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ABSTRACT

12
13
14

While point clouds hold promise for measuring the geometrical features of 3D objects, their

15

application to plants remains problematic. Plants are three dimensional (3D) organisms whose

16

morphology is complex, varies from one individual to another and changes over time. Objective

17

measurement of attributes in 3D point cloud domain is increasingly attractive as techniques im-

18

prove the accuracy and reduce computational time. Analysis of point cloud data, however, is not

19

straightforward, due to its discrete nature, imaging noise and cluttered background. In this paper,

20

we introduce a robust method for the direct analysis of plants of point cloud data. To this end,

21

we generalise the random sample consensus (RANSAC) algorithm for the analysis of 3D point

22

cloud data and then use it to model different plant organs. Since 3D point clouds are obtained

23

from multi-view stereo images, they are often contaminated with a considerable level of noise,

24

distortions and out-of-distribution points. Key to our approach is the use of the RANSAC algo-

25

rithm on 3D point cloud, making our technique more robust to undesirable outliers. We tested

26

our proposed method on Brassica and grapevine by comparing the estimated measurements ex-

27

tracted from the models with manual ones taken from the actual plants. Our proposed method

28

achieved

> 0.90 for measured diameters of branches and stems in Brassica while it yielded

29

> 0.91 for the measured leaf angles of grapevine and branch angles of Brassica. In all cases,

30

the approach produced stable performance under imaging noise and cluttered background while

31

the conventional methods often failed to work.

32

𝑅2

𝑅2

33

1. Introduction

34

Measuring attributes of biological organisms in three dimensional (3D) space is a challenging topic that has at-

35

tracted much attention in recent years. Such measurements have the potential to reveal more reliable information about

36

the organism, including its behaviour across time. Although measurements taken from 2D images are still useful for

37
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Figure 1: 3D phenotyping of grapevine (left) and Brassica (right) in the 3D point cloud.

38

many purposes [1; 2], the lack of depth information can lead to challenges/ambiguity in interpretation. Recent technical

39

advances in 3D imaging enable more cost-effective data acquisition and accurate rapid modelling [3; 4; 5]. However,

40

3D analysis and modelling remain a relatively complex process, and despite the potential importance to plant science,

41

only a few methods have been developed for 3D point clouds, most of which require very specific conditions and cannot

42

be extended to the large datasets required for agronomy and genetics.

43

Previous 3D studies tend to have used derived volumetric grids rather than the point cloud produced directly from

44

many acquisition methods. Volumetric grids represent digitized 3D data as voxels, whereas point clouds are composed

45

of unordered points. Many modelling methods produce point clouds as their primary output, but these can be challeng-

46

ing to manipulate computationally and tend to be transformed firstly into mesh, regular voxels or 2D grids [6; 7; 8; 9].

47

However, data transformations are often accompanied with quantization artefacts and lead to loss of inherent geometric

48

information contained in the original 3D point cloud data. High complexity is another drawback of the data representa-

49

tion transformations. That said, point clouds are relatively primitive in representation and their unified structures do not

50

need the combinatorial irregularities and complexities of meshes or volumetric voxels, making subsequent analysis and

51

feature extraction potentially faster. Several studies [10; 11; 12; 13; 14; 15; 16] demonstrate segmentation and skele-

52

tonization directly from point clouds. The processed data is then used for measuring parameters of interest, including

53

diameters of different organs, branching angles and leaf angles as shown in Fig. 1. Such parameters are still measured

54

manually or semi-automatically [17; 18; 19], require specific conditions and are often contaminated by imaging noise,

55

distortion and out-of-distribution points in the data acquisition process. The goal of this study is to propose an im-

56

proved method for processing such data generated using representative structure from motion techniques [20; 21; 22],
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3D laser scanners [23], LiDAR [24], etc.

57

In this paper, we propose a novel method for accurately analysing point cloud data using random sample consensus

58

(RANSAC). We provide both a theoretical and experimental evaluation of our approach. We show that our method

59

can approximate diameters and angles of point clouds of plants accurately even in the presence of noise and irrelevant

60

data. The theoretical analysis illustrates how our method is highly robust to perturbation of the input points as well as

61

to corruption from outliers or imaging noise. The rest of this paper is organized as follows. Section 2 reviews existing

62

3D phenotyping methods. The proposed RANSAC-based method is detailed in Section 3, and Section 4 reports and

63

discusses the experimental results of our method on Brassica and grapevine datasets. Finally, conclusions and future

64

work are provided in Section 5.

