set to 10
in our experiments.

The plant bottom method regards the lowest point of the in-pot plant as the stem base of plant.
The reason of using in-pot plant rather than the whole plant is to avoid involving the outside leaves,
which may have lower points than the inside part. Thus, the absolute height of the plant bottom
method (h4p) can be calculated as follows:

hap = hg —hp, ©)
where hp is the minimum z coordinate of the in-pot plant point cloud.

2.6.2. Leaf Area

Since leaf surfaces have been represented by the triangular mesh, total leaf area and projected
leaf area can be measured based on the mesh. In our study, total leaf area was simply calculated by
summating the area of all triangles in the mesh. While projected leaf area was defined as the vertical
projection area of the measured plant, thus the triangular mesh was projected onto the x-y plane
along z axis to get the area. However, the projected triangles could be overlapped (such as the case
in Figure 8) and the combination for large number of triangles can be a complex process. Therefore,
a simple but not completely precise method was used to get the projected area. As shown in Figure 8,
a matrix of points with a same spacing Adpy4 in x and y direction was created on the projection plane
first. Then check whether each point was inside any of the projected triangles. So, the projected leaf
area (Spa) can be calculated based on the number of the inside points:

Spa = Npa - Ad3y, (10)

where Np4 is the number of the points inside any of the projected triangles.

Actually Ad%, is the area represented by each matrix point and Adps can be seen as the precision
of area calculation. So, the resulting Spq can be roughly equal to the precise projected area if Adpy
is small enough. ProjAreaPrecision is the parameter to determine the length of Adps. As shown in
Figure 9a, three different sized plants (lettuce) were used as samples to explore the effect of different
precisions. The results under a small-enough ProjAreaPrecision (0.0001 m) were used as reference for
error calculation. The figure shows that the error almost stopped decreasing when the parameter was
set smaller than 0.001 m, meanwhile the max error (<0.2%) is acceptable. So, 0.001 m was selected for
ProjAreaPrecision and the resulting projected leaf area can be regarded precise enough.
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Figure 9. Precision parameters optimization for projected leaf area (a) and volume (b). The selected
values are shown as dashed lines.

2.6.3. Volume

The volume of plant was measured based on tetrahedrons. Similar to the triangulation process,
the tetrahedralization should be based on a down-sampled point cloud to construct tetrahedrons with
proper sizes. Since the triangulation had achieved a smooth and fine result, the triangle vertexes
extracted from triangular mesh were used as the points to construct tetrahedrons (Figure 3). Then,
overlapped tetrahedrons were constructed from these points and the maximum edge length of
tetrahedrons was limited by the threshold TetraEdgeLength. That is to say, all tetrahedron edges should
be smaller than the threshold. The reason of generating overlapped tetrahedrons, rather than using a
subdivision method, is to involve all points and represent the actual leaf shape as fully as possible.
As shown in Figure 10a, P; to Ps are the points to construct tetrahedrons and the distance between any
two points is smaller than TetraEdgeLength, except for Py and Ps. Thus, two overlapped tetrahedrons
(P1PyP3P4 and P1P,P3P5) can be constructed (Q is their intersection). So, if the overlapping case
is not allowed, only one tetrahedron can be constructed from four of the five points (P1P,P3Py as
example) and as result, another point (P5) will be useless. Therefore, our method can estimate the
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volume of measured object from points more reasonably. Besides, to ensure the consistency of shape
representation, TetraEdgeLength was set to the same value (0.008 m) as TriEdgeLength.

The close-up tetrahedralization result of a leaf (Figure 10b) shows that even a small number of
points can construct large numbers of tetrahedrons. Therefore, it is not easy to get the (non-repetitive)
total volume from these overlapped tetrahedrons. So, we used a method similar to the projected leaf
area measurement, to measure the volume with 3D point matrix. As shown in Figure 10c, the matrix
points have a same spacing (Ady) in x, y and z direction. Thus, the volume (V) can be calculated based
on the number of points (Ny) inside (any of) the tetrahedrons:

V = Ny - Ady, (11)

P, (@

~Ps

Input Vertexes

Tetrahedralization Result
(surface representation) (wireframe representation)

(b)

Figure 10. Principle of tetrahedralization and volume measurement: (a) overlapped tetrahedrons
construction; (b) tetrahedralization result; (¢) volume measuring principle. In (c), the points inside
and outside the tetrahedrons are in green and red, respectively, and their sizes are differed by viewing
distance (the farther the smaller).

Similarly, Ad3, is the volume represented by each matrix point. VolumePrecision is the precision
parameter to determine the length of Ady. As shown in Figure 9b, the same three samples used
for ProjAreaPrecision optimization were also used to optimize VolumePrecision and the results under
0.0001 m were used as reference for error calculation. It shows that the error almost stopped decreasing
when the parameter was smaller than 0.0005 m, while the max error (<0.2%) is also acceptable.
So, 0.0005 m was selected for VolumePrecision to ensure that the volume calculation is precise enough.

