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Abstract

Plant growth monitoring is one of the crucial steps within plant phenotyping. Tra-
ditional manual measurement techniques are error-prone and destructive. In recent
times there has been substantial progress in computer vision-based methods. Due to
their non-destructive nature and increased accuracy, imaging techniques are becom-
ing state-of-the-art in plant phenotyping. However, most of the associated cameras,
sensors, and processors are expensive, resulting in their reduced applicability in this
area.

This thesis proposes a framework for low-cost plant growth monitoring. A novel,
cost-effective and non-destructive 3D method is proposed. It uses a smartphone’s
camera and is based on the structure-from-motion algorithm to construct 3D plant
models. This algorithm uses several overlapped images to build the model. The
modelling speed and quality largely depend on the number of input images used.
It is challenging to select the right number of images to generate an accurate plant
model - too few images might generate false points in the 3D point cloud, whereas
too many images will result in redundant processing, which will inevitably increase
computation time. An analytical method is proposed to determine the appropriate
number of images for modelling to solve this problem. Once the 3D model is gen-
erated, it is essential to segment the various plant components such as leaves and
stem to measure traits. The segmentation method needs to be able to work regard-
less of particular plant architecture. This thesis proposes a segmentation method
using Euclidean distance to segment the point cloud. Finally, plant traits for growth
monitoring are measured: leaf length, leaf width, number of leaves, stem height, and
leaf area. Methods to accurately measure leaf length, width and stem height when
curled are proposed. To conclude, this thesis demonstrated that the proposed frame-
work could monitor plant growth and calculate structure and growth parameters in
different outdoor conditions. The framework was tested using five different plants
with different architectures: cauliflower, lettuce, tomato, chilli, and maize. Hence,
this framework is a potential alternative to costly state-of-the-art systems.
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Chapter 1

Introduction

1.1 Introduction

In New Zealand, horticulture is an important industry. The horticulture industry
represents the interest of nearly 6000 growers and employs around 60,000 people
[1]. In 2019, horticulture contributed approximately $6.3 billion to the New Zealand
economy [1], making it significant for the New Zealand economy. However, with
the rapidly increasing world population, the production of plants for food is very
important. The United Nations have included a goal in their 17 sustainable goals
to promote sustainable agriculture to provide sufficient food for everyone to end
hunger [189]. Enhancing crop production and plant breeding efficiency is critical
to the success of achieving the growing food demands of more than nine billion
population by 2050 [56]. In addition, environmental issues and labour constraints
are also important factors for the growth of the horticulture industry.

1.1.1 Plant Growth Monitoring

Growth monitoring provides vital information about plants for plant phenotyping
which is helpful to farmers in their decision making process [28]. Plant-phenotyping
is a set of protocols and techniques used to calculate plant architecture, composition,
and growth with precision at different plant growth stages. Popular plant traits for
growth monitoring include stem height, stem diameter, leaf area, leaf length, leaf
width, number of leaves or fruits on the plant, and biomass. However, the measure-
ment of growth parameters is difficult, tedious and mostly depends on destructive
approaches.

Plant growth monitoring is an important task, and plants are monitored through-
out the growth stages for the plant’s health. Nowadays, commercial lands or glass-
houses are automated, but growth monitoring is still done manually. Currently,
plants are monitored based on experience and frequent visual inspection. The as-
sessment approach used by the experts in this field includes plucking a leaf from the
plant for inspection, which can influence the growth patterns of the plants and their
neighbours, thus interfering with the plant growth [129]. Also, this manual approach
is prone to errors and is tedious. Finally, subjective factors and uncertainty are as-
sociated with manual measurements. There is a great demand for non-destructive,
cost-effective, and accurate plant growth monitoring [129].

1.1.2 Problem Statement and Research Contribution

In recent years, the computer vision community has developed dramatically. Com-
puter vision algorithms have been developed that can perform complex tasks on an
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FIGURE 1.1: A team of experts assessing the plant growth [175]

almost routine basis. Developments in 3D imaging techniques are being broadly ap-
plied in precision agriculture and plant science. Computer vision techniques have
proven their potential in non-destructive growth monitoring. For many years, 2D
imaging techniques have been used for this application. Such methods have limita-
tions such as the inability to handle occlusion, not providing sufficient information
about plant traits, and plant measurements depending on the camera and leaf orien-
tation. These limitations lead to inaccurate plant trait measurements. For instance,
consider calculating leaf area; if the leaf is curled, the 3D area will be different from
the leaf area calculated from its 2D image. To overcome these issues, 3D imaging
techniques have been used. These produce geometrically precise 3D plant models
which help to extract plant features accurately.

This thesis contributes to the recent advancements of computer vision-based
plant growth monitoring technologies. This thesis addresses four problems in the
literature, these are discussed in the following subsections.

1.2.1 Cost-effective Image Capture Technique:

In recent years, 3D laser scanners, structured light, time-of-flight cameras etc. are
frequently used in this area to get the plant data. However, the cost of these sen-
sors is significantly greater than that of commodity 2D cameras. For instance, the
camera used in [155] costs around $9000 and laser scanning system costs around
$111k. Also, the cost of commercial software for processing the data captured from
the sensors/camera is around $7200 [155]. This makes the overall system expen-
sive, stretching the budget to buy the sensors and associated software. To tackle
this problem, we propose use of the smartphone’s rear camera to capture the images
and use computer vision methods to stitch the images together to form a 3D model.
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The idea behind using a smartphone’s rear camera is that commodity smartphones
with good camera specifications are readily available for a reasonable cost and most
people have smartphones.

Using a smartphone’s camera has several advantages over expensive laser scan-
ning sensors: it does not need bulky set-up to capture the plant data, it is easy to use,
no need for prior training to the user, it is highly flexible and can be moved anywhere
around the plant, and most importantly it is cost-effective. This allows us to capture
plant images from multiple viewpoints. Other image capture sensors such as RGB-D
cameras are not considered in this study due to they produce low-resolution point
clouds. The results exhibit that the proposed image capture technique performs well
when compared to costly state-of-the-art systems.

1.2.2 Reduction in Computation time:

There are a plethora of computer vision methods to build 3D models suitable for
plant trait measurement. The computation time required to process the data differs
from method to method. For instance, stereo vision uses a stereo camera set-up to
capture the scene; however, the user has to determine the camera’s intrinsic and
extrinsic parameters. If the scene changes, then user has to again recalibrate these
parameters which are time-consuming. Structure-from-motion (SfM) uses a single
camera to capture the images. SfM calculates the intrinsic and extrinsic camera pa-
rameters as part of the 3D modelling process, which saves time. However, since the
computation time depends on the number of images used to generate the 3D model,
it is important to know the appropriate number of input images required to generate
an accurate 3D model.

We conducted an analytical study to address this trade-off between the number
of input images and computation time. The process of generating a 3D model using
structure-from-motion is applied on different subsets of randomly selected images
for a particular set of input images. The size of the subset is varied from 25 im-
ages through to 80 images. The experiment is repeated five times for each subset
size, selecting a different random subset. The quality of the reconstructed 3D model
was determined by comparing features extracted from the model with ground truth
data (manually measured values of the actual plant). By exploring the correlation
of extracted features with ground truth values, the number of images required to
accurately reconstruct the plant was determined.

1.2.3 Efficient 3D model Segmentation:

Once the 3D model is generated, it is important to segment the plant traits accurately.
There are several segmentation algorithms presented in the literature [132]. The
segmentation should be able to separate the various plant components such as leaves
and stem robustly to measure traits. Also, the segmentation method needs to work
on a range of plant architectures with good accuracy and computation time. This
study proposes a segmentation method using Euclidean distance to segment the
point cloud generated. The proposed algorithm requires no prior information about
the plant point cloud. The results illustrate that our proposed method can effectively
segment the plant point cloud irrespective of its architecture and growth stage.
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1.2.4 Accurate Plant Trait Measurement:

After segmentation, important plant traits for growth monitoring are measured: leaf
length, leaf width, number of leaves, stem height, and leaf area. These traits are im-
portant as leaf size plays a vital role in plant growth. This study proposes techniques
to measure leaf length, width, and stem height accurately even if it is curled at any
growth stage of the plant.

1.1.3 Thesis Outline

The rest of the thesis can be summarized as follows:

1. Chapter 2 reviews the background of various methods that are used in the
rest of the chapters. The following areas are surveyed: imaging techniques for
plant growth monitoring, 3D scene representation, 3D model analysis, plant
traits to consider, plant trait measurement.
This work was published in Image and Vision Computing New Zealand (IVCNZ)
conference in 2017 [130] and expanded and published in special issue, 3D Point
Clouds for Agriculture Applications, Remote Sensing in 2021 [132].

2. Chapter 3 explains the use of a smartphone’s camera for the image acquisition
process. It investigates the effects of different adverse outdoor scenarios which
affect the quality of the 3D model. Also, it compares the results with state-of-
the-art image acquisition sensors.

This work resulted as a book chapter published in [127] and subsequently ex-
panded and published in Multimedia Tools and Application journal in 2020 [129].

3. Chapter 4 analyses the appropriate number of input images required to gener-
ate an accurate 3D model. We briefly discuss the trade-off between the number
of input images used and computation time.

This work was published as a book chapter in Advances in Signal and Data Pro-
cessing [128].

4. Chapter 5 describes the proposed plant point cloud segmentation algorithm.
We show that it is possible to accurately segment the plant point cloud at vari-
ous growth stages and architectures.

This work was published in Image and Vision Computing New Zealand (IVCNZ)
conference in 2020 [131].

5. Chapter 6 applies the methods developed in the previous chapters to 5 differ-
ent plant species at various growth stages. The results demonstrate the appli-
cability of the proposed framework. This work is currently under review for
the Plant Methods journal.

6. Chapter 7 summarises the whole thesis and possible future research directions
are identified.
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Chapter 2

Imaging for Monitoring Plant
Growth

This thesis is composed of different types of problems and techniques related to
plant growth monitoring. We discuss the related literature in various sections below.
This work resulted in the following conference and journal publication:

1. A. Paturkar, G. Sen Gupta and D. Bailey, "Overview of image-based 3D vision
systems for agricultural applications," International Conference on Image and Vi-
sion Computing New Zealand (IVCNZ), pp. 1-6,2017.