65

2. Background

66

Angle and thickness of organs are important traits that determine important aspects of plant architecture, growth,

67

and yield. Leaf angle influences light interception and water relations. Variation of leaf angle can contribute to water

68

stress tolerance [17] while leaf erectness can increase light absorption, improve photosynthetic assimilation, and allow

69

high density planting in crops such as rice [25]. The thickness of organs can contribute to mechanical strength, notably

70

in cereals where stem diameter may be important in lodging [26]. Xu et al. [27] showed that the ratio of stem diameter

71

to plant height in soybeans is a useful indicator for analyzing their lodging resistance. A similar metric was reported in

72

[28] that estimates the amount of mass produced of sorghum. Melese et al. [29] showed a linear relationship between

73

root tensile strength and its diameter. In many plant species, measuring branch angles is an important trait in crop

74

breeding [30]. Li et al. [31] investigated the relationship between branch angle and the elevation of branch position in

75

Brassica. Bemer et al. [32] discovered that branch angles in Arabidopsis are affected by light conditions. Branch and

76

leaf behaviour have been considered as effective parameters in phenotyping and trait analysis of various plant species

77

[33; 34; 35; 36]. Thus, the accurate rapid measurement of parameters such as diameters and branch angles is desirable

78

both for agronomic management of crops as well as for breeding superior varieties. This study focuses on accurate

79

estimation of angle and diameter parameters of plants from their point clouds built using typical structure from motion

80

techniques [20; 21; 22], 3D laser scanners [23], or LiDAR [24].

81

Angle measurement in plant science is a challenging task due to the high complexity of organs and their variability.

82

Angles may be measured manually using instruments such as inclinometers or goniometers but that is labour intensive.

83

Non-contact measurements facilitate scale up for research, potentially allowing many individuals to be followed across

84

their life cycle, providing information on how their attributes change over time and in response to their environment.

85

Non-contact measurement using non-destructive sensors could also improve crop management strategies by providing

86
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87

near real-time assessment of plant health. Pisek et al. [37] measured the leaf angles from 2D images using the ImageJ1

88

software, assuming that leaf azimuth orientation has a uniform distribution. 3D data could provide improved accuracy

89

due to inherent depth information that is missing from 2D images. In the following, we review the techniques developed

90

for 3D data.

91

Let 𝐏 denote the point cloud of a plant’s organ. It includes such organs as stem, leaf, petiole, etc, centred at the

92

origin of the 3D Cartesian coordinate. The goal is to model the given point cloud 𝐏 by fitting an appropriate geometrical

93

shape 𝐂 that satisfies

arg min
𝐂

94
95

𝑁
∑

||𝐏𝑖 − 𝐂||22 ,

(1)

𝑖=1

where 𝑁 is the number of points and ‘||.||2 ’ denotes the 𝐿2 -norm. If 𝐂 is assumed as a plane, solving this equation
̂ = 1 ∑𝑁 𝐏𝑖 , which is an average of points, and its corresponding normal vector is obtained as 𝑛⃖⃗𝐂 =
yields 𝐂
𝑖=1
𝑁

96

̂ 𝐂||
̂ 2 . This solution, however, fails to estimate a valid orientation vector and is not applicable to point clouds
𝐂∕||

97

in practice.

98

Briglia et al. [17] approximated the leaf blade regression plane and petiole regression line of point cloud data using

99

CloudCompare2 and point cloud library (PCL)3 . Lou et al. [38] used a 3D bounding-box approach for estimating

100

branching angles in Arabidopsis point clouds. A 3D bounding-box consists of eight corners that surround the points

101

within a small neighbourhood of the point of interest. Several studies [18; 39; 40; 13; 41] consider the following

102

minimization problem:

arg min ||𝚽𝑇 𝐂||22 .

(2)

𝐂

103

In this equation, matrix 𝚽 is the singular value decomposition (SVD) of the zero-mean point set 𝐏 and it is represented

104

as 𝐔3×3 𝐒3×𝑁 𝐕𝑇𝑁×𝑁 , where 𝐔 and 𝐕 are eigenvector matrices and 𝐒 is the eigenvalue matrix. The normal vector of the

105

above optimization is obtained via 𝑛⃖⃗𝐂 = 𝐔(..., 3). Though the SVD-based results are more reliable than the averaging

106

ones, it is not applicable to organs with a highly complex structure.

107

The main drawback of all the above-mentioned techniques is a failure to appropriately model the structural infor-

108

mation of organs, especially those with high complexity. During fitting a model to an organ, outliers influence the

109

estimated parameters and removing them from the computation can result in a better fit of the model. In this work, we
1 https://imagej.nih.gov/ij/

2 https://www.danielgm.net/cc/
3 https://pointclouds.org/
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model plant organs as cuboids and cylinders, and remove the effects of outliers by a point cloud RANSAC. RANSAC

110

can tolerate up to 50% outliers [42; 43], resulting in robust model estimation against undesirable outliers.