2.7. Experimental Design

To verify the accuracy and effectiveness of the proposed system and methods, experiments were
carried out in batches. Potted lettuce (variety: Qingfeng, a kind of butter lettuce) was used as major
experimental object. The lettuce seeds were planted on the same day and each pot was ensured to have
only one lettuce before experiment. 7 batches of experiments were carried out once a week, started
form the 4th week (day 28) after sowing and each batch used 9 pots of lettuce, thus there are 63 samples
in total and the time span of measurement is 43 days (from day 28 to day 71). The reason for this is
to acquire and analyze the data of different sized plants, but no experiment was arranged in the first
4 weeks because the plants were too small for Kinect to obtain valid data. In the experiment, each plant
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was measured first by our system (under the same indoor lighting condition), then its height and
projected leaf area were measured by other non-destructive methods as reference. After that, the leafy
part was cut off and destructive methods were then applied to measure other reference growth indexes,
sequentially, including fresh weight, total leaf area, volume and dry weight. That is to say, plants in
different growth stages were measured by our system and reference methods, and each plant was
measured only once as the data of one sample.

The program used to obtain and process point clouds was written in C++, based on the Point
Cloud Library (PCL) v1.7.2 [42]. And all the above mentioned algorithms have been integrated into
the program, so that it can run automatically once all parameters have been set properly. The key
parameters and their values used in our experiment are listed in Table 2. Besides, all data were
processed on a computer (the one in Figure 1) with Intel Core i7-4790 CPU and 8 G DDR3 RAM (GPU
was not involved in computation).

Table 2. Descriptions and values of the key parameters used by our methods.

Parameter Value Description
IterationTimes 6 Maximum iteration times of MIE.
MisRadius 0.01 (m) Radius of MLS smoothing range.
PointSpacing 0.002 (m) Minimum spacing of points for down-sampling.
TriEdgeLength 0.008 (m) Maximum length of triangle edge for triangulation.
BoundarySmoothR 0.015 (m) Radius of boundary smoothing range.
MinSoilPoints 10 Minimum allowable soil points number to get soil height.
ProjAreaPrecision 0.001 (m) Spacing of matrix points for projected leaf area measurement.
VolumePrecision 0.0005 (m) Spacing of matrix points for volume measurement.
TetraEdgeLength 0.008 (m) Maximum length of tetrahedron edge for tetrahedralization.

3. Results and Discussion

3.1. Height Measurement

As mentioned above, the relative and absolute heights were measured by our system and reference
method. The reference heights were measured by hand with a ruler, where the relative height was
measured vertically from pot bottom to the top of plant and the absolute height was measured from
soil to the top of plant. The manually measured absolute height was used as reference for both soil
and plant bottom methods.

The result of height measurement for the 63 samples is shown in Figure 11a—c. It shows that the
Kinect measurements have good linear relationship with reference data, for all the three measured
results. Therefore, linear fitting was performed for these results and the corresponding fitting details
can be seen in Table 3. It shows that the fitting goodness of relative height (R? = 0.9914) is better than
the two absolute heights, while the soil method (R? = 0.9855) performed better than the plant bottom
method (R? = 0.9457) for absolute height. However, since the soil of some samples was barely visible
for Kinect, there are only 57 valid data points in the result of soil method.

Table 3. Details of the fitting results for reference—Kinect data and Kinect—biomass data.

Relation Variables Fitted Formula R? RMSE
Relative Height ¥ =1.002x — 0.7111 0.9914 0.2923 (cm)
Absolute Height (Soil Method) y =1.021x — 0.5781 0.9855 0.3944 (cm)
ReferenceKinect ol i\?%";&fﬁﬁﬂo 9 y = 0.9409x + 0.2327 0.9457 0.6957 (cm)
Total Leaf Area Y =44.17x04321 _ 2688 0.9460 72.43 (cm?)
Projected Leaf Area y=0.788x + 1.252 0.9510 31.32 (cm?)

Volume y=4726x05121 — 3911  0.9673 2.522 (cm®)
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Table 3. Cont.

Relation Variables Fitted Formula R? RMSE
Total Leaf Area—Fresh Weight y = 0.005783x133 0.8917 6.652 (g/cm?)
Total Leaf Area—Dry Weight y = 0.0001681x1436 0.7781 0.6303 (g/cm?)
Kinect—Biomass
Volume—Fresh Weight y = 0.1949x1:492 0.9281 5.420 (g/cm?3)
Volume—Dry Weight y = 0.006076x1-66° 0.8402 0.5349 (g/cm?)
Relative Height Absolute Height (Soil Method) Absolute Height (Plant Bottom Method)
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Figure 11. Data distribution and fitting results for relative height (a), absolute height based on soil
method (b) and plant bottom method (c), total leaf area (d), projected leaf area (e) and volume (f).
The original data for this figure can be found in Supplementary Material D.

Mean absolute error (MAE) and mean absolute percentage error (MAPE) were used in Table 4
to show the accuracy of the Kinect measurements comparing to reference values for the data with
linear relationships. All the three kinds of measured heights show good accuracy, where the relative
height has the lowest MAPE (2.58%) and the soil method (absolute height) has the lowest MAE
(0.4657 cm). For the relative height result, the existing error was mainly caused by random factors
since the slope (1.002) of the fitted line is close to 1, but its intercept (—0.7111) could result from system
error. For the result of absolute height with soil method, the main error source is the uneven soil
surface, which could bring errors for both Kinect and manual measurements. For the result of plant
bottom method, the error was mainly caused by the occlusion of leaves, because the actual bottom of
the in-pot plant could be hidden by leaves.