DOI: 10.1109/IVCNZ.2017.8402483

2. A. Paturkar, G. Sen Gupta, and D. Bailey, “Making Use of 3D Models for Plant
Physiognomic Analysis: A Review,” in special issue, 3D Point Clouds for Agri-
culture Applications Remote Sensing, vol. 13, no. 11, article 2232, 2021. DOI:
10.3390/rs13112232

2.1 Introduction

In recent years, a plethora of studies has been conducted on plant trait measure-
ment in 3D [198, 123, 135]. Plant phenotyping is an important area of research for
plant growth monitoring. It is implemented by a fusion of techniques, such as spec-
troscopy, non-destructive imaging, and high performance computing. Plant phe-
notyping provides vital information about plants for monitoring growth which is
helpful to farmers for their decision making process. Plant phenotyping is a set of
protocols and techniques used to precisely calculate plant architecture, composition,
and growth at different growth stages. Popular plant traits for growth monitoring in-
clude stem height, stem diameter, leaf area, leaf length, leaf width, number of leaves
or fruits on the plant, and biomass. However, the measurement of plant structure
and growth parameters is difficult, tedious and mostly depends on destructive ap-
proaches. 3D modelling helps to access the complex plant architecture [51] which al-
lows plant related information to be extracted, such as characterization of plants and
their growth development. Conventionally all these elements have been evaluated
by experts in this field using a subjective visual score, which can result in dissim-
ilarity between expert judgements. Primarily, plant phenotyping aims to calculate
plant features precisely without subjective biases [130]. Therefore 3D measurement
techniques are potentially suitable as these allow measurement of plant traits and
can accurately model plant geometry.

The range of 3D measurement methods includes LiDAR, laser scanning, struc-
tured light, structure-from-motion, and time-of-flight sensors. Each of these meth-
ods has its own merits and demerits. All these methods produce a point cloud, in
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FIGURE 2.1: Classification of 3D acquisition methods

TABLE 2.1: Comparative analysis of state-of-the-art 3D acquisition
systems. The values of XYZ represents coordinates, I stands for in-

tensity or reflectance, and RGB is image combination

Method Price Type Output Resolution

Structured light $$ Active XYZIRBG <mm

Laser triangulation $$$ Active XYZI < mm

Structure-from-motion $ Passive XYZRGB mm

LiDAR $$$ Active XYZ(I/RGB) cm

Field cameras $$$ Passive XYZRGB mm

Time-of-flight $$ Active XYZI mm

which every 3D point represents a point detected on the plant’s surface. Based on
the measuring technique, the coordinates can be augmented by colour information
or the intensity of the reflected light. Current 2.5D techniques such as range imag-
ing calculate distances from a single point of view (range images). In contrast, 3D
models describe point clouds captured from different angles and views displaying
various spatial levels of points and therefore demonstrate less occlusion, higher ac-
curacy, spatial resolution, and sample density.

A detailed technical classification of 3D acquisition methods is shown in fig 2.1.
Active techniques use their own source of illumination for measurement and pas-
sive techniques use ambient light in the scene. Active sensing techniques are classi-
fied into two types: triangulation based methods and time-of-flight based methods.
Structured light (early Kinect sensor) and laser triangulation approaches are trian-
gulation based methods. LiDAR and time-of-flight cameras are time-of-flight based
methods. Field cameras and structure-from-motion (SfM) methods are types of pas-
sive techniques. A comparison between these techniques is given in Table 2.1. Fig.
2.1 and Table 2.1 are adapted from [133].

2.1.1 Research Contribution

Several papers have reviewed 3D image acquisition for plant phenotyping [193, 108,
54, 123, 133, 190]. However, a review of approaches used for 3D model processing
and analysis in the context of plant physiognomic analysis is lacking, which will be
the focus of this review. For 3D plant model analysis, a wide set of tools is needed,
because of the variety of plant architectures across species. This chapter aims to
identify standard processing and analysis stages and review techniques used in each
of these stages. An overview of the stages covered in this chapter is shown in fig.
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FIGURE 2.2: Outline of processing and analysis stages for 3D plant
growth monitoring

2.2 which is adapted from [190]. Also, this is the first work to have done extensive
review of all the stages involved in 3D plant growth monitoring.

This review addresses the questions related to 3D plant physiognomic analysis.
What sensing methods can be used for such analysis? Are there any potential cost-
effective and non-destructive methods? What are the various scene representations?
What type of plant traits should be extracted? What are the current challenges and
research directions?

2.2 3D Imaging Techniques

In this section we detail 3D imaging techniques, reviewing active and passive tech-
niques. We also provide a constructive comparison of these techniques.

2.2.1 Active Techniques

Active techniques use their own light source to illuminate a target and collect the
reflection from an object.

Laser Triangulation

Laser triangulation describes distance calculation techniques based on differing laser
and sensor positions. A laser ray is transmitted to illuminate the target surface, and
the position of the laser spot is detected using an image sensor (see fig. 2.3). Since
the laser and sensor are in different positions, the 3D location of the laser spot can
be found through triangulation. A 3D point cloud can be generated by scanning the
laser spot.

Laser triangulation has a trade-off between the target volume and point reso-
lution. It can either measure a small target with the highest possible resolution or
a large target with low resolution. This approach needs a prior estimation of the
required resolution and the target volume. Laser triangulation is mainly used in
laboratory settings because of its high accuracy, high resolution readings and easy
set-up [137, 37].

Structured Light

Structured light projects patterns, a grid, in temporal order on the target. For every
pattern, an image is captured by the camera. The 2D points on the grid pattern are
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FIGURE 2.3: General configuration of laser triangulation

FIGURE 2.4: Structured-light for 3D measurement

linked to their 3D data by calculating the distortion of the pattern (see fig. 2.4) [50,
207]. Structured light has a bulky set-up and requires more time than other sensing
techniques.

To achieve a 3D model, either the set-up or the target object has to be moved.
Structured light is mostly used for industrial applications to check the quality of an
object, providing high accuracy and resolution [91]. The early Kinect sensor is an
example of a structured light sensor.

Time-of-flight

Time-of-flight (ToF) uses high frequency modulated illumination, and calculates the
range from the phase shift (see fig. 2.5) [143]. This process can be repeated for
thousands of points at the same time [130]. The set-up for ToF cameras is smaller
than other methods and captures images with lower resolution. These cameras are
suitable for indoor applications [153] or in the gaming industry [27]. ToF cameras are
required to move in order to build a complete 3D point cloud. The cameras are slow
and have low resolution, compared to laser triangulation and structure-from-motion
(SfM).
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FIGURE 2.5: ToF measurement principle

LiDAR

Lidar is basically an extension of the principles employed in radar technology. It
calculates the distance between the scanner and the target object by illuminating the
object using a laser and measuring the time taken for the reflected light to return
[130]. A terrestrial LiDAR has a bulky set-up and to deal with occlusion issues, the
plant has to be scanned from multiple positions. This approach has already proved
its worth in surveying applications, such as landslide detection and measurement
[154]. For plant growth monitoring, LiDAR has the advantage that it can measure
any target volume with high accuracy. However, this approach is costly, time con-
suming, and bulky, making it less suitable for plant growth monitoring.

Airborne LiDAR has also been used in some studies [145, 102] to determine plant
height and crown diameter measurement. Airborne LiDAR offers accurate and de-
tailed measurements; data can be collected quickly and from a variety of locations.
However, there are some limitations such as underestimating vegetation height com-
pared to field measurements [176, 42]. It struggles with dense vegetation canopy
where the dense undergrowth may be confused with bare ground. The underes-
timation of vegetation height is also dependent on plant species and growth stage
[205].

2.2.2 Passive Techniques

In these techniques, natural light is used to illuminate the object and to collect the
object information through image sequence.

Stereo Vision

Stereo vision has three main processing stages: camera calibration, feature extrac-
tion, and correspondence matching. A stereo camera captures a pair of images (right
and left). By using this stereo pair, the disparity can be calculated between the cam-
era coordinates of matching points in the scene, thus the depth can then be calculated
through triangulation (see fig. 2.6).
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FIGURE 2.6: Stereo vision technique

PlantStart

Finish

FIGURE 2.7: Illustration of structure-from-motion technique

Structure-from-motion

Structure-from-motion (SfM) uses a set of 2D images acquired by an RGB camera
at different positions to generate a 3D model of the target [60] (see fig. 2.7). Corre-
sponding points in the images are extracted [186] and matched to stitch the images
together and generate the 3D model. The 3D point cloud includes colour and inten-
sity information depending on the type of camera used [155].

The point resolution achieved from SfM is comparable to laser triangulation.
However, it depends on the camera resolution and number of images used for 3D
modelling [155].

Structure-from-motion can be used by mounting a camera on an unmanned aerial
vehicle (UAV). This set-up is cheaper than airborne LiDAR. It is easy to gather data
on a small study area, and overcast or partly cloudy conditions have less effect on
the acquisition process. However, it is computationally demanding and it cannot
penetrate the plant’s canopy.
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In contrast with laser triangulation, which requires more time for acquisition and
the direct result is the point cloud, SfM requires less time for acquiring the images,
but needs more time for reconstruction. SfM can be used in outdoor environments
as it does not require special illumination or a complex set-up. This method requires
only an off-the-shelf camera to capture the images, the set-up is cost-effective and
easy.

Light Field Cameras

Field cameras [181] give depth information with colour images by calculating the
direction of the light coming in using camera arrays. This allows the reconstruction
of the target. However, similar to time-of-flight sensors, field cameras also need to
move with a bulky set-up, making them difficult in outdoor applications.

2.2.3 A Constructive Comparison of 3D Imaging Techniques

Active techniques provide a high-resolution point cloud for further plant analy-
sis such as plant trait segmentation and measurement. However, the influence of
the laser on plant tissue has to be considered when active illumination techniques
are used, especially laser triangulation. Even though laser-based techniques are de-
scribed as non-penetrating, recent studies have found that plant tissue below cuticle
(protecting covering) has significant impact on the trait measurement and accuracy
due to laser intensity [133]. In addition, because of the edge effect [136, 38], plant
trait measurements of partial leaves can generate outliers or errors in the measure-
ment. Other active techniques such as structured light, time-of-flight, and LiDAR
have proven their worth for plant phenotyping demands. However, the resolution
and accuracy have to be improved for high throughput plant physiognomic analysis.
Table 2.2 summarises the advantages and disadvantages of the various 3D imaging
techniques.