111

3. Proposed Point Cloud RANSAC Algorithm for 3D Phenotyping

112

RANSAC [43] is an iterative method to estimate the mathematical model parameters of a set of observed data. The

113

underlying concept of RANSAC is to exclude outliers from a given set and then fit the model to the remaining data

114

(called inliers). Here, we introduce 3D RANSAC, suitable for analysis of point cloud data. The main properties of the

115

proposed point cloud RANSAC (PC-RANSAC) are

116

• It has a conceptually simple structure, making it feasible for dealing with large, complex and variable point cloud
datasets.

117
118

• It is easy to model any desired plant organ and is easily extensible to a wide range of plants.

119

• It can deal with distorted point clouds containing even more than 50% outliers.

120

We tested the approach by measuring the diameters and angles of architecturally distinct plants. Examples are

121

shown in Figs. 2(a) and 2(b). Our approach starts by modelling appropriate geometrical shapes, cuboids and cylinders,

122

for different plant parts (Section 3.1). The next stage is to fit the model onto an organ (the stem and the branch in Fig.

123

2(a) or the leaf and the petiole in Fig. 2(b)) using PC-RANSAC. As will be discussed in Section 3.2, PC-RANSAC

124

decomposes the point clouds into inlier and outlier points, and the favourable inliers, shown in green in Fig. 2, are then

125

employed for the estimation of an underlying model’s parameters. Outlier points are discarded as they are less relevant

126

for representing and estimating the parameters of an underlying organ. This strategy makes the proposed technique

127

robust against point perturbation, out-of-shape distributed points and imaging noise introduced in the process of point

128

cloud reconstruction. Finally, the estimated models are used for extracting parameters of interest including angles

129

(Section 3.3) and diameters (Section 3.4) of Brassica and grapevine respectively.

130

Notation: A branching area in Brassica can be classified into a junction, a stem and a branch, as shown in Fig. 2(a).

131

The stem is denoted by point cloud 𝐏𝑎 = {𝐩𝑎,1 , ..., 𝐩𝑎,𝑛 }, where ‘𝑛’ is the number of 3D points which are each defined

132

as a 3 × 1 vector 𝐩 = [𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧 ]𝑇 (‘𝑇 ’ is transpose). Likewise, a branch point set with 𝑚 points is denoted by

133

𝐏𝑏 = {𝐩𝑏,1 , ..., 𝐩𝑏,𝑚 }. The parameters of interest are an angle 𝜃 between the stem and the branch and their diameters Δ.

134

A petiole and a leaf in grapevine [Fig. 2(b)] are denoted as 𝐏𝑎 = {𝐩𝑎,1 , ..., 𝐩𝑎,𝑛 } and 𝐏𝑏 = {𝐩𝑏,1 , ..., 𝐩𝑏,𝑚 } respectively,

135

and the angle (𝜃) restricted by these organs is unknown and must be estimated.

136
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(a)

(b)

Figure 2: 3D phenotyping of Brassica (a) and grapevine (b) in the 3D point cloud. The outliers of PC-RANSAC are shown

by the red and the blue dot points, and the ones encircled by green circles are inliers. Only inlier points are used in the
estimation of the model parameters.

137
138
139

3.1. Shape representation
We focus on cuboid and cylinder shapes in this study [Fig. 3(a)] but the extension to other shapes is straightforward
and can be found in [44; 45; 46; 47].

140

Cylinder shape: A cylinder is described by 3 parameters: orientation axis 𝑛⃖⃗, the point on the axis 𝐩⃗𝑛 and radius 𝑟.

141

A point set {𝐩1 , 𝐩2 , 𝐩3 }, where the points are not colinear, will lie in a plane. Two normalised difference vectors 𝑛⃖⃗1

142

and 𝑛⃖⃗2 within the plane are given by

𝑛⃖⃗1 =

𝐩3 − 𝐩1
𝐩2 − 𝐩1
, 𝑛⃖⃗2 =
.
||𝐩2 − 𝐩1 ||2
||𝐩3 − 𝐩1 ||2

(3)

143

They are of size 3 × 1. To generate a cylinder from two points with their corresponding normalised difference vectors,

144

i.e. {(𝐩⃗𝑛 , 𝑛⃖⃗1 ), (𝐩⃗𝑛 , 𝑛⃖⃗2 )}, the orientation axis 𝑛⃖⃗𝑧 is first computed via
1
2

𝑛⃖⃗𝑧 = 𝑛⃖⃗1 × 𝑛⃖⃗2 .
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(a)

(b)

Figure 3: Applied models in PC-RANSAC; left: cylinder, right: cuboid. (b) PC-RANSAC ts the given models in Fig. 3(a)

into a point cloud randomly and then selects the optimal solution (shown as a green cuboid) that includes the highest
number of points and discards sub-optimal solutions, illustrated in red. Model parameters are nally estimated using the
points approximated by the optimal solution.
Then the two parametric lines 𝐩⃗𝑛 + 𝑡⃖𝑛⃗1 and 𝐩⃗𝑛 + 𝑡⃖𝑛⃗2 along the axis are projected onto the plane 𝑛⃖⃗𝑧 ⋅ 𝑥 = 0 and their
2
1