Table 4. Error of the measurements with linear relationships.

Measurement MAE MAPE

Relative Height 0.6550 (cm) 2.58%

Absolute Height (Soil Method) 0.4657 (cm) 5.46%
Absolute Height (Plant Bottom Method) 0.6070 (cm) 6.39%

Projected Leaf Area 85.49 (cm?) 21.59%
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As a comparison, the absolute height has advantage in reflecting actual plant height, despite the
better linear relationship of the relative height measurement. For the absolute height measurement,
the soil method is more accurate than the plant bottom method, but the latter can be used as an
alternative when the former cannot obtain valid data due to unobservable soil.

3.2. Leaf Area Measurement

To verify the accuracy of the (total and projected) leaf area measured by our system, reference
measurement data were obtained by relatively accurate methods. The reference projected leaf area was
measured by taking photos for each plant along with a few reference markers of known size, based on
a color camera directly above the plant. The markers were put beside the plant, at a roughly-average
height of the leafy part. So, the projected area can be calculated based on the marker area and the ratio
of leaf-marker pixels (selected by hand) in the photo. The total leaf area of each plant was measured by
cutting off every single leaf, and using a flatbed scanner to scan the leaves along with a few reference
markers of known size. So, the area of scanned leaves can be calculated similarly, based on marker
area and the leaf-marker pixel ratio in the scanned images. Thus, for each plant, the sum of all leaves’
scanned area can be seen as the total leaf area.

The result of total leaf area measurement (Figure 11d) shows that the reference-Kinect
measurements generally follow a power law distribution. Besides, the data points became discrete
as the total area increased. The reason is that the occlusion of leaves appeared only when the plant
had grown to a certain stage and the individual differences of leaf occlusion resulted in the discrete
data. This can also explain why the data points follow a power law distribution, because when a plant
had more leaves, the more parts of leaves were invisible for Kinect. Figure 12 shows the triangulation
results of three different sized plants. It is obvious that, as new leaves grew, the inside leaves were
hidden by the outside ones, so the resulting triangular mesh can only represent the visible leaves.
Another reason for the missing data is that, part of leaves were either deviated from (i.e., almost parallel
to) the viewing direction or hidden by other leaves during the scanning process, though these areas
were visible in the photo. Besides, the completeness and correctness of the triangular mesh could be
affected by many factors, including remaining noise, over denoised (removed or smoothed) points,
wrongly generated triangles and so on. Nevertheless, the true total area can still be estimated from
Kinect measurements, since the fitting result (Table 3) is generally good (R? = 0.9460).

Sample 1

Sample 2 Sample 3

Photo

Triangulation
Result

Figure 12. Triangulation results of plants in different sizes. The triangular meshes can be found in
Supplementary Material C.

In the result of projected leaf area measurement (Figure 11e), the data points generally have a linear
relationship. There was one point excluded as abnormal data, since it has a large deviation. Similar to
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the total area result, the data points became discrete as the projected area increased. In addition to the
effects of individual differences, the main reason is that some leaves cannot be effectively measured by
Kinect even though they were visible, thereby resulting in several “holes” among leaves. This usually
happened around the center of plant, especially when the plant had grown to a certain stage. Because
the complicated structures of central leaves sometimes resulted in unreliable measurement due to the
multi-reflection effect of ToF sensor and could be removed as noise. As can be seen from Figure 13,
the triangulation results of the center leaves were not so reliable and stable, even for the different
growth stages of a same plant. Besides, another error source cloud be the inaccurate measurement
of leaf edges, which made some leaves a little smaller than their actual sizes. Actually, this is the
reason why the fitted line (Table 3) has a small slope (0.788) and the measurement has a large error
(MAPE = 21.59%) in Table 4. Overall, however, the fitting result (R?> = 0.9510) is fine enough for
our system to obtain accurate projected leaf area, by adjusting Kinect measurements based on the
fitted formula.