In contrast, structure-from-motion gives an easy and cost-effective solution, and
this makes them best suited for outdoor applications. However, the point cloud
resolution depends on the number of images captured. Also, SfM requires more
computation time than the other methods. Summing up, SfM is a reliable technique
for 3D modelling of plants while resolving occlusion, self occlusion, correspondence
problems, and providing high resolution information.

Researchers have used different sensors and techniques to derive a 3D model in
all these studies. In conclusion, every sensor and technique has its merits and demer-
its [130] and their accuracy may vary. Depending on the budget and requirements,
one should choose the sensors and techniques [127]. However, suppose budget is a
limiting factor, based on the comparison provided in table 1. In that case, one can
choose structure-from-motion as it is not only a cost-effective and non-destructive
solution, but also it provides better point cloud resolution at the lowest price.

2.3 Plant Separation in Clusters and Row Structure

In some scenarios, plants are planted in a row or a cluster. Various active and passive
methods have been developed in the literature [77, 192] to detect individual plants.
In particular, LiDAR has been widely used over the past decade. Due to the airborne
laser scanner (ALS), its data provides important information for individual tree de-
tection [80, 174]. In the last 20 years, many fully- and semi-automatic algorithms
have been developed to detect individual plants. However, even if one algorithm
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TABLE 2.2: Comparative analysis of 3D imaging techniques

Technique Type Advantages Disadvantages

Laser
Triangulation

Active

-High precision

-High speed data
acquisition & 3D model
generation
-Does not rely on
external light source

-High cost

-Sensitive to sunlight

Structured
Light

Active
-Low cost
-High speed
-High spatial resolution

-Small field-of-view
-Poor with shiny surfaces
-Limited sensing range
-Sensitive to sunlight

Time-of-Flight Active

-Performs well in
dim/dark light
conditions
-High pixel resolution
-Accurate depth sensors

-High cost

-sensitive to sunlight

LiDAR Active

-Robust against sunlight

-Performs well in
dim/dark light
conditions
-Robust against
interference

-High cost

-Bulky set-up
-Poor in edge detection

Stereo Vision Passive

-off-the-shelf cameras
used
-Cost-effective
-Easy implementation
-Provides efficient RGB
stream

-Correspondence
problem

-Depth range depends on
baseline
-Sensitive to sunlight
-Computationally costly

Structure-from-
Motion

Passive

-Low cost
-Excellent portability
-Easy to use
-Works with economical
cameras

-High computation time

-Poor in dim light
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is best for a specific application, it may not be ideal for other situations. For in-
stance, some algorithms may work well on canopies with large variations in plant
growth stage, plant spacing, or plant crowns with a high degree of occlusion [88,
211]. It is challenging to decide on an ideal algorithm to detect individual plants as
there is no standard method to assess the algorithm’s accuracy [78]. This section will
cover the work related to LiDAR information using a canopy height model (CHM),
digital surface model (DSM), and passive methods to generate a point cloud to de-
tect individual plants. Individual plant detection algorithms are grouped into four
categories by Koch et al. [105]: (1) raster-based algorithms; (2) point cloud based al-
gorithms; (3) fused method combining raster, point, and a priori data; and (4) plant
shape reconstruction algorithms.

The individual plant detection algorithms are outlined below, but the reader
must refer to the primary publications for detailed description.

2.3.1 Raster-Based Algorithms

Plant-top Detection

To use local maxima detection on CHM, the canopy height has to be derived from
the laser point cloud data, interpolated and smoothed. The smoothing process re-
sults in the loss of detail about the plants. However, the smoothing process is needed
to achieve an accurate number of local maxima as a starting point for plant segmen-
tation. CHM underestimates the actual canopy height. To overcome this limitation,
Solberg et al. [174] demonstrated a residual height adjustment method, in which the
initial echoes from ALS were interpolated into a DSM with 25 cm spatial resolution
by a minimum curvature algorithm. A 3×3 Gaussian filter was used to smooth the
DSM. The local maxima in 3×3 neighbourhoods were considered as plant candi-
dates. The height deviation of the initial echoes from the DSM was estimated pro-
viding a residual height distribution, and the local maxima and DSM were adjusted
by adding specified residual height percentile. The filter window size and residual
height percentile adjustment can be set according to the row structure or cluster.

However, all the algorithms based on CHM smoothing need a specific smoothing
factor. A large smoothing factor may lead to an under-estimation of the number
of local height maxima corresponding to plant-tops. In contrast, a low smoothing
factor may lead to an over-estimation of the number of local maxima. In addition,
all the algorithms based on analysing local maxima struggle to detect plants that are
not shown in the CHM. For instance, plants in the undergrowth are covered by a
neighbouring plant’s crown.

A study conducted by Popescu et al. [145] used LiDAR to extract individual
plants from a cluster used the local maxima on the assumption that the maximum
heights in a given spatial neighbourhood represent the tips of the plant. The heights
help to locate the individual plants in the cluster.

Segmentation and Post-processing of the Result

Two widely used raster-based algorithms for segmentation are the pouring and wa-
tershed algorithms [105]. The pouring algorithm starts "flowing water" from a given
maximum height towards the lower heights and the region is divided into areas ac-
cording to the water flow. The watershed algorithm uses an identical but inverse
concept: the areas are extended as long as the neighbouring pixels with the same or
lower height exist. The segmentation of plant crowns with the pouring algorithm
works well for uniform heights. However, the result may have segmented areas
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not resembling plant crowns, e.g.areas too small to be planted, non-plant like struc-
tures and so on. Solberg et al. [174] restricted region growing by applying polygon
convexity rules when considering the regions’ growth directions.

Geometrical models can be used to identify geometrical shapes combined with
specific dimensions. Holmgren et al. [66] used geometric models for tree crown
segmentation. A correlation surface was formed as the maximum pixel-wise corre-
lation between the geometric plant crown model and CHM, defined as generalised
ellipsoids of revolutions [144]. The correlation surface and CHM was used for seg-
mentation, and merging and splitting criteria were used according to the geometric
models.

2.3.2 Point Cloud Based Methods

K-means Clustering

K-means is one of the most popular clustering algorithms, with many attempts to
partition ALS information into various clusters [74] and in single plant crowns [116].
The k-means algorithm needs seed points, derived as smoothed CHM based local
maxima [116]. The unnecessary local maxima were removed by 3D Euclidean dis-
tance criteria, which were specified according to training data tests. A k-means al-
gorithm is used to cluster the point cloud according to the seed points. However,
it is important to note that the k-means algorithm works well when the point cloud
has isolated or compact clusters [106]. Therefore, adaptive alternatives have been
developed for different cluster structures [58].

Voxel Based Single Tree Segmentation

Point data was projected on a voxel space, which estimated density images from
sequential height layers [202]. The images are scanned from top to bottom by a
hierarchical morphological algorithm, assuming that the plant crown has a higher
number of points. The method was then further developed with an algorithm for
splitting and merging the plant crowns based on the horizontal projection.

Other Point Cloud Based Methods

In another study based on structure-from-motion, Jay et al. [79] analysed the plants
planted in a row structure using overall excess green distribution in the image. Gen-
erally, the excess green value changes for the plant and the background, which helps
to extract the individual plants when planted continuously.

To extract individual potato plants, planted in a row structure, Zhang et al. [207]
defined regions of interest and then the regions were classified as different colours
for plants and the background. Supervised maximum likelihood classification clus-
ters pixels into pre-defined classes. Maximum likelihood classification presumes
that the statistics for each class in every band is normally distributed and estimates
the probability that a specific pixel belongs to a particular class. In this way, individ-
ual plants were extracted from a row structure.

2.3.3 Fused Method Combining Raster, Point, and a Priori Data

Adaptive Plant Detection

Ene et al. [41] introduced an adaptive method for single tree delineation and CHM
generation. They adjusted the CHM resolution and filter size based on the prior
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information achieved in the form of area-based stem number estimates. Considering
that plants are distributed according to the Poisson process, one can estimate a rough
plant-to-plant distance for optimizing the filter size and CHM resolution. A set of
CHMs in varying resolution is formed for each training data. Two runs of the pit-
filling algorithm by Ben-Arie et al. [7] were applied to every CHM, followed by
low-pass filtering using a binomial kernel with a size relative to the expected nearest-
neighbour distance between plants.

Combined Image and Point Cloud Analyses

Some methods combine point cloud and raster data to enhance the segmentation
of single plants [151, 65]. Reitberger et al. [151] applied a normalized cut graph
by Malik et al. [161] for segmentation using full waveform LiDAR point data. The
method is based on graph partitioning and a measure to calculate within or between
group dissimilarity. Reitberger et al. [151] used a watershed algorithm for crude seg-
mentation. This segmentation was run to a smoothed CHM to generate an under-
segmented result. The reflections extracted from full-waveform data were arranged
in voxels; this was cut to areas based on graph partitioning to within-segment sim-
ilarity. This similarity between voxels was calculated by echo, point distribution,
and intensity. This algorithm generated a higher detection rate compared to using
the watershed algorithm alone, yet still had some false detections.

2.3.4 Plant Shape Reconstruction Algorithms

Plant shape can be reconstructed using the following algorithms.

Convex Hull

Point cloud clusters shaped like plant crowns can be geometrically reconstructed
using the convex hull [116, 81], representing the outer boundary of the point cloud.
Gupta et al. [58] compared k-means clustering, modified k-means, and hierarchical
clustering using a weighted average distance algorithm to detect plants, followed by
an adapted convex hull algorithm, called Quick hull (QHull), for 3D plant shape re-
construction. Outdoor conditions, point density, plant crown, terrain type, and plant
density are the important factors that affect the shape and the number of extracted
plants.

Alpha Shapes

As an alternative to the convex hull, the number of facets corresponding to the min-
imum convex polygon may be controlled to achieve a detailed shape. A specifically
useful method to perform this restriction is the idea of 3D alpha shapes [40], in which
a pre-specified factor alpha is used as a size-criterion to estimate the level of detail in
the achieved triangulation. Vauhkonen et al. [191] used the alpha shape method to
select plant objects for predicting a range of factors, including species, plant crown
volume, and crown base height, and noticed that this method is sensitive to the ap-
plied point density.