145

intersection is centred at 𝐩𝑐 . The radius of the cylinder 𝑟 is equal to the distance between 𝐩𝑐 and 𝐩⃗𝑛 in that plane.
1

146

Cuboid shape: As shown in Fig. 3(a), a rectangular cuboid is represented by eight corner points 𝐂 =

147

{𝐶1 , ..., 𝐶8 } [48]. To generate these parameters, we need three perpendicular planes. We derive our cuboid from

148

a point set that includes three points with their corresponding normalised difference vectors {(𝐩⃗𝑛 , 𝑛⃖⃗1 ), (𝐩⃗𝑛 , 𝑛⃖⃗2 ), (𝐩⃗𝑛 ,

149

𝑛⃖⃗3 )}, where any two arbitrary points are not laid in the same plane. The intersection of all the planes is centred at 𝐩𝑐

150

and computed as follows:

151

1

𝐩𝑐 =

(𝐩⃗𝑛 ⋅ 𝑛⃖⃗1 )(⃖𝑛⃗2 × 𝑛⃖⃗3 ) (𝐩⃗𝑛 ⋅ 𝑛⃖⃗2 )(⃖𝑛⃗3 × 𝑛⃖⃗1 ) (𝐩⃗𝑛 ⋅ 𝑛⃖⃗3 )(⃖𝑛⃗1 × 𝑛⃖⃗2 )
3
1
2
+
+
.
(⃖𝑛⃗1 × 𝑛⃖⃗2 ) ⋅ 𝑛⃖⃗3
(⃖𝑛⃗1 × 𝑛⃖⃗2 ) ⋅ 𝑛⃖⃗3
(⃖𝑛⃗1 × 𝑛⃖⃗2 ) ⋅ 𝑛⃖⃗3

2

3

(5)

Since the normal vectors of the planes are perpendicular, the orientation axes correspond to the planes’ normal vectors.

152

3.2. Estimation of shape parameters by point cloud RANSAC (PC-RANSAC)

153

We define 𝛾 as the minimum number of points required for the estimation of a model. Parameter 𝛾 depends on

154

the type of the applied shapes discussed in the preceding section. Each normal vector needs three points that are not

155

colinear so, it is 6 for a cylinder and 9 for a cuboid. Since the points may lie in the same line, two or three additional

156

points are typically considered during computation. The concept of PC-RANSAC is to search and select 𝛾 points from

157

a point cloud that fit well into a given model. It selects points randomly and then computes the parameters of the

158

corresponding model. The next step is to detect all the points that are approximated by the computed model and label

159
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160

these as inliers. The process of point selection, model computation and inliers counting are repeated 𝑘 times. In each

161

iteration, the number of detected inliers is compared to that in the previous one and if the new result is better, it will

162

be stored as the best answer. The inliers are selected by their distance and normal vectors, and since this process is

163

recursively updated it removes outliers and noisy points, yielding an accurate estimation of model parameters. Fig.

164

3(b) exemplifies these steps, where PC-RANSAC seeks model parameters that maximize the number of inliers.

165

The number 𝑘 of iterations is often determined by the a priori probability of inliers over the whole points. If the

166

number of inliers and input points are denoted by 𝑛𝑖 and 𝑛𝑠 respectively, then the probability of randomly selecting a

168

point as an inlier is equal to 𝑃 (𝑛𝑖 ) = 𝑛𝑖 ∕𝑛𝑠 . The maximum number 𝑘 of iterations must be large enough that satisfies
(
)
𝑃 (𝑛𝑖 , 𝑘) ≥ 0.99 [49]. The objective probability to find a subset that does not include any inliers 1 − 𝑃 𝛾 (𝑛𝑖 ) after 𝑘

169

iterations is thus:

167

(
)𝑘
𝑃 (𝑛𝑖 , 𝑘) = 1 − 1 − 𝑃 𝛾 (𝑛𝑖 ) .

170

(6)

The maximum number 𝑘 of iterations that can be derived from the above equation is then:

(
)
log 1 − 𝑃 (𝑛𝑖 , 𝑘)
𝑘≥
(
),
log 1 − 𝑃 𝛾 (𝑛𝑖 )

(7)

171

where 𝑃 (𝑛𝑖 , 𝑘) is greater than a predetermined threshold 𝑃𝑡 . 𝑃𝑡 usually takes a value between 0.9 and 0.99 [49] and is

172

set to 0.99 in this study. For cuboid shapes with 𝛾 equal to 9, it yields 𝑘𝑚𝑖𝑛 = 2355 according to Eq. 7. More precisely,

173

a cuboid model needs to be applied at least 2355 times recursively to the given point clouds and the one with the most

174

inliers is selected as the resultant optimal one. We summarize the PC-RANSAC as follows:

175
176

1. Randomly select the minimum number 𝛾 of points required for estimation of the model. Parameter 𝛾 depends
on the type of the applied model described in the preceding section.