Photo

=
k=]
s =
= 3
33
g
=
=
500 100%
— + - Reference Measurements
—x— Kinect Measurements -
400 —— Adjusted Kinect Measurements 80%
— — @ — Relative Error of Kinect Measurements X
& ——
g ---m--- Relative Error of Adjusted Kinect Measurements R ¥=-- .
= 300 Xx= T 60% 2
o4 T i}
< ©
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S 200 40% T
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o - *
a ¥
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________ - e T
= = — e T e B
~~~~~~ W I
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Day of Measurement

Figure 13. Results of projected leaf area monitoring (periodical measurement) for a single plant.

3.3. Volume Measurement

Similarly, the volume measured by our system was also compared with reference measurements.
The reference volume was measured by water displacement method, using a measuring cylinder.
Actually, to ensure accuracy, the height of liquid level was measured by taking photos and counting
pixels based on the measuring cylinder’s scale. The result in Figure 11f shows that the data points
follow a power law distribution. Similar to the total leaf area, this was mainly caused by the occlusion
of leaves. But since the constructed overlapped tetrahedrons cannot truly reflect the thickness of leaves,
the measured volume is not necessarily proportional to the true volume, as the plants grew. This cloud
be another reason for the power law distribution. The error of the discrete points was possibly caused
by the differences of leaf shapes, because the thickness formed by the tetrahedrons could be different
on flat and uneven leaf surfaces. Overall, since the fitting result (Table 3) is fine enough (R? = 0.9673),
it is feasible to estimate true volume from Kinect measurements with good accuracy.

3.4. Correlations between Kinect Measurements and Biomass

To further research the correlations of Kinect measurements and biomass, fresh weight and dry
weight of plant were measured during experiment. Fresh weight was measured right after the leafy
part was cut off, with an electronic balance. And dry weight was measured by drying leaves with direct
drying method until the samples had reached constant weight. Since biomass is usually proportional to
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total leaf area and volume, these two indexes measured by Kinect were used to research the correlations
to fresh weight and dry weight.

The result of Kinect-measured total leaf area and fresh/dry weight can be seen in Figure 14a,b.
It shows that both the two data sets follow power law distributions. Fresh weight shows better fitting
goodness with total leaf area than dry weight (Table 3), but both of the two fitting results are not so
satisfactory. The poor data consistency could be affected by many factors, including leaf occlusion,
individual differences, biomass measuring error, old /withered leaves, etc. The individual differences
of moisture content could be the reason why dry weight data are more discrete than fresh weight data,
which might be caused by the different sizes or numbers of old leaves.
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Figure 14. Correlations of Kinect measurements and biomass: Kinect measured total leaf area and fresh
weight (a), Kinect measured total leaf area and dry weight (b), Kinect measured volume and fresh
weight (c), and Kinect measured volume and dry weight (d). The original data for this figure can be
found in Supplementary Material D.

The data of Kinect-measured volume and fresh/dry weight also follow power law distributions
(Figure 14c,d), whereas the fitting results are better than the ones of total leaf area (Table 3), for fresh
and dry weight respectively. Similarly, fresh weight shows better fitting goodness with volume than
dry weight and the fitting result of fresh weight is basically satisfactory (R? = 0.9281). The error sources
are generally as same as the abovementioned aspects of total leaf area. But since volume has better
correlations with biomass, it indicates that the volume measurement can better reflect the actual plant
biomass, than the measurement of total leaf area.
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Therefore, comparing to total leaf area, the volume measured by Kinect has better correlations
with biomass, while fresh weight shows better correlation with Kinect measurement than dry weight.
The fitting results indicate that, it is feasible to estimate true fresh weight from Kinect volume
measurement but the estimation of dry weight might not be accurate enough.

3.5. Performance Analysis

To evaluate the performance of the proposed measuring system, the consumed time of each plant’s
measurement was recorded. All data were obtained and processed by a same computer (mentioned in
Section 2.7), and the time of data processing (not including the scanning process) was the average of
three repeated tests. The statistical results of time consumption can be seen in Figure 15. The data was
grouped by original point cloud size and it ranges from 3.73 min to 37.32 min. It is obvious that the
total time increases with the increasing number of input points and it basically follows a power law
distribution. Therefore, plant size can be a major factor that affects time consumption, thus the system
efficiency will be reduced when dealing with large sized plants.