2.3.5 Key Takeaways:

Individual plant detection algorithms are widely based on raster-image analysis
methods such as watershed segmentation and local maxima detection. However,
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extracting the local maxima from raster-based CHMs misses plants below the dom-
inant canopy, and methods developed to adjust the level of CHM smoothing cannot
resolve this limitation. The detection of small plants or plants in early growth stages
may be improved by a local refinement approach [151] or by performing detailed
analysis of 3D point clouds [86, 179]. These techniques are computationally expen-
sive and time consuming. Despite these limitations, the segmented plants possess
useful information for applications such as plant growth monitoring, plant pheno-
typing, and plant physiognomic analysis.

2.4 Initial Scene Rendering

3D objects or scenes can be described as a point cloud, voxel grid, or depth map.

2.4.1 Point Cloud

Generally, active techniques directly provide point cloud information following the
data acquisition. The point clouds are uniformly sampled points on the described
object’s surface. In contrast, the point cloud density obtained using passive tech-
niques will mainly depend on the object’s surface features. The reason is that pas-
sive techniques often depend on searching corresponding points on numerous over-
lapped images. Feature-less areas of the object or plant are poorly represented in
the point cloud. Also, these feature-less areas can provide false points because of
feature mismatching if the scene has similar structures. In outdoor conditions, it is
often noticed that if there is excess sunlight present in the scene during image ac-
quisition, the plant’s leaves saturate, with a resulting loss of information which can
lead to an inaccurate or incomplete 3D model. In addition [127], any movement
during the image acquisition process, for example from wind, results in poor scene
representation.

Point clouds usually provide accurate surface topology information [190]. This
makes it easier to precisely estimate the curvature or underlying surface informa-
tion and calculate surface traits. For passive techniques, the quality of the point
cloud largely depends on the number of images used as well as the plant archi-
tecture. Paturkar et al. [128] provided a detailed analytical study on selecting an
appropriate number of images for 3D modeling. This can help to generate a precise
point cloud using fewer images. Point clouds are appropriate for segmentation and
further analysis of segmented point clouds is possible.

2.4.2 Voxel Grids

A 3D plant can also be described by a 3D array of cells, in which each cell (voxel)
has one of two values, showing if the plant occupies a voxel or not. The most com-
mon techniques which result in a voxel grid representation are voxel colouring [168],
space carving [85], generalised voxel colouring [31, 39], and shape-from-silhouette
[6].

If the plant architecture is simple, these techniques are fast, easy to implement
and generate accurate estimations. For instance, Kumar et al. [84] used shape-from-
silhouette to reconstruct young corn and barley plants. Similarly, Golbach et al. [52]
used the same technique to reconstruct tomato seedlings. In another study, Phat-
taralerphong et al. [142] also used shape-from-silhouette to achieve voxel grid rep-
resentations of tree canopies. The goal of this study was to calculate features like
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canopy volume, tree crown diameter, and tree height which usually do not need pre-
cise 3D representation. Kumar et al. [84] examined maize root volume using shape-
from-silhouette. These studies were conducted on the plants in the early growth
stages.

However, if the plant architecture is complex, e.g. heavy overlapping between
plant organs, or very complex, one must use principle volumetric techniques. For
instance, Klodt et al. [79] proposed a fast approach which searches a segmentation of
the volume surrounded by the visual hull, by reducing the surface area of an object,
based on the factor that the volume of the segmented object should be 90% of the
volume surrounded by its visual hull. The authors applied their approach for 3D
reconstruction of fully grown barley plants and obtained precise fine-scale features
of the plant.

X-ray computed tomography (CT) and magnetic resonance imaging (MRI), gen-
erally used in medical imaging, can also be applied to the plant phenotyping do-
main. Studies show that these techniques have been used to visualise plant root
systems [104, 112, 167, 45]. These techniques generate voxels that have intensity
data, either describing the density for CT, or the ability of the material to absorb and
emit radio frequency energy in the presence of a magnetic field for MRI (detecting
hydrogen atoms associated with water molecules).

2.4.3 Depth Map

A depth map is nothing but a 2D image in which the value of every pixel shows the
distance from the camera. It is also referred to as 2.5D imaging. In such descriptions,
parts of a plant occluded by a projected surface are not calculated. 3D imaging tech-
niques which provide a depth map as output are mainly stereo vision or other active
techniques. Stereo vision calculates depth of the scene from a single viewing loca-
tion by analysing the disparity between two images captured from slightly different
positions.

Depth maps can be obtained of single plants, of which the leaves are flattened,
have orientation perpendicular to the camera. Xia et al. [203] proposed implement-
ing depth maps only to give a robust segmentation of individual leaves of bell pep-
per plants. In this scenario, 2D imaging has struggled to separate overlapping of
leaves. Dornbusch et al. [35] utilised depth maps to inspect and analyse the daytime
patterns of leaf hyponasty (which is an upward bending of leaves) in Arabidopsis.
Chéné et al. [23] examined the implementation of depth maps for the calculation of
plant traits such as leaf angle, leaf curvature, and leaf segmentation.

In a few studies, depth maps are used on canopies, where deriving complete 3D
structure is unimportant. Muller-Linow et al. [117] and Ivanov et al. [72] used depth
maps to estimate structural features of canopies from top-view stereo vision set-ups,
in sugar beat and maize, respectively. Using a side-view stereo set-up, Baharav et al.
[4] estimated plant height and stem width.

Depth maps can also be used for segmentation but keep in mind that segmenta-
tion of depth maps may struggle with occlusions. Depth maps can be augmented to
a real 3D point cloud by capturing the 3D scene from various angles and directions
with overlapping images. An iterative closest point algorithm [10] can be used to
match point clouds from overlapping depth maps.
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2.5 3D Model Processing

Preprocessing of 3D model involves several steps, namely background removal, out-
lier removal, denoising, and down-sampling.

2.5.1 Preprocessing

When working on a point cloud, background removal, outlier removal, denoising,
and down-sampling are important steps in the processing. The generated point
cloud often has parts of the surrounding scene and some erroneous points, which
need to be carefully removed. Also, the primary size of the point cloud is often too
large for processing in a feasible time and hence down-sampling may be required.

Background Removal

If the point cloud is generated using an active imaging technique, it usually does not
include colour information. Additional efforts need to be taken to acquire as little
of the surrounding area as possible. If the point cloud still holds some surrounding
information, then the background can be removed via the detection of geometric
structures like cylinders, planes, and cones which might correlate with the plant
surface, the plant’s stem or pot. Points can then be removed by considering their
relative position to these features. The detection of these geometric structures is
generally done using the RANSAC algorithm [44]. For instance, Garrido et al. [73]
modelled maize plants using LiDARs firmly fixed on an autonomous vehicle and
later used RANSAC to segment point clouds into plants and ground.

If the point cloud is generated using passive techniques, it often includes colour
information as an RGB camera is used for image acquisition. This colour informa-
tion can then be used for background removal. Efforts to control the lighting condi-
tions during image acquisition will determine the reliability of simple colour-based
thresholding, classification or clustering approaches to differentiate between back-
ground and plant. Jay et al. [79] proposed a clustering method based on both colour
and height above the ground to differentiate between background points in the point
cloud generated from structure-from-motion and a plant.

3D model processing is an important step when working on point clouds. Back-
ground removal from a point cloud generated using active imaging techniques is
tedious and prone to error because of the lack of information about the background.

Outlier Removal

Two approaches are mainly used for outlier removal for point clouds: statistical and
radius outlier removal. Statistical outlier removal uses the mean distance to the k-
nearest neighbors. Points are discarded if the mean distance exceeds a particular
threshold, depending on the global mean distance to the k-nearest neighbours and
the standard deviation of mean distances.

Radius outlier removal calculates the number of neighboring points within a
given radius and discards points that have fewer than a specified minimum number
of neighbors. Both outlier removal approaches perform well on the point clouds,
and the only limitation is that the user has to give input value of the radius and
k-nearest neighbors.
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Denoising

Before advancing to further analysis, it might be important to correct some irreg-
ularities such as noise and misaligned points in the data. Moving least squares
repetitively project points on their neighborhoods’ weighted least squares surface,
requiring the newly sampled points to lie near an underlying surface [87].

Denoising using moving least squares is effectively eliminates the noise present
in the point cloud. Even after applying outlier removal, there can still be some irreg-
ularity present in the point cloud, which can be removed using this approach.

Down-sampling

Primary point clouds may need to be down-sampled to process them in a shorter
time. The most reliable down-sampling approach is the voxel-grid filter [69]. In this
approach, the point cloud is arranged into a 3D voxel grid and points within every
voxel are replaced by the centroid of all the points within that voxel.

Another approach that uses random sampling designed to retain important struc-
tures in the point cloud is the dart-throwing filter [26]. In this, points from the pri-
mary point cloud are successively added to the down-sampled point cloud if they
do not possess neighbours within a fixed radius in the resultant point cloud.

However, down-sampling the point cloud may lose important information about
the plant, particularly fine structures such as parts of the leaf or stem. Therefore,
depending on the plant species, architecture, and quality of a 3D model, one should
select the down-sampling rate. If it is not essential to down-sample the point cloud,
one can simply skip this step.

2.5.2 Lower-level 3D Model Representation

For further analysis, it may be beneficial to convert the 3D depictions into the fol-
lowing lower-level representations:

Octree

An octree [110] is a tree-like representation of the data which repeatedly sub-divides
a 3D space into eight octants, only if the parent octant has at most one point. This
way, the expanding tree depths show the point cloud in increasing resolution. This
representation can help overcome memory limitations when points must be scanned
within a large point cloud. A key advantage is that little memory is used for empty
areas. Also, the octree representation does not struggle with complex plant archi-
tecture. One disadvantage of an octree representation is that an object or scene can
only be approximated and not fully represented. This is because the octree breaks
everything down into smaller and smaller blocks.

There are multiple algorithms for skeletonization and clustering in the literature
that use the octree data format that is also appropriate for plant phenotyping. Skel-
Tre [17] and Campino [16] are examples of the skeletonization and clustering algo-
rithms. Scharr et al. [164] proposed a method for voxel carving of maize and banana
seedlings which provides an octree depiction as an output. Duan et al. [36] exploited
octrees to separate wheat seedling’s point clouds into initial groups of points; later,
these initial groups were combined manually to correlate them with distinctive plant
organs.
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Polygon Mesh

This is a 3D depiction comprised of faces, edges, and vertices that describes an ob-
ject’s shape. Polygon meshes are formed from a point cloud using α-shape triangu-
lation [40] or from voxels utilising the marching cubes algorithm [99]. Nonetheless,
a precise voxel depiction or point cloud is essential to produce an accurate polygon
mesh. The complex plant architecture makes the generation of polygon mesh of the
whole plant difficult. However, the polygon mesh is conceptually simple. Generally,
surface fitting is applied to various plant organs.