177

2. Compute the shape parameters.

178

3. Determine how many points from the point cloud are approximated by the computed shape in Step 2.

179

4. Label the points inside the shape as inliers and the rest as outliers.

180

5. Repeat Steps 1 through 4 until the number of iterations is greater than the predetermined value.

181

6. Select the subset with the largest number of inliers.

182

7. Compute the model parameters from the given largest subset.

Ghahremani et al.: Preprint submitted to Elsevier

Page 8 of 25

Feature Extraction from 3D Point Clouds Using RANSAC

3.3. Angle measurement

183

Each predicted shape model in the 3D domain contains three orientation values, known as yaw, pitch and roll,

184

represented as Θ = [𝜃𝑦𝑎𝑤 , 𝜃𝑝𝑖𝑡𝑐ℎ , 𝜃𝑟𝑜𝑙𝑙 ]𝑇 . We are given two orientation vectors {Θ𝑎 , Θ𝑏 } obtained by PC-RANSAC

185

described in the preceding section as input and the goal is to compute the angle between these two vectors. To this

186

end, we first convert each orientation vector into a 3 × 3 rotation matrix, 𝐑3×3 , using the Rodrigues formula [50] and

187

then flatten4 them to compute their angle via

188

−1

𝜃 = 𝑐𝑜𝑠 (

< 𝐑𝐹𝑎 , 𝐑𝐹𝑏 >
||𝐑𝐹𝑎 ||2 ||𝐑𝐹𝑏 ||2

(8)

),

where superscript 𝐹 denotes the flatten operator.

189

3.4. Diameter measurement

190

For the cuboid model, the diameter Δ of different parts of a plant could be computed by the shape normal vectors

191

𝑛⃖⃗ = [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 𝑛⃖⃗𝑧 ]𝑇 , the intersection point 𝐩𝑐 and the inlier set 𝐏𝑖 with 𝑛𝑖 points. We project each inlier point onto the

192

shape normal vector and then extract the diameter via

193

)
(
Δ𝑎 = max{ 𝐏𝑎,𝑖 − 𝐩𝑐 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 },

𝑖 = 1, ..., 𝑛𝑖

(9)

)
(
Δ𝑏 = max{ 𝐏𝑏,𝑖 − 𝐩𝑐 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 },

𝑖 = 1, ..., 𝑚𝑖 ,

(10)

𝑖

𝑖

where Δ𝑎 and Δ𝑏 are the diameters of a stem and a branch, respectively. In the cylinder model, we first determine the

194

lines crossing the centres of its two bases (represented as 𝐿) and then compute the diameter

195

(
)
(
)
Δ𝑎 = max{ 𝐏𝑎,𝑖 − 𝐋 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 } − min{ 𝐏𝑎,𝑖 − 𝐋 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 },

𝑖 = 1, ..., 𝑛𝑖 ,

(11)

(
)
(
)
Δ𝑏 = max{ 𝐏𝑏,𝑖 − 𝐋 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 } − min{ 𝐏𝑏,𝑖 − 𝐋 ⋅ [⃖𝑛⃗𝑥 , 𝑛⃖⃗𝑦 , 0]𝑇 },

𝑖 = 1, ..., 𝑚𝑖 .

(12)

𝑖

𝑖

4 The

𝑖

𝑖

flatten operator converts any 2D matrix to a 1D vector with values taken row-wise.
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196

In order to increase the reliability of the measurements, we repeat all the above steps 20 < 𝑅 < 50 times and the

197

median of the results is selected as the final estimate. The number 𝑅 of repetition depends on the complexity of

198

plants and their point clouds. The pseudocode of the proposed point cloud phenotyping technique is summarised as

199

Algorithm 1.

200

201

Algorithm 1: The proposed method for phenotyping plants in point cloud • Partition the given point cloud around a

202

junction/node into two clusters {𝐏𝑎 , 𝐏𝑏 } containing a stem and a branch or a petiole and a leaf;

203

• Select the model discussed in Section 3.1 and set thresholds and recursion parameters including 𝛾, 𝑃𝑡 , 𝑘𝑚𝑖𝑛 and 𝑅;

204

• Initialize: 𝑐𝑜𝑢𝑛𝑡𝑒𝑟=1, Θ ← ∅ {computed angles} and Δ ← ∅ {computed diameters};

205

• while 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 ≤ 𝑅:

206
207
208

1- for each cluster do:
Apply PC-RANSAC (Section 3.2) to extract the given model parameters;
end for

209

2- Compute the angle 𝜃 of the given junction/node through Eq. 8;

210

3- Compute the diameters {Δ𝑎 , Δ𝑏 } of the given organs through Eqs. 9 and 10;

211

4- Θ ← 𝜃, Δ ← {Δ𝑎 , Δ𝑏 };

212

5- Increase 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 by 1;

213

end while

214

• Return the medians of the measurement sets {𝜃, Δ𝑎 , Δ𝑏 }.