2700
2400 | mmmm Data Acquisition
mmm MIE Denoising

~ 2100 .
o) Volume Computation
c
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Figure 15. Time consumption of our system, for single plant measurement. The data are grouped
by the number of points in original point clouds and the major time-consuming processes are in
different colors.

In fact, the data acquisition time basically remained unchanged (about 180 s) no matter how
many points were in the point cloud, because most time was spent on the rotation of turntable.
So, the increased time was mainly caused by only a few processes in the data processing stage.
The figure shows that, the MIE denoising and volume computation are the major time-consuming
processes, whereas the other processes contributed little to the increased time. Therefore, to reduce
time consumption, the following improvements can be carried out in the future: Increase the turntable
speed while ensuring the stability of plant; Optimize the MIE algorithm or replace it with other
denoising methods; Decrease the precision of volume measurement to find a better balance between
effect and time; And, use multithread or GPU-based methods to speed up the algorithms. As an
example of multithread acceleration, the scanning process runs in one thread, while running multiple
data analyzing processes for different datasets in other threads, thereby saving a tremendous amount
of time (depending on CPU performance) and improving the overall throughput.
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3.6. Future Applications

To explore the feasibility of the system for future plant growth monitoring (periodical
measurement) applications, a tentative experiment was carried out by measuring a single pot of
lettuce every two days (Figure 13). Since the measured plant should remain undamaged to get the data
of different growth stages, we used projected leaf area to evaluate the measuring effects because the
reference measurements can be obtained non-destructively. As mentioned above, the fitted formula
of projected leaf area can be used to correct Kinect measurements. Thus, the result was adjusted by
substituting Kinect measurements in the equation x = (y — 1.252)/0.788, which was derived from
Table 3. As shown in Figure 13, the error of adjusted Kinect measurements decreased as the plant grew
larger and it was almost close to zero after day 7. Whereas the (unadjusted) Kinect measurements
always have large errors. This indicates that the adjustment is effective but it might not quite suitable
for the plants in an early growth stage. Therefore, the overall accuracy and practicality of our system is
satisfactory, which shows good feasibility for future applications such as plant growth monitoring.

In order to test the suitability of the proposed system, four different species of leafy vegetables
were measured by our method, with the same settings used in the lettuce experiment. The obtained
point clouds and triangular meshes can be seen in Figure 16. It shows that all the results are generally
good, and both the point clouds and meshes can correctly reflect the shape of leaves. This indicates
that our system has good robustness for different species of leafy vegetables and it also proves that the
selected parameters are not so sensitive to different shapes of leaves. However, thin stems cannot be
effectively measured by Kinect due to its limited resolution, so the stems are missing in the obtained 3D
data (see the right two samples in Figure 16). This can be a limitation of our system if stem information
is needed. Besides, the current HSI segmentation model is not necessary suitable for non-green
vegetables (e.g., in purple), thus an adjusted model is required in such situation. Nevertheless,
the overall robustness of the proposed method can be guaranteed and it shows good practicality for
the measurement of different leafy vegetables.

Romaine Lettuce Basella Alba Qianbaocai Spinach

Point Cloud Photo

Triangular Mesh

Figure 16. 3D reconstruction results for different species of leafy vegetables. The Qianbaocai is a hybrid
of Brassica oleracea L. and Brassica campeseris L.
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4. Conclusions

The paper proposes an automatic system for non-destructive growth measurement of potted leafy
vegetables, based on Kinect v2 sensor. Multi-view point clouds of the measured plant were acquired
with a turntable, then plant 3D reconstruction and growth parameter measurement were performed by
processing these point clouds with a series of suitable algorithms, including segmentation, denoising,
triangulation, etc. The system is capable of measuring plant height, total/projected leaf area and
volume. In this paper, the principles of major algorithms were discussed and the key parameters were
optimized to obtain satisfactory results.

Experiments were carried out by measuring 63 pots of lettuce in different growth stages.
The result shows that, the height measured by our system has good linear relationship with reference
measurements. More specifically, relative height shows better fitting goodness (R? = 0.9914) than
absolute height, while the soil method (R? = 0.9855) has better accuracy than plant bottom method
(R? = 0.9457) for absolute height measurement. Besides, the measured projected leaf area also shows