McCormick et al. [109] generated polygonal meshes acquired through laser scan-
ning to measure leaf widths, lengths, angles, area, and shoot height in sorghum. Pa-
proki et al. [126] also generated polygon meshes of cotton plants from multi-view
stereo and applied phenotypic analysis based on this depiction. In this study, they
measured individual leaves. Chaudhary et al. [22] constructed a polygon mesh of
Arabidopsis plant using α-shape triangulation to find the volume and surface area of
the plant.

Undirected Graph

This representation is a structure comprised of vertices linked by the edges. These
edges are allocated weights corresponding with the distance between the connected
points. The shortest path can be calculated using Dijkstra’s algorithm [34], graph-
based clustering, e.g. spectral clustering [76], and minimum spanning tree [146]
which use undirected graphs as an input.

This undirected graph can be generated from a point cloud by linking neigh-
boring points to the query point. These neighbors can be chosen using a particular
radius r around the query point, or the k-nearest neighbors are selected. If r or k
are selected very high, many redundant edges will be created, whereas important
edges will be missed if r or k are very low. However, undirected graphs struggle
with redundant edges. Therefore, it is important to select the correct values of r and
k. Hetroy-Wheeler et al. [64] generated an undirected graph of various seedlings
acquired using laser scanning. These undirected graphs are then used as a base for
spectral clustering into plant organs. To prevent redundant edges and speed up the
computation process while simultaneously not missing any important edges, they
reduced the edges that contain neighbors within a particular radius r, depending on
the angles between the edges.

2.6 3D Model Analysis

The following processing stages convert the original 3D model as preparation for
further analysis. During these stages, supplementary information is obtained from
the 3D model.

2.6.1 Segmentation

A critical and complex stage in extracting the plant trait measurements is the seg-
mentation of the 3D model into distinctive plant traits. There is no standard method
that can be applied because segmentation depends strongly on the quality of the 3D
model and the particular plant architecture.
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Point Cloud Surface Feature-based Segmentation:

Surface feature-based approaches exploit surface normals and extracted features as
measures for classification or clustering. This can allow for classification between
traits with various geometrical shapes, like straight stems, flat leaves or other ge-
ometries.

The point cloud consists of a set of points on a surface. The surface normals can
be derived by executing an eigendecomposition or principal component analysis on
the co-variance matrix of nearest-neighbours around the query point. The nearest-
neighbours can be selected either by defining a particular radius r or the number
of neighbours k. These two parameters must be selected carefully because if r or
k are selected very small, the normal calculation will be noisy; in contrast, if these
parameters are selected very large, too many points are included and edges between
planar surfaces will be blurred.

1. Saliency Features: In a study conducted by Dey et al. [33] on yield estima-
tion, saliency features, along with colour information, were used to segment
the point clouds of grapevines generated using structure-from-motion (SfM)
[171], into fruits, leaves, and branches. They estimated saliency features at
three spatial scales and integrated colour in RGB to achieve a 12-dimensional
feature vector for segmentation.

In another study, Moriondo et al. [115] also used structure-from-motion to ob-
tain point clouds of the canopy of olive trees. Using a random forest classifier,
they exploited saliency at one spatial scale and colour information as features
to segment the point cloud into leaves and stems. Li et al. [94] used surface
curvatures to classify linear stems and flat leaves. They used Markov random
fields to achieve a spatially understandable unsupervised binary classification.

2. Point Feature Histograms: Point feature histograms [160] and its more effi-
cient version, fast point feature histograms [159], provide distinctive features
of a point’s neighborhood that can be used for matching. This approach relies
on the angular relationships between pairs of points and their respective nor-
mals within a given radius r around each query point. This information, gen-
erally four angular features, are binned into a histogram, and then these his-
togram bins can be utilised as features in a classification or clustering method.
The study by Paulus et al. [138] illustrates the difference in the PFHs between
point clouds with various surface properties.

PFHs rely on the approximate representation of the plant trait shapes and sur-
faces, mostly achieved using active 3D imaging techniques like LiDAR or laser
scanning. PFHs have been exploited as features of point clouds of wheat, bar-
ley, and grapevine generated by laser scanning [138, 134, 197]. In a study on
sorghum plants, Sodhi et al. [172] used less accurate point clouds derived
from multi-view stereo and robustly segmented stems and leaves because the
sorghum plant’s traits are easily classified.

3. Segmentation Post-processing: Point cloud segmentation methods that de-
pend on local features, e.g. surface feature-based techniques, generally result
in inaccurate classifications. A standard post-processing stage to enhance the
accuracy is implementing a fully connected pairwise conditional random field
[83], which considers the spatial context to greatly enhance the results. Sodhi
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et al. [172] and Dey et al. [33] used a conditional random field as a post-
processing stage of segmentation using saliency features and PFHs, respec-
tively. The outcome of this post-processing is shown in [173].

Graph-based Segmentation:

Spectral clustering is a group of clustering methods that considers connectivity be-
tween points in an undirected graph [103]. The points are projected onto a lower
dimensional graph which maintains the distances between the connected points.
After that, a common clustering method is applied on this graph.

While implementing the spectral dimension reduction on a graph of a plant, this
plant should be identifiable in the lower dimensional graph, whereas other mor-
phological traits of the plant will be suppressed. Bolrcheva et al. [13] and Hetroy-
Wheeler et al. [64] used a similar approach to segment poplar plants’ point cloud
into stems and leaves. They were able to identify the branching structure of the
lower dimensional graph, which corresponds to the plant traits in the original point
cloud.

Voxel-based Segmentation:

Golbach et al. [52] used a shape-from-silhouette to generate a 3D voxel structure of
tomato seedlings. A breath-first-flood-fill algorithm with a 26 connected neighbor-
hood is used, which repeatedly fills the structure. The algorithm starts with a lowest
point in the voxel structure, which is the bottom of the stem. As the algorithm passes
through the stem, all neighboring points are close together. However, when the first
leaves and branches appear, the distance of the newly added point increases. If the
distance threshold exceeds a specified threshold, the iteration is terminated, and a
new iteration is started. The threshold depends on the voxel resolution and plant
architecture. Once the flood-fill is carried out, a leaf tip is detected as the last added
point and consequently backtracks the flood-fill until the last point of the stem is
reached.

In another study, Klodt and Cremers et al. [79] segmented the 3D voxel structures
of barley into parts using the eigenvalues of the second-moment tensor of the sur-
faces. These give information of the gradient directions of the structure, and permits
classification between flat, long, or structures without any direction. This method
resulted in classification between the plant traits.

The following examples of voxel-based segmentation methods can be modified
depending on the plant architectures [52, 79]. The first method which uses shape-
from-silhouette to generate the voxel model and relies on the plants with rosette-like
structure of narrow leaves. The second method exploits the opposite arrangement
of the cotyledons of dicot seedlings. The main advantage of these highly modified
methods is that they can be easily customized according to plant architecture.

Mesh-based Segmentation:

Based on polygonal meshes, there are two standard methods for segmentation. The
first method is a region growing from seed points on the mesh surface, constrained
by curvature changes that correspond with edges [169, 195]. The second method is
fitting shape primitives e.g. spheres, cylinders, and planes [3].

Paproki et al. [126] used a hybrid segmentation approach that uses both methods
on cotton plants- at first achieved a coarse mesh segmentation into individual leaves
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and stem by using region growing. Then, detailed segmentation of the stem into
petioles and internodes was achieved using cylinder fitting.

Nguyen et al. [118] looked at segmentation and measurements of dicotyl plant
traits. For this, they used region growing constrained by curvature. Using this
method, they measured leaf width, length, surface area, and perimeter.

Deep Learning-based Segmentation:

3D point cloud segmentation using deep-learning is a new field. Some general tech-
niques exist, which can be divided into two classes. One class of techniques is point-
based which directly works with unordered 3D point clouds. Networks such as
SGPN [200], PointNet [147], PointNet++ [149], and 3DmFV [8] take the 3D point
cloud as input and provide class labels for each point as output. However, these ar-
chitectures are limited in the number of points in each model. If the size of the point
cloud is large, there is no reliable solution for the network training and interface.

The other class of techniques is based on multiple views, which generates many
2D projections from the 3D point cloud. It then uses deep-learning based segmenta-
tion techniques on the produced 2D images, later connecting the various projections
into a 3D point cloud segmentation. For example, SnapNet [14] was applied for
semantic segmentation of a 3D model by producing a number of virtual geometry-
encoded 2D RGB images of the 3D object. The predicted labels from the 2D images
were then back-propagated to the 3D model to provide each point a label.

Shi et al. [170] proposed a plant trait segmentation approach using a multi-view
camera system combined with deep-learning. This approach segments the 2D im-
ages and integrates the data from multiple viewpoints into a 3D point cloud of the
plant. They used a Mask R-CNN architecture [62] for instance-segmentation and an
FCN architecture [98] for semantic-segmentation. A new 3D voting system was then
proposed for segmenting the plant’s 3D point cloud. However, the performance of
this approach was unsatisfactory. The reason is that deep-learning methods require
a lot of ground-truth training data, which is time-consuming and cumbersome. This
field needs further exploration in the context of plant phenotyping.

2.6.2 Skeletonization

Skeletonization thins a shape to simplify and highlight its topological and geomet-
rical properties, such as branching of the stem or leaf, which are important for cal-
culating phenotypic features. Plenty of methods has been introduced to produce
curve skeletons. Methods exploit various theoretical frameworks, e.g. medial axes
or topological thinning. The outcome of skeletonization is generally a set of points or
voxels which are connected to form an undirected graph, on which further analysis
can be conducted.

A plethora of studies has proposed methods to structure the 3D model of plants
by skeletonization for phenotyping or computer graphics. In Mei et al. [111] and
Livny et al. [97], LiDAR was used to generate point clouds of trees and skeletoniza-
tion was performed on these point clouds, not to generate a precise 3D representa-
tion of the trees, but to produce models of trees with convincing visual appearance
for computer graphics.