215

4. Experimental Results

216

We validate our method over a Brassica and a grapevine dataset as detailed in Section 4.1. In short, each dataset was

217

split into three easy, moderate and difficult tasks to verify the performance and robustness of the proposed technique

218

under different conditions. The accuracy of the results was computed by the Pearson correlation coefficient (CC) and

219

relative root mean square error (RRMSE). Section 4.2 evaluates our technique against averaging as a baseline and the

220

existing methods including SVD and bounding-box over both noisy and noise-free data. Finally, an ablation study for

221

the parameters of PC-RANSAC and the time cost are provided in Section 4.3.

222

4.1. Data acquisition

223

37 diverse genotypes of Brassica, comprising part of Experiment BR017, were used to acquire the images for

224

modeling. The plants were grown and imaged in the 2 conveyor compartments on the Lemnatec system in National
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Table 1

Details of the number of samples per dataset used in this study
Dataset

Brassica
Grapevine

#Easy
235
87

#Moderate
158
46

#Difficult
107
38

Plant Phenomics Centre 5 . Seeds were sown in 400ml pots of Levington F2 peat-based compost and grown for 3 weeks

225

before being exposed to cold (either 5°C or 10°C with daylength of 10 hours for 6 weeks). After the cold treatment

226

plants were transferred to 3.5L capacity pots of Levington M3 peat-based compost. Once the plants were settled in the

227

larger pots they were transferred to a conveyor based automated watering and imaging system (Lemnatec, Germany)

228

at NPPC and grown under 600W HPS luminaries at a light level of 300 𝜇M m−2 s−1 . Pots were watered daily to a

229

target weight equivalent 75% soil water content. Plants were grown on the conveyor system until maturity. Grafted

230

grapevines (variety Aleatico) were obtained from Italy and grown as previously described in [17]. Plants were potted

231

in 3.5L pots of a 50/50 mixture of soil based compost and grit sand with added lime. Plants were grown on a bespoke

232

gravimetric system that ensures consistent water availability to the plants. Plants had been pruned to remove excessive

233

young growth and grown for 2 years prior to the measurements.

234

In this study, we used 178 Brassica and 21 grapevine image sets collected at NPPC using a PhenoGreen rotary

235

table for capturing 60 high-resolution multi-view images (6000×4000 px.) per plant. The images were then fed into

236

COLMAP6 for reconstructing their 3D models. In short, the structure-from-motion (SfM) algorithm [51] extracts the

237

calibration parameters (intrinsic and extrinsic matrices) from the images, and the images are then projected into the 3D

238

domain by the multi-view stereo (PMVS) algorithm [51]. The number of points in the reconstructed point cloud data

239

varies from 500K to 2,500K points, depending on the plants’ dimensions. We manually annotated the point clouds

240

using the MeshLab7 software, where the junction regions were split into a stem and a branch in Brassica and a petiole

241

and a leaf in grapevine. Regions of interest were extracted and categorized into one of three categories - easy, moderate

242

and difficult. The details of the manually annotated point clouds are tabulated in Table 1 and examples are shown in

243

Figs. 4(a) and 4(b). Easy samples contain few or no outliers while difficult samples contain a large number of outliers

244

(maximally 10%) that arise during the 3D reconstruction. Difficult samples may also present some irregularities in

245

appearance, making the estimation process more challenging. The amount of outliers in 3D models may exceed 10%

246

due to low-resolution sensors, highly occluded samples, imaging conditions etc but this amount of outliers is usually

247

an upper bound of outliers in our reconstructed point clouds.

248

5 https://www.plant-phenomics.ac.uk/
6 https://colmap.github.io/
7 https://www.meshlab.net/
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(a) Brassica

(b) Grapevine

Figure 4: Examples of extracted junction regions from the Brassica and grapevine datasets, categorized into easy, moderate

and dicult samples.

249

4.2. Results and discussion

250

In our method, the branches and stems of Brassicas as well as the petioles of grapevines were modelled by cylinder

251

shapes and the grapevines’ leaves were modelled by cuboids. The CC results for different categories, i.e. easy, moderate

252

and difficult, are detailed in Table 2. Table 2 also reports the performance of different techniques under zero-mean

253

white random Gaussian noise with standard deviation value of 0.05. The CCs of the baseline averaging and the SVD

254

technique for the angle estimation task are low. Table 2 shows that these techniques failed to properly model the organs.