good linear relationship (R? = 0.9510) with reference measurements. Whereas, the measured total leaf
area (R? = 0.9460) and volume (R? = 0.9673) both follow power law distribution with reference data.
In addition, the correlation study of Kinect measurements and biomass shows that, both the measured
total leaf area and volume have general power law relationship with biomass. Kinect measurements
have better correlations with fresh weight than dry weight, and volume can fit better with biomass
than total leaf area. Among them, volume and fresh weight have the best fitting result (R? = 0.9281).
Therefore, it is feasible to estimate key growth parameters from Kinect measurements combining with
the fitted formulas, with good accuracy. Furthermore, the system performance and the feasibility for
future applications have been evaluated, showing good robustness and applicability.

As a comparison with present Kinect-based methods [28-33,37], the proposed system has
advantages in achieving fine 3D reconstruction and accurate growth parameter measurement, but a
major weakness of our method is the limited throughput due to the time-consuming problem.
When compared to many other state of the art methods [4,5,7-10,15,19,20,23], the incomplete data
(such as “holes”) and the lack of details can be a drawback for our reconstructed results, despite
the low-cost advantage of our system. Therefore, the proposed system is more applicable to those
applications which have limited budgets but low demands for precision and throughput.

The major contributions and advantages of our study are: The proposed system can obtain fine
3D reconstruction for leafy vegetables using a low-cost sensor; the whole workflow of scanning and
data processing is automatic; key growth parameters can be measured accurately with a few properly
selected or designed algorithms; and, the system has generally good robustness for different sizes,
shapes, or species of green leafy vegetables.

However, the current study has a few limitations. First, the data processing speed can be
influenced by the number of input points, which could be a time-consuming problem for large sized
plant. Second, a stable lighting environment is required, since the segmentation of plant/non-plant is
sensitive to color. Third, only truncated-cone-shaped pots can be used for our method, otherwise the
in-pot parts cannot be segmented correctly. Fourth, each plant has to be put manually on the turntable,
thereby limiting the application in automation scenarios.

Further works may include: Find a self-adaptive parameter selection method for the involved
algorithms to make the system more flexible for different cases; Optimize algorithms or use other
techniques (multithread, GPU, etc.) to speed up the time-consuming processes; Adapt the system to
more species of leafy vegetables and test the robustness under different situations; Extra sensors can
be introduced to obtain more complete information, such as measuring the plant from above with
another camera; Make full use of the acquired colored 3D data, including point cloud and triangular
mesh, to study and gain more growth and health information, such as stresses and diseases.
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Supplementary Materials: The following are available online at www.mdpi.com/1424-8220/18/3/806/s1.
Supplementary data associated with this article have been provided. These data include the point clouds
and meshes appeared in figures, the data sets used by scatter plots, and interactive MATLAB 3D scatter plots.

Acknowledgments: The authors gratefully acknowledge the financial support provided by the National High
Technology Research and Development Program of China (2013AA103007), the Ministry of Agriculture of China’s
“Introduction of Advanced International Agricultural Science and Technology” Project (2011-G32), and the
151 Talent Project” of Zhejiang Province, China.

Author Contributions: Yang Hu, Qian Wu and Huanyu Jiang conceived and designed the experiments; Yang Hu,
Le Wang and Lirong Xiang performed the experiments; Yang Hu analyzed the data and wrote the paper.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Lati, R.N,; Filin, S.; Eizenberg, H. Estimation of plants’ growth parameters via image-based reconstruction of
their three-dimensional shape. Agron. . 2013, 105, 191-198. [CrossRef]

2. Andersen, HJ.; Reng, L.; Kirk, K. Geometric plant properties by relaxed stereo vision using simulated
annealing. Comput. Electron. Agric. 2005, 49, 219-232. [CrossRef]

3.  Lati, RN,; Filin, S.; Eizenberg, H. Estimating plant growth parameters using an energy minimization-based
stereovision model. Comput. Electron. Agric. 2013, 98, 260-271. [CrossRef]

4. Yeh, YH.E; Lai, T.C,; Liu, T.Y;; Liu, C.C.; Chung, W.C,; Lin, T.T. An automated growth measurement system
for leafy vegetables. Biosyst. Eng. 2014, 117, 43-50. [CrossRef]

5. Aksoy, E.E.; Abramov, A.; Worgbtter, F; Scharr, H.; Fischbach, A.; Dellen, B. Modeling leaf growth of rosette
plants using infrared stereo image sequences. Comput. Electron. Agric. 2015, 110, 78-90. [CrossRef]

6. An, N.; Palmer, C.M.; Baker, R.L.; Markelz, R.C,; Ta, J.; Covington, M.E; Maloof, ].N.; Welch, S.M.; Weinig, C.
Plant high-throughput phenotyping using photogrammetry and imaging techniques to measure leaf length