Cote et al. [29] generated 3D models of pine trees using skeletonization to achieve
realistic models to study transmitted and reflected light signatures of trees, incorpo-
rating the results into a 3D radiative transfer model. In this study, the aim was not to
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achieve the phenotypic measurements of the trees but to study the radiative proper-
ties related to the tree canopy structure. They produced credible tree canopy struc-
tures from a skeleton frame describing the branches and trunk. The skeletonization
approach applied to build this structural frame is comparatively easy and it uses the
Dijkstra’s algorithm employed on an undirected graph [194]. Delagrange et al. [32]
proposed a software tool (PypeTree) to extract the skeleton of trees using the same
skeletonization approach but with more editing functionality.

In another study, Bucksch et al. [17] proposed a skeletonization method using
the direction the point cloud traverses through octree cell sides. They assessed their
method by comparing the dispersions of skeleton branch lengths and manually cal-
culating branch lengths with good results [15]. This method is fast but does not
work well on varying point densities and is less applicable to plants different from
the leafless trees which they examined.

The 3D analysis of the branching architecture of root systems is an additional
application that has been addressed by skeletonization. Clark et al. [25] proposed
a software tool for the 3D modeling and analysis of the roots. In this study, the
thinning method is executed on the voxel representation generated using shape-
from-silhouette.

Regardless of its efficiency for the calculation of certain plant features, skele-
tonization has barely been used for phenotyping of leafy vegetables. The reason
is that skeletonization struggles with diverse topographies, complex plant architec-
tures, and with heavy occlusions. Chaivivatrakul et al. [20] developed an axis-based
skeletonization method for simple plant architectures, such as young corn plants, to
extract leaf angle measurements. However, they assessed that their skeletonization
algorithm did not perform well when compared to plane fitting.

2.6.3 Surface Fitting

When working with point clouds, surface fitting can be helpful for segmentation
and also can serve as a prior stage before plant trait measurement. The fit can be
based on geometric structures such as planes, cylinders, and flexible structures like
non-uniform rational B-splines (NURBS) [182].

Non-uniform Rational Basis Splines:

NURBS are mathematical models commonly used for producing and representing
smooth surfaces and curves in computer graphics. A NURBS surface is defined by
a list of 3D coordinates of surface points and related weights. Wang et al. [201]
explains various fitting methods of NURBS. NURBS surfaces and curves can be tri-
angulated and the surface area is estimated by adding up the areas of each triangle.

NURBS have been used for the calculation of leaf surface area in several works:
Gerald et al. [48, 49] used structure-from-motion to generate point clouds of sun-
flowers and fitted NURBS to segmented leaves after the stem was extracted and dis-
carded using cylinder fitting. Santos et al. [162, 163] also used structure-from-motion
to produce point clouds of soya beans and then segmented the 3D point cloud using
spectral clustering. After that, they fitted NURBS surfaces to the segments related to
leaves. In another study, Chaivivatrakul et al. [20] fitted NURBS surfaces to a set of
points corresponding to corn leaves.
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Cylinder Fitting:

Usually, plant stems can be locally described as a cylinder. A cylinder fitting method
using least-squares fitting is explained in Pfeifer et al. [141]. Paulus et al. [134] used
laser scanning to generate point clouds of barley. Point feature histograms were
used to segment the 3D point clouds, and then cylinders were fitted to the stems to
measure stem height.

However, the stem doesn’t need to always be straight; it can also be curved.
Gerald et al. [49] addressed this issue by developing an alternative method in which
they propagated a radius along the stem of the plant with normal constraints to
structure the stem as a curled tube. Nonetheless, the results were not accurate.

2.6.4 Key Takeaways

The 3D model analysis is a complex stage because it mainly depends on the plant
architecture. Different analysis methods can be used for different architectures, and
not all methods are applicable for a given plant architecture. Skeletonization is good
for the overall structure but is not appliable for 2D structures such as leaves. Skele-
tonization and surface fitting work well on less complex architectures but struggle
with heavy occlusion. Segmentation methods performed well on the complex and
less complex plant architectures and have been widely used. Deep learning-based
segmentation methods have shown potential but require huge ground-truth data to
train the model.

2.7 Plant Traits to Consider for Growth Monitoring and Ex-

traction of the Traits

After the complex stages of segmentation, surface fitting, and skeletonization, plant
trait measurement of either single plant organs or the whole plant is comparatively
easy, and various approaches may provide accurate estimates.

2.7.1 Individual Plant Trait Measurements:

1. Leaf Measurements: A mesh is the most natural description for estimating leaf
dimensions. Leaf area can be easily calculated as the sum of triangular polygon
mesh faces [83, 48, 49]. Leaf length can be estimated by calculating the shortest
path on the mesh represented as a graph. Sodhi et al. [83, 173] calculated leaf
width by determining a minimum area enclosing rectangle around a leaf point
cloud and then measuring the shortest dimension of the enclosing rectangle.

Golbach et al. [52] extracted the leaf measurements of tomato seedlings from a
voxel description to reduce computing time. For leaf length, they considered
the distance between the two points on the leaf surface which are farthest away
from each other. For leaf width, they scanned for the highest leaf width per-
pendicular to the leaf midrib. For leaf area, they considered an approximation
based on the number of surface voxels. The authors used simple calculations
and traded precision for fast computation. When leaves are curled, it can be
difficult to measure the leaf precisely.

2. Fruit or Ear Volumes: Plant yield is calculated by the estimated plant fruits or
ears volume. For instance, Paulus et al. [138] determined that kernel weight,
number of kernels, and ear weight in wheat plants was correlated with ear
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volume, which they measured by calculating α-shape volumes on the point
clouds representing the ears.

3. Stem Measurements: Cylinder fitting or curve skeletons can estimate the inter-
node length and stem height. Paulus et al. [138] extracted stem height by fit-
ting a cylinder to the stems. Golbach et al. [52] exploited the voxel skeleton
corresponding to the stem of tomato plant seedlings.

The inter-node length can be calculated by estimating the shortest distance
between the branch points by considering the skeleton graph. This was devel-
oped by Balfer et al. [5] on grape clusters which was first skeletonized by using
a technique introduced by Livny et al. [97]. Stem width can be calculated by
cylinder fitting. Sodhi et al. [83, 173] fitted a cylinder shape to a segmented
point cloud of corn plants to derive the stem diameters.

However, similar to leaf measurements, stem measurements are difficult when
the stem is not straight. Cylinder fitting is not applicable in this case. There-
fore, a robust stem measurement method is required, which can work on curved
stems as well.

2.7.2 Whole Plant Measurements:

1. Height: Point cloud height can be defined as the maximum distance between
points corresponding to a plant projected on the vertical axis. This method was
used by Nguyen et al. [120] for cucumber seedlings and cabbage and Paulus
et al. [85] for sugar beet. Height can also be estimated from a top-view depth
map which is the difference between the closest pixel in the image and the
ground plane [23].

2. Volume and Area: 3D meshes are mostly used to estimate plant volume and
area in the case of point cloud representations. By using Heron’s formula, the
surface area of a mesh can be calculated by summing up the area of its triangu-
lar mesh faces. The mesh volume can also be estimated by using the technique
proposed in [206], which first calculates the features for each elementary shape
and then adds up all the mesh values.

If the plant model is represented as an octree or voxel grid, the plant volume
can be calculated by summing up the volumes of all voxels covering the plant,
as proposed by Scharr et al. [164]. However, this method has shown some in-
accuracies in the measurements because of the discrete nature of voxels. If the
representation is derived from space carving, then occlusion and concavities
will also cause inaccuracies.

3. Convex Hull: This is defined as the shape of a plant that is formed by con-
necting its outermost points. The volume of the convex hull is an excellent
indicator of plant size. In the root systems, it is very helpful for indication of
the soil exploration [185]. Estimation of the convex hull of plant’s point clouds
needs minimum pre-processing to remove outliers but gives very crude esti-
mation. Rose et al. [155] estimated the convex hull of a tomato plant’s point
cloud, and the convex hull was calculated on root systems by Topp et al. [185],
Mairhover et al. [104], and Clark et al. [25].
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4. Number of Leaves: Once the voxel representations or point clouds are seg-
mented to classify between stem and leaves, the number of connected compo-
nents can be used to derive the number of leaves, only after the conversion of
leaf points into a graph if point cloud is used.

In some cases, such as in monocot plants, leaves are elongated and not al-
ways different from the stem. However, a precise segmentation of stems and
leaves is not required if leaf counting is the only goal. For instance, Klodt and
Cremers [79] classified between only the outer part of leaves and the stem by
analysing the gradient direction of a 3D model. This was enough to count the
number of leaves.

Another way to count the number of leaves for elongated leaves is to count
the number of leaf tips, which are usually described by the endpoints of the
plant’s skeleton. However, care must be taken for plants with jagged leaves to
avoid many false tips.

2.7.3 Canopy-based Measurements:

3D imaging techniques may not give sufficient information to calculate individual
plant traits when used on a larger field. The important information can still be esti-
mated on the level of a tree or plant canopies. These traits consist of leaf area index,
leaf angle distribution, or canopy height.

1. Leaf Angle Distribution: 3D imaging techniques allow examining patterns of
leaf orientation, which is a very dynamic feature that varies with change in
the environment. Biskup et al. [11] proposed a top-view stereo imaging set-up
method. The depth maps were segmented using graph-based segmentation
[43] to achieve a crude segmentation of leaves. After that, planes were fitted
to each and every segment based on RANSAC to get leaf inclination angles.
Muller-Linow et al. [117] proposed a software tool to study leaf angles in plant
canopies based on similar methods.

2. Canopy Profiling: LiDAR can penetrate tree or plant canopies; therefore, in
LiDAR, the laser interception frequency by a canopy can be considered an in-
dex of foliage area. In ecological research on forest stands [123, 90], this canopy
profiling by airborne LiDAR has been mostly employed. In a study by Hosoi
and Omasa et al. [68], they used a set-up of LiDAR and mirror to estimate
vertical plant area density of a rice canopy at various growth stages. Their
approach used a voxel representation of canopy to calculate leaf area density
[123]. The leaf area index also can be extracted from the vertical integration of
leaf area density.

Cabrera et al. [18] used a voxel model of corn plants to examine the light in-
terception of corn plant species by building virtual canopies of corn. In these
virtual canopies, the average leaf angles and cumulative leaf area were esti-
mated using the 3D models of the individual plants.