255

Since they model the point clouds indirectly via planes, they cannot be used for estimating the diameters. Compared

256

to the above-mentioned methods, bounding-box yields better results, especially for the easy samples. However, the

257

bounding box method still suffers from outliers or highly complicated samples in the moderate and the difficult samples

258

while our technique successfully works under all tested conditions. The proposed method gives the best results in all

259

the tasks over both datasets. The CC results of PC-RANSAC are above 0.90 across all sample types, indicating the

260

robustness of the method to the imaging noise and outliers.

261

The CC and RRMSE results over all three variants of samples are shown in Figs. 5, 6 and 7. Bounding-box

262

performs well for the diameter and angle estimation in the easy scenario but its performance drastically decreases

263

in the moderate and difficult scenarios. As shown in Fig. 6, in the moderate and difficult settings, the deviation of

264

bounding-box results from the ideal values (dotted diagonal lines) is high, specifically for angles above 60 degrees.

265

The similar behaviour can be seen in the diameter estimation in Fig. 7, where the bounding-box method could not
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Table 2

Correlation coecient between the estimated parameters and the manual measurements
using dierent methods over both the noise-free and the noisy data. The results over the
noisy data are reported in parenthesis.
Leaf angle
(Grapevine)

Branch angle
(Brassica)

Averaging
SVD
Bounding-Box

0.453 (0.442)
0.745 (0.723)
0.867 (0.851)
0.948 (0.941)

0.462 (0.451)
0.757 (0.740)
0.887 (0.871)
0.953 (0.947)

Averaging
SVD
Bounding-Box

0.312 (0.301)
0.483 (0.470)
0.582 (0.571)
0.935 (0.929)

0.322 (0.314)
0.493 (0.488)
0.596 (0.578)
0.942 (0.937)

Averaging
SVD
Bounding-Box

0.112 (0.107)
0.280 (0.277)
0.311 (0.298)
0.912 (0.906)

0.128 (0.119)
0.289 (0.281)
0.327 (0.302)
0.924 (0.917)

Method

Ours

Ours

Ours

Easy

Moderate

Difficult

Stem diameter
(Brassica)

Branch diameter
(Brassica)

0.914 (0.823)
0.962 (0.941)

0.906 (0.812)
0.951 (0.936)

0.622 (0.548)
0.945 (0.926)

0.606 (0.519)
0.931 (0.914)

0.337 (0.291)
0.927 (0.911)

0.325 (0.280)
0.916 (0.905)

successfully handle the moderate and difficult samples. The overall CCs of the PC-RANSAC results are the highest

266

among the techniques. The distance (RRMSE results) between the PC-RANSAC results and the dotted diagonal lines

267

in the given figures shows a compact even distribution across all angles and diameters, indicating its high accuracy in

268

modelling the organs regardless of their angle and diameter values. We also observe that our technique is less affected

269

by noise (Figs. 6 and 7(b)).

Some results obtained by our proposed and bounding-box methods are illustrated in

270

Figs. 8 and 9. We did not show the results of the averaging and the SVD methods due to their poor performance. Figs.

271

8 and 9 illustrate that the bounding-box method is highly sensitive to the outliers and its results are unpredictable under

272

partial external disturbance. This aspect of the bounding-box technique is not favourable since the segmentation and

273

clustering results in the point cloud are always accompanied with irrelevant points and measurement techniques must

274

be resistant to such nuisance. The visual results of our method are seen to be consistent with the quantitative results

275

reported in Table 2 and its performance remains almost unchanged under imaging noise, outliers and any other external

276

disturbances, making it reliable for practical phenotyping tasks.

277
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Figure 5: CC and RRMSE between the manual measurements and the estimated angles using dierent methods in the absence of noise.

(b) Branch angle (Brassica)

(a) Leaf angle (grapevine)
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Figure 6: CC and RRMSE between the manual measurements and the estimated angles using dierent methods in the presence of noise.

(b) Branch angle (Brassica)

(a) Leaf angle (grapevine)
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Figure 7: CC and RRMSE between the estimated stem & branch diameters and the manual measurements of the Brassica using dierent methods.

(b) Noisy point clouds of Brassica

(a) Noise-free point clouds of Brassica
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Figure 8: Phenotyping results of the Brassica dataset using our proposed technique (left-hand side) and the bounding-box

technique (right-hand side).

4.3. Ablation study and running time

278

Here we investigate the influence of the predetermined parameters on the performance of our PC-RANSAC algo-

279

rithm and report its running time. All the following experiments were conducted on 300 samples from all three easy,

280

moderate and difficult categories of both the Brassica and the grapevine datasets. The experiments were carried out on

281

a 64-bits computer with Core-i7 Intel(R) 6130 CPU @ 2.10GHz processors and the code was implemented in MAT-

282

LAB (R2018b, version 9.5)8 without using any boosting libraries. The accuracy of the results was computed by the

283

relative error metric. If 𝑡𝑝𝑟𝑒𝑑 and 𝑡𝑔𝑡 denote the predicted parameter and the ground-truth measurement respectively,

284

the relative error for parameter 𝑡 is defined as:

285

𝑒𝑡 =

|𝑡𝑝𝑟𝑒𝑑 − 𝑡𝑔𝑡 |
𝑡𝑔𝑡

× 100%.