and rosette area. Comput. Electron. Agric. 2016, 127, 376-394. [CrossRef]

7. Li, Y,; Fan, X,; Mitra, N.J.; Chamovitz, D.; Cohen-Or, D.; Chen, B. Analyzing growing plants from 4D point
cloud data. ACM Trans. Graph. 2013, 32, 157. [CrossRef]

8. Bellasio, C.; Olejni¢kova, J.; Tesaf, R.; Sebela, D.; Nedbal, L. Computer reconstruction of plant growth and
chlorophyll fluorescence emission in three spatial dimensions. Sensors 2012, 12, 1052-1071. [CrossRef]
[PubMed]

9.  Nguyen, T.T.; Slaughter, D.C.; Max, N.; Maloof, ].N.; Sinha, N. Structured light-based 3D reconstruction
system for plants. Sensors 2015, 15, 18587-18612. [CrossRef] [PubMed]

10. Nguyena, T.T.; Slaughtera, D.C.; Maloofb, ].N.; Sinhab, N. Plant phenotyping using multi-view stereo vision
with structured lights. In Proceedings of the SPIE Commercial + Scientific Sensing and Imaging, Anaheim,
CA, USA, 17 May 2016; p. 986608.

11.  Klose, R.; Penlington, J.; Ruckelshausen, A. Usability study of 3D time-of-flight cameras for automatic plant
phenotyping. Bornimer Agrartechnische Berichte 2009, 69, 93-105.

12.  Alenya, G.; Dellen, B.; Torras, C. 3D modelling of leaves from color and ToF data for robotized plant
measuring. In Proceedings of the IEEE International Conference on Robotics and Automation (ICRA),
Shanghai, China, 9-13 May 2011; pp. 3408-3414.

13.  Chaivivatrakul, S.; Tang, L.; Dailey, M.N.; Nakarmi, A.D. Automatic morphological trait characterization for
corn plants via 3D holographic reconstruction. Comput. Electron. Agric. 2014, 109, 109-123. [CrossRef]

14. Song, Y.; Glasbey, C.A.; Polder, G.; van der Heijden, G.W. Non-destructive automatic leaf area measurements
by combining stereo and time-of-flight images. IET Comput. Vis. 2014, 8, 391-403. [CrossRef]

15. 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, 63. [CrossRef] [PubMed]

16. Jay, S.; Rabatel, G.; Hadoux, X.; Moura, D.; Gorretta, N. In-field crop row phenotyping from 3D modeling
performed using structure from motion. Comput. Electron. Agric. 2015, 110, 70-77. [CrossRef]

17. Nguyen, T.T.; Slaughter, D.C.; Townsley, B.; Carriedo, L.; Julin, N.N.; Sinha, N. Comparison of
Structure-from-Motion and Stereo Vision Techniques for Full In-Field 3D Reconstruction and Phenotyping of
Plants: An Investigation in Sunflower. In Proceedings of the ASABE Annual International Meeting, Orlando,
FL, USA, 17-20 July 2016; p. 162444593.


www.mdpi.com/1424-8220/18/3/806/s1
http://dx.doi.org/10.2134/agronj2012.0305
http://dx.doi.org/10.1016/j.compag.2005.02.015
http://dx.doi.org/10.1016/j.compag.2013.07.012
http://dx.doi.org/10.1016/j.biosystemseng.2013.08.011
http://dx.doi.org/10.1016/j.compag.2014.10.020
http://dx.doi.org/10.1016/j.compag.2016.04.002
http://dx.doi.org/10.1145/2508363.2508368
http://dx.doi.org/10.3390/s120101052
http://www.ncbi.nlm.nih.gov/pubmed/22368511
http://dx.doi.org/10.3390/s150818587
http://www.ncbi.nlm.nih.gov/pubmed/26230701
http://dx.doi.org/10.1016/j.compag.2014.09.005
http://dx.doi.org/10.1049/iet-cvi.2013.0056
http://dx.doi.org/10.1186/1471-2229-12-63
http://www.ncbi.nlm.nih.gov/pubmed/22553969
http://dx.doi.org/10.1016/j.compag.2014.09.021

Sensors 2018, 18, 806 22 of 23

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Kaminuma, E.; Heida, N.; Tsumoto, Y.; Yamamoto, N.; Goto, N.; Okamoto, N.; Konagaya, A.; Matsui, M.;
Toyoda, T. Automatic quantification of morphological traits via three-dimensional measurement of
Arabidopsis. Plant ]. 2004, 38, 358-365. [CrossRef] [PubMed]

Dornbusch, T.; Lorrain, S.; Kuznetsov, D.; Fortier, A ; Liechti, R.; Xenarios, I.; Fankhauser, C. Measuring the
diurnal pattern of leaf hyponasty and growth in Arabidopsis—A novel phenotyping approach using laser
scanning. Funct. Plant Biol. 2012, 39, 860-869. [CrossRef]

Apelt, F; Breuer, D.; Nikoloski, Z.; Stitt, M.; Kragler, F. Phytotyping4D: A light-field imaging system for
non-invasive and accurate monitoring of spatio-temporal plant growth. Plant . 2015, 82, 693-706. [CrossRef]
[PubMed]

Lee, K.; Avondo, J.; Morrison, H.; Blot, L.; Stark, M.; Sharpe, J.; Bangham, A.; Coen, E. Visualizing plant
development and gene expression in three dimensions using optical projection tomography. Plant Cell 2006,
18, 2145-2156. [CrossRef] [PubMed]

Kaminuma, E.; Yoshizumi, T.; Wada, T.; Matsui, M.; Toyoda, T. Quantitative analysis of heterogeneous
spatial distribution of Arabidopsis leaf trichomes using micro X-ray computed tomography. Plant J. 2008, 56,
470-482. [CrossRef] [PubMed]

Dhondt, S.; Vanhaeren, H.; Van Loo, D.; Cnudde, V.; Inzé, D. Plant structure visualization by high-resolution
X-ray computed tomography. Trends Plant Sci. 2010, 15, 419-422. [CrossRef] [PubMed]

Chéné, Y.; Rousseau, D.; Lucidarme, P.; Bertheloot, J.; Caffier, V.; Morel, P.; Belin, E.; Chapeau-Blondeau, F.
On the use of depth camera for 3D phenotyping of entire plants. Comput. Electron. Agric. 2012, 82, 122-127.
[CrossRef]

Azzari, G.; Goulden, M.L.; Rusu, R.B. Rapid characterization of vegetation structure with a microsoft kinect
sensor. Sensors 2013, 13, 2384-2398. [CrossRef] [PubMed]

Paulus, S.; Behmann, J.; Mahlein, A.K.; Pliimer, L.; Kuhlmann, H. Low-cost 3D systems: Suitable tools for
plant phenotyping. Sensors 2014, 14, 3001-3018. [CrossRef] [PubMed]

Bamyji, C.S.; O’Connor, P; Elkhatib, T.; Mehta, S.; Thompson, B.; Prather, L.A.; Snow, D.; Akkaya, O.C;
Daniel, A.; Payne, A.D,; etal. A 0.13 pum CMOS System-on-Chip for a 512 x 424 Time-of-Flight Image Sensor