2.8 Plant Growth

Several studies have reported techniques to determine plant growth. In a study by
Zhang et al. [207] on potato plants, the plant’s number of leaves, leaf area, and plant
height was measured for five months. The ground truth for plant height and leaf was
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collected using 2D image analysis. The number of leaves was counted manually. The
correlation between measured values and ground truth shows a good estimation for
plant height, number of leaves, and leaf area with R2=0.97.

In another study, Li et al. [93] estimated the biomass for individual plant organs
and aboveground biomass of rice using terrestrial laser scanning (TLS) for an entire
growing season. The field experiments were conducted in 2017 and 2018, providing
two different datasets. Three different regression models, random forest (RF), linear
mixed-effects (LME), and stepwise multiple linear regression (SMLR), were calcu-
lated to estimate biomass with data gathered at multiple growth stages of rice. The
models have calibrated with the 2017 dataset and validated on the 2018 dataset. The
results show that SMLR was suitable for biomass estimation at pre-heading stages,
and the LME model performed well across all growth stages, especially at the post-
heading stage. In addition, the combination of TLS and LME is a promising method
to monitor rice biomass at post-heading stages. Friedli et al. [46] measured canopy
height growth of maize, soybean, and wheat by terrestrial laser scanning (TLS) over
a period of 4 months, with ground measurements taken 1 to 3 times a day. A high
correlation (R2) between ground truth and TLS-measured canopy was achieved for
wheat.

Reji et al. [152] demonstrated the potential of 3D TLS for the estimation of the
crown area, the biomass of vegetable crops, and plant height at various growth
stages. Three vegetable crops were considered in this study: eggplant, cabbage,
and tomato. LiDAR point clouds were collected using a TLS at different growth
stages for five months. Validation with ground truth illustrates a high correlation
for plant height R2=0.96, crown area R2=0.82, and combined use of crown area and
plant height helped estimate biomass with correlation R2=0.92 for all the three crops
throughout the growth stages. In a study by Guo et al. [57], plant height was mea-
sured as a function of the scanning position, a number of scanning sites, and scan
step angle were evaluated in the field of the growth stages of wheat. The results
demonstrated that TLS with H95 can be an alternative to assess crops like wheat dur-
ing an entire growth stage, and the height at which TLS can precisely detect wheat
was 0.18 m.

Han et al. [59] determined the growth of maize for three months. Plant height,
canopy cover, normalized difference vegetation index (NDVI),the average growth
rate of plant height (AGRPH), and the contribution rate of plant height (CRPH) traits
were extracted and evaluated. A time series data clustering method called typical
curve was proposed to evaluate these traits. The system performed well with the
accuracy of the traits ranging from 59% to 82.3%.

Itakura et al. [71] observed changes in chlorophyll content of eggplants for five
days under water stress conditions with images captured once a day. The chloro-
phyll was measured using a spectrometer (Jasco V570). A regression method is used
to estimate the correlation between the points in the 3D model and ground truth,
and a high correlation was achieved with R2=0.81. Paturkar et al. [129] determined
the plant growth over one month. Eight manual readings and images were captured
twice a week over this period. The ground truth of plant height is measured using
a ruler, leaf area was measured using ImageJ, and the number of leaves was counted
manually by moving around the plant. The correlation between the ground truth
values and measured values demonstrates a strong estimation of leaf area, plant
height, and the number of leaves with R2=0.98.
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2.8.1 Key Takeaways

The plant growth is determined over a specific period of time based on the plant
type. Various ground truth readings and measured values from 3D models or sur-
face models are collected over this time period. This time series data is then corre-
lated using a regression model. R2 is the most common metric used in the literature
to assess performance. However, other metrics can also be used along with R2, such
as mean average percentage error (MAPE) and root mean squared error (RMSE).

2.9 Current Challenges and Research Directions

The literature shows that passive techniques, especially structure-from-motion, ap-
pear to be the most promising method for 3D acquisition because of their high point
cloud resolution at a lower cost. SfM can be used for plant growth monitoring ap-
plications because of its economic and non-destructive nature. However, there are a
few challenges that need to be addressed, such as:

1. Illumination Effects: Passive techniques, to be specific, SfM gives a good qual-
ity point cloud [129]. However, changes in the illumination while capturing
the plant images can result in missing information such as blank patches in
the 3D model of the plant surface and leaves. Active illumination techniques
are more immune to changes in ambient lighting, although sensors can be
swamped by strong sunlight.

2. Movement due to Wind: Because of plant displacement in two consecutive
images due to wind, there can be many feature matching errors resulting in a
poor 3D model. The resulting 3D model will have important missing details
in the stem area of the plant with some half reconstructed leaves. Techniques
which use only single images or capture multiple images simultaneously (e.g.
stereo) are less sensitive to wind, although longer exposure times can result in
motion blur.

3. Computational Time: Active techniques give a point cloud rapidly, but not all
sensors contain colour information. However, using passive techniques, such
as SfM, requires a certain number of images to reconstruct the plant in 3D. The
computation cost of a reconstructed 3D model largely depends on the number
of input images and the selection of the views. It is not necessary that every im-
age will contribute equally to the overall quality of a 3D model. It is difficult to
select the number of images because generating an accurate plant model with
a limited number of images is difficult. Although the computation time is less,
fewer images can generate false points in the 3D point cloud because of the
larger change between images. In contrast, a large number of images will pro-
cess redundant information which will inevitably increase computation time
[128]. To get an appropriate number of images for precise 3D reconstruction,
prior information or manual measurements of plants are required to compare
to the corresponding measurements from the 3D model. Therefore, there is
a need to find a way to get an appropriate number of images for precise 3D
reconstruction and thus to reduce the computation time.

4. Robust Segmentation: There is no standard method that can be applied for
segmentation because of the wide variations in plant architecture. There is a
need for a robust segmentation method that can work on most plant architec-
tures.
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5. Robust Plant Trait Measurements: As discussed earlier, naturally, plant leaves
and stems can curl, and because of this, not all approaches will provide accu-
rate results. Cylinder fitting will be optimal if the stem is straight to calculate
stem height. Calculating internode distance will not be sufficient to measure
leaf length and width if the leaf is curled. Therefore, there is a need for a robust
measurement approach that could be applied on curly and straight leaves and
stems.

One domain in which more progress can be expected for 3D plant monitoring,
especially for plant trait segmentation, is neural networks. The fundamental ob-
stacle to using neural networks in plant monitoring applications is the requirement
of large ground-truth training data. Manual segmentation of plant images is time
consuming, prone to error, and tedious. To date, a limited number of benchmark
databases for plant phenotyping with labels have been published publicly [30, 113,
188]. With more benchmark databases for 3D plant phenotyping being made pub-
licly available, the neural network will pursue its success in other domains.

Neural networks can also be used in 3D: 3D convolutional neural networks can
deal with voxel grids, while numerous neural network architectures are developed
to deal with point clouds [147, 149, 55, 213, 148].

2.10 Summary

This chapter conducted a comprehensive survey of the acquisition techniques, pos-
sible representations and analysis techniques as applied to 3D plant physiognomic
analysis and identified the open issues and future directions. This chapter also inves-
tigated and discussed the current studies where researchers have proposed promis-
ing techniques and applications for segmentation and clustering plants. Further-
more, we have also discussed the various plant traits to consider for plant physiog-
nomic analysis. These plant traits can be at the plant organ level or canopy level.
Some exciting technological advancements, such as the use of deep learning algo-
rithms, are also discussed in this chapter with their current disadvantages.
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Chapter 3

3D Reconstruction of Plants using
Smartphone’s Camera in Outdoor
Conditions

This chapter demonstrates the proposed easy and cost-effective set-up for 3D re-
construction of plant models and discusses the effects of adverse outdoor scenarios.
The work in this chapter was initially published in a book chapter and subsequently
expanded in a journal version as follows:

1. A. Paturkar, G. Sen Gupta and D. Bailey, "3D reconstruction of plants under
outdoor conditions using image-based computer vision." In International Con-
ference on Recent Trends in Image Processing and Pattern Recognition, Communi-
cations in Computer and Information Science, vol. 1037, pp. 284-297. Springer,
Singapore, 2018. DOI: 10.1007/978-981-13-9187-3_25

2. A. Paturkar, G. Sen Gupta and D. Bailey, "Non-destructive and cost-effective
3D plant growth monitoring system in outdoor conditions." Multimedia Tools
and Applications, vol 79, no. 47, pp. 34955-34971, 2020. DOI: 10.1007/s11042-
020-08854-1

3.1 Introduction

Building a 3D model is extremely useful for many practical applications where in-
ferring measurements about the shape or size of an object is a requirement. In bio-
logical science, building 3D models can help analyse different properties of objects.
For example, building a 3D model of a plant can be useful in plant phenotyping, an
important aspect of precision agriculture. It helps scientists and researchers collect
valuable information regarding plant structure, which is inevitably a basic require-
ment to enhance plant discrimination and selection [114]. 3D models of the plant
help evaluate plant growth and yield over time, which permits management of the
plant to be more extensive [92]. 3D plant models could be used to describe leaf fea-
tures, discriminate between weed and crop, estimate the plant’s biomass, and for
growth monitoring.

3.1.1 Overview of 3D Reconstruction Techniques

With the rapid acceleration of hardware capability in terms of CPU power, stor-
age and 3D scanners, we can now capture huge amounts of data, and the fidelity
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FIGURE 3.1: Testing site

of the resultant models is constrained by the quality of merging/reconstruction al-
gorithms. Due to recent advancements of imaging technologies, building semi-
automated or automated systems is becoming possible for plant science and agricul-
tural applications, where a major task is to build a 3D model of the plant to analyse
different biological properties (like growth, etc.). As discussed in chapter 2, cutting-
edge and non-destructive technologies have great potential to revolutionize pheno-
typing capabilities. However, they often come at a cost, and each technique has
some merits and demerits [130]. Depending on the requirements of the experiment,
there can be low-cost alternatives to high-end, high resolution instruments, such as
using a smartphone camera to capture the images instead of using a high-resolution
single lens reflex camera, or a Kinect gaming sensor can be used to measure crop
architecture features [210].

3.1.2 Research Contribution

To address the problem of expensive and destructive sensors, we propose using
a smartphone’s rear camera to capture the images and later use computer vision
methods to stitch the images together to form a 3D model. The idea behind using a
smartphone camera is that most people have a smartphone with good camera spec-
ifications nowadays.