(13)

We reported the average of relative errors over the 300 samples.

286

In Eq. 6, it is mentioned that the objective probability 𝑃 (𝑛𝑖 , 𝑘) must be equal or greater than the predetermined

287

probability threshold 𝑃𝑡 . We ran the experiment for various values of 𝑃𝑡 ranging from 0.7 to 0.99 with intervals of

288

8 https://www.mathworks.com
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Figure 9: Phenotyping results of the grapevine dataset using our proposed technique (left-hand side) and the bounding-box

technique (right-hand side).

Figure 10: Inuence of the predetermined probability threshold 𝑃𝑡 on the accuracy of the estimated angles.

289

0.01 and depict the relative errors of the estimated angles as well as their corresponding running time in Fig. 10. The

290

relative errors oscillate when 𝑃𝑡 is less than 0.8, and 𝑃𝑡 ≥ 0.95 is the best possible values for the probability threshold,

291

due to the random sampling nature. The running time, on the other hand, is increased gradually for larger thresholds,

292

rendering more iterations (or equivalently, larger 𝑘𝑚𝑖𝑛 ), as expected.

293

To increase the confidence of the results, the PC-RANSAC algorithm is repeated 𝑅 times. Fig. 11 shows the
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Figure 11: Inuence of the number of trials on the accuracy of the estimated angles.

Figure 12: Inuence of the number of input 3D points on the accuracy of the estimated angles.

influence of this parameter. When the number of repetitions is less than 30, the results fluctuate considerably. However,

294

the error margin is less than 3% in some cases, highlighting the randomness of the PC-RANSAC algorithm. The figure

295

states that the error margin is less than 3% for 𝑅 ≥ 30 and for this reason, this parameter was fixed as 31 throughout this

296

study. Finally, the impact of the number of input points on the accuracy of the estimated angle is reported in Fig. 12.

297

This parameter heavily relies on the complexity of given point clouds: more than 4k points provide an error margin of

298

less than 2%. Contrary to the previous results, the running time is almost unchanged and independent of the number

299

𝑛𝑠 of input points, since the repetition 𝑘 of the steps in the proposed PC-RANSAC algorithm was determined by the

300

probability of inliers, but not by the actual number 𝑛𝑠 of the points in the given point cloud in Eq. 7. This confirms that

301

high-resolution point clouds could result in better results. In short, the ablation study suggests that the best values for

302

𝑃𝑡 , 𝑅 and the number of points are 0.99, 31 and 16K respectively, as done for the Brassica and grapevine experiments in

303

the preceding section. This setting requires 43.2 seconds for processing each point cloud sample on a 64-bits computer

304

with Core-i7 Intel(R) 6130 CPU @ 2.10GHz processor.

305
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306

5. Conclusion and Future Work

307

The goal of this work was to utilise irregular point clouds directly for measuring attributes of organs for plant pheno-

308

typing, handling noise, distortions and any irrelevant data. We have extracted diameter and angle measurements using

309

the point cloud random sample consensus (PC-RANSAC) algorithm. The tissues were modelled using cylinder and

310

cuboid shapes and the shapes were then fitted onto the organs by the PC-RANSAC algorithm. The estimated shapes

311

must contain the majority of inlier points and discard the outliers. The presence of outliers in the point cloud is almost

312

inevitable and this should be taken into account. The proposed technique is specifically designed for the analysis of

313

point clouds of plants and avoids the need to transfer information to other domains. This reduces the processing time

314

as well as the uncertainty of transferred data, resulting in reliable measurements. Experimental results and a compar-

315

ative study with the existing techniques over two datasets showed that the proposed method can successfully measure

316

parameters of interest (𝑅2 > 0.91) and is also robust to imaging noise and outliers (𝑅2 > 0.90). Investigating the

317

effectiveness of the proposed method for shoot and root branch growth angle modeling would be interesting. Defining

318

the complex morphology of plants needs a large number of geometric parameters. In this report, we show that the

319

proposed technique can be applied to such plants. To this end, the organs of interest must be modeled by appropriate

320

geometrical shapes. We believe that there is still room for enhancing the results reported here. For example, in this

321

study, the leaf was modeled as a cuboid as our primary aim was to extract angle. The ability to accurately capture area

322

and shape traits could be improved by replacing the cuboid restriction with a more realistic and flexible shape like [52].

323

Complex organs need higher degrees-of-freedom and cannot be modeled by a simple cylinder or a cuboid. Our ultimate

324

goal is to produce a highly efficient GPU & multithreaded processors implementation for real-time measurements of

325

the parameters of plants of interest.

326
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