with Multi-Frequency Photo-Demodulation up to 130 MHz and 2 GS/s ADC. IEEE |. Solid-State Circuits
2015, 50, 303-319. [CrossRef]

Anddjar, D.; Dorado, ].; Fernandez-Quintanilla, C.; Ribeiro, A. An approach to the use of depth cameras for
weed volume estimation. Sensors 2016, 16, 972. [CrossRef] [PubMed]

Jiang, Y,; Li, C.; Paterson, A.H. High throughput phenotyping of cotton plant height using depth images
under field conditions. Comput. Electron. Agric. 2016, 130, 57-68. [CrossRef]

Jiang, Y.; Li, C.; Paterson, A.H.; Robertson, J.5. An imaging-based system for high-throughput phenotyping
of cotton plants under field conditions. In Proceedings of the ASABE Annual International Meeting, Orlando,
FL, USA, 17-20 July 2016; p. 162456248.

Hammerle, M.; Hofle, B. Direct derivation of maize plant and crop height from low-cost time-of-flight
camera measurements. Plant Methods 2016, 12, 50. [CrossRef] [PubMed]

Vazquez Arellamo, M.; Reiser, D.; Garrido Izard, M.; Griepentrog, H.W. Reconstruction of geo-referenced
maize plants using a con-sumer time-of-flight camera in different agricultural envi-ronments. In Intelligente
Systeme-Stand der Technik und neue Moglichkeiten; Gesellschaft fiir Informatik e.V.: Osnabriick, Germany, 2016;
pp. 213-216.

Chattopadhyay, S.; Akbar, S.A.; Elfiky, N.M.; Medeiros, H.; Kak, A. Measuring and modeling apple trees
using time-of-flight data for automation of dormant pruning applications. In Proceedings of the IEEE
Winter Conference on Applications of Computer Vision (WACYV), Lake Placid, NY, USA, 7-10 March 2016;
p- 16035891.

Corti, A.; Giancola, S.; Mainetti, G.; Sala, R. A metrological characterization of the Kinect V2 time-of-flight
camera. Robot. Auton. Syst. 2016, 75, 584-594. [CrossRef]

Izadi, S.; Kim, D.; Hilliges, O.; Molyneaux, D.; Newcombe, R.; Kohli, P; Shotton, J.; Hodges, S.; Freeman, D.;
Davison, A.; et al. KinectFusion: Real-time 3D reconstruction and interaction using a moving depth
camera. In Proceedings of the 24th Annual ACM Symposium on User Interface Software and Technology,
Santa Barbara, CA, USA, 16-19 October 2011; pp. 559-568.


http://dx.doi.org/10.1111/j.1365-313X.2004.02042.x
http://www.ncbi.nlm.nih.gov/pubmed/15078337
http://dx.doi.org/10.1071/FP12018
http://dx.doi.org/10.1111/tpj.12833
http://www.ncbi.nlm.nih.gov/pubmed/25801304
http://dx.doi.org/10.1105/tpc.106.043042
http://www.ncbi.nlm.nih.gov/pubmed/16905654
http://dx.doi.org/10.1111/j.1365-313X.2008.03609.x
http://www.ncbi.nlm.nih.gov/pubmed/18643999
http://dx.doi.org/10.1016/j.tplants.2010.05.002
http://www.ncbi.nlm.nih.gov/pubmed/20542721
http://dx.doi.org/10.1016/j.compag.2011.12.007
http://dx.doi.org/10.3390/s130202384
http://www.ncbi.nlm.nih.gov/pubmed/23435053
http://dx.doi.org/10.3390/s140203001
http://www.ncbi.nlm.nih.gov/pubmed/24534920
http://dx.doi.org/10.1109/JSSC.2014.2364270
http://dx.doi.org/10.3390/s16070972
http://www.ncbi.nlm.nih.gov/pubmed/27347972
http://dx.doi.org/10.1016/j.compag.2016.09.017
http://dx.doi.org/10.1186/s13007-016-0150-6
http://www.ncbi.nlm.nih.gov/pubmed/27933095
http://dx.doi.org/10.1016/j.robot.2015.09.024

Sensors 2018, 18, 806 23 of 23

36.

37.

38.

39.

40.

41.

42.

Newcombe, R.A ; Izadi, S.; Hilliges, O.; Molyneaux, D.; Kim, D.; Davison, A.J.; Kohi, P; Shotton, J.; Hodges, S.;
Fitzgibbon, A. KinectFusion: Real-time dense surface mapping and tracking. In Proceedings of the 10th IEEE
International Symposium on Mixed and Augmented Reality (ISMAR), Basel, Switzerland, 26-29 October 2011;
pp- 127-136.

Shah, D.; Tang, L.; Gai, J.; Putta-Venkata, R. Development of a mobile robotic phenotyping system for
growth chamber-based studies of genotype x environment interactions. IFAC-Pap. Online 2016, 49, 248-253.
[CrossRef]

Besl, PJ.; McKay, N.D. A method for registration of 3-D shapes. IEEE Trans. Pattern Anal. Mach. Intell. 1992,
14, 239-256. [CrossRef]

Cheng, H.D.; Jiang, X.H.; Sun, Y., Wang, J. Color image segmentation: Advances and prospects.
Pattern Recognit. 2001, 34, 2259-2281. [CrossRef]

Alexa, M.; Behr, ].; Cohen-Or, D.; Fleishman, S.; Levin, D,; Silva, C.T. Computing and rendering point set
surfaces. IEEE Trans. Vis. Comput. Graph. 2003, 9, 3-15. [CrossRef]

Delaunay, B. Sur la sphere vide. Izv. Akad. Nauk SSSR Otdelenie Matematicheskii i Estestvennyka Nauk 1934, 7,
793-800.

Rusu, R.B.; Cousins, S. 3D is here: Point cloud library (PCL). In Proceedings of the IEEE International
Conference on Robotics and automation (ICRA), Shanghai, China, 9-13 May 2011; pp. 1-4.

@ © 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

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


http://dx.doi.org/10.1016/j.ifacol.2016.10.046
http://dx.doi.org/10.1109/34.121791
http://dx.doi.org/10.1016/S0031-3203(00)00149-7
http://dx.doi.org/10.1109/TVCG.2003.1175093
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Platform 
	Data Acquisition 
	Plant and Non-Plant Segmentation 
	Plant Point Cloud Processing 
	Noise Reduction 
	Triangulation 

	Segmentation Based on Pot Shape Feature 
	Growth Parameters Measurement 
	Height 
	Leaf Area 
	Volume 

	Experimental Design 

	Results and Discussion 
	Height Measurement 
	Leaf Area Measurement 
	Volume Measurement 
	Correlations between Kinect Measurements and Biomass 
	Performance Analysis 
	Future Applications 

	Conclusions 
	References