The advantages of using a smart-phone camera over expensive laser scanning
sensors are: it does not need a bulky set-up to capture the plant data, it is easy to
use, the user needs no prior training, it is highly flexible and can be moved anywhere
around the plant, and most importantly it is cost-effective. This allows us to capture
plant images from multiple viewpoints. This chapter describes the proposed setup
and discusses the effects of adverse outdoor scenarios.

3.2 Methods and Materials

3.2.1 Testing Site

We had access to a polyhouse located in Hokowhitu, Palmerston North, New Zealand
in 1000-square-feet area for this research. Figure 3.1 shows the polyhouse and the
working area.
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3.2.2 Types of Plant

In this research, we selected five types of plants, namely, chilli, cauliflower, lettuce,
maize, and tomato. These are high-value plants, with some having consistent de-
mand throughout the year in the New Zealand market. In addition, these would
also allow us to test the proposed system on a variety of different plant architectures
(complex recursive structures). We considered five samples for each plant to ensure
the system’s robustness. This gave a variety of plant architectures to work with and
test the framework.

3.2.3 Plant Settings

Plants were planted in a row with a distance of 90cm in between plants. This is
because our study aimed at modelling individual plants. As a result, other plants
did not hinder the development of the model, and only one plant was monitored at
a time.

3.2.4 Imaging Sensor

In this research, we captured the plant images using Apple iPhone 6s+, which uses a
Sony RGBW IMX315 sensor with 12-megapixel camera, f /2.2 aperture, focal length
of 29mm (standard), sensor size of 1/3", pixel size of 1.22 µm, auto image stabiliza-
tion, and backside illumination sensor which helps to perform better in low-light.

3.2.5 Image Acquisition Scheme

Images were taken under outdoor conditions. The images were captured sequen-
tially following a circular path with respect to the plant axis. Seven to ten such paths
were followed at various angles, heights and distances from the plant. At least 15
images were captured on each path by revolving around the plant with a mobile
phone’s rear camera, capturing at every 10° to 15° of the perimeter. The distance
between plant and camera was not kept constant. The camera positions were cho-
sen to ensure that the plant was entirely in the field of view, and the images were of
good quality (not blurred etc.). The image acquisition process produced more than
100 images with 95% overlap between successive images. This gives us a variety of
images to work with. The image acquisition scheme and samples of the captured
images with different view angles of the chilli plant are shown in figures 3.2 and 3.3,
respectively.

3.2.6 Number of Samples Generated

As mentioned in section 3.2.2, 5 plants of each species were monitored, with each
plant captured 9 times over a 4 week period. This produced 9 point clouds of each
sample to work with. In total, we generated 225 point clouds at various growth
stages for 5 plants with 5 samples each. This gave us a variety of plant architectures
to work with and to test our methods.

We also performed non-destructive manual (ground truth) measurements of the
plant features while we captured the plant images. For the physical estimation of the
number of leaves, we simply counted manually, and for leaf area, we took images of
the leaves against a white background without plucking them and used ImageJ [2]
to calculate leaf area during the growth period. We selected a ruler scale to measure
the plant height, leaf length, and leaf width manually.
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FIGURE 3.2: Illustration of image acquisition scheme

FIGURE 3.3: A sample of the captured images with different view
angles and distances of a chilli plant
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3.2.7 Structure-from-Motion Work-flow

The key issue that SfM addresses is the identification of the 3D location of the match-
ing features in numerous images captured from various heights, angles, and dis-
tances. SfM is a widely used technique for 3D reconstruction [122], [19], [89], [187],
[107].

First, distinctive keypoints on the plant must be found in each image. The match-
ing of these keypoints from one view to another enables a 3D model to be con-
structed. The scale-invariant feature transform (SIFT) [101] is used for this because
the resulting keypoints are invariant to image scaling, rotation, change in illumina-
tion, and translation. The important steps in SIFT are as follows:

1. Scale-space extrema detection: The primary step of SIFT searches over all
image locations and scales using a difference-of-Gaussian function to detect
promising keypoints that are orientation and scale invariant.

2. Localisation of keypoints: Keypoints are filtered to remove those with poor
stability. Stability is a measure of the sensitivity of keypoints to changes in
position and scale.

3. Orientation assignment to the keypoints: The orientation of every keypoint
is determined from local image gradient directions. These are calculated based
on the detected scale to give scale invariance.

4. Keypoint descriptor: The pattern of local image gradients at the chosen scale
in each keypoint area is used to form a (hopefully unique) descriptor. Gradi-
ents provide invariance to changes in illumination and are relatively insensi-
tive to shape distortion.

5. Keypoint matching: These keypoints are matched between pairs of images
acquired from various angles and views. Bundle adjustment is used to form
a sparse 3D point cloud of the plant and simultaneously retrieve camera posi-
tions and intrinsic parameters.

3D Reconstruction

VisualSFM [196] is used to generate 3D point clouds of the plants. VisualSFM uses a
combination of SfM and multi-view stereo to generate the 3D models.

Post-Processing

Once a sparse 3D model is generated, it is then filtered. Significant outliers and
artefacts (e.g. erroneous peaks and troughs resulting from keypoint descriptor mis-
matches) and any unnecessarily reconstructed surrounding topography are manu-
ally removed at this stage. Later, the estimated camera parameters, orientations, and
positions are used to build a dense 3D point cloud. Here, we used a cross-correlation
matching approach. A pixel in one image is matched with the corresponding pixel
in the next image on the epipolar line for an overlapped image pair [165]. This pro-
cess is repeated for every pair of images considering that the keypoint’s estimated
position is less noisy.

Finally, the free open source software Meshlab [24] is used for post-processing.
The unstructured dense 3D models are remeshed and filtered to reduce geometric
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FIGURE 3.4: Leaf mesh consisting different sizes of triangular poly-
gons

complexity. Once we generate a structured 3D model after filtering, mesh generation
and texturing is done. This mesh consists of different sizes of triangular polygons
(see fig. 3.4). The polygonal mesh is a combination of edges, faces, and vertices that
define the plant’s size and shape. There are several methods for building a polyg-
onal mesh model, but the method by Kazhdan et al. [154] called Poisson surface
reconstruction is widely used to get a polygonal mesh of the plant from the point
cloud because of its efficiency. Then, a mesh optimization step is performed (this
optimises the point distribution) to achieve a clean triangulated mesh. In order to
recover the visible texture from the plant images, firstly, the mesh is parametrised
to determine which camera view has the best view of each face of the model. These
views give the best texture of the plants to produce a texture map. This texture map
consists of texture for each face from one image. A detailed 3D model is generated
using the developed texture map. This reconstructed 3D model is later used to ex-
tract the different plant growth and structure parameters such as plant height, leaf
length, leaf width, number of leaves, and leaf area.

3.3 Results

3.3.1 3D Reconstruction of Chilli Plant

To illustrate this method for generating the 3D model, here we demonstrate results
only for the chilli plant. The process of 3D modeling generates a sparse point cloud.
Fig 3.5 shows a sparse point cloud of a chilli plant with 143,706 points in the point
cloud. A dense point cloud is achieved after removing noise from the sparse point
cloud and performing detailed correspondence matching. Fig. 3.6 shows the cor-
responding dense point cloud with 855,624 points. The dense point cloud is more
accurate than the sparse point cloud. Fig. 3.6 shows the high quality reconstructed
3D model of the chilli plant from different views.

3.3.2 3D Reconstruction of all the Plants

The range of plants we considered for this research has a variety of architecture
complexity which is defined as the amount of occlusion the plant has, the formation
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FIGURE 3.5: Sparse 3D point cloud of the plant. The triangles in the
image represent the viewpoint of the plant

(A) 3D model (Side View) (B) 3D model (Side View)
(C) 3D model (Top View)

(D) 3D model (Side View) (E) 3D model (Side View)

FIGURE 3.6: 3D Models of chilli plant
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of leaves (some plants have curly leaves and some have straight), and the growth
stage. Figures 3.7 to 3.11 shows 3D reconstructed models at different growth stages
of tomato, cauliflower, lettuce, chilli, and maize plants. The number of images used
to reconstruct these 3D models has varied from 20 images to 90 images depending on
the growth stage and plant type. Similarly, the number of points in the point cloud
and computation time to process these images also differ based on the plant architec-
ture’s complexity (growth stage and plant type). More complex architectures, more
images to generate a 3D model; hence an increase in computation time.

The tomato plants have a less complex architecture in the initial vegetative growth
stage. However, the tiny fern-like structure on the plant makes the architecture com-
plex in the advanced vegetative growth stage. This can be seen in fig 3.7, where
there is distortion in the 3D model due to these ferns. In addition, the occlusion
of leaves also makes the plant architecture complex. The cauliflower plants have
relatively simple architecture during the initial vegetative growth stage. However,
it gets complex in the advanced vegetative stage because of the occlusion of leaves
(see fig 3.8). The lettuce plants have curly leaves with heavy occlusion right from
the initial vegetative stage. Due to the occlusion in the advanced growth stage, the
3D models do not generate an exact plant geometry (see fig 3.9). In contrast, chilli
plants have a relatively easy architecture compared to other plants, and the leaves
have less occlusion in all growth stages. The complexity of maize plants varies be-
cause the leaves sometimes stick to each other, making it difficult for precise 3D
modeling.

After visually comparing our reconstructed 3D plant model with the actual plant,
all the leaves and stems of the actual plants are reconstructed according to the de-
scribed 3D model. During the reconstruction process, the position of a few points
in the point cloud are situated marginally lower or higher than adjacent points in
the model. These points do not reconstruct any actual characteristics of the plant. In
essence, we have a variety of plants with different levels of architecture complexity
to work with.
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TABLE 3.1: Mean squared error for stem height and number of
leaves

Plant Mean Squared Error

Stem height (cm) Number of leaves

Tomato 0.09 0

Cauliflower 0.08 0

Lettuce 0.1 0.5

Chilli 0.09 0

Maize 0.02 0

3.3.3 Quality Assessment of the 3D Models

To assess the quality of the generated 3D models, features extracted from the model
are compared with ground truth data (manually measured values of the actual plant).
Two plant features: stem height and number of leaves, are extracted from the 3D
model. The stem height is calculated by calculating the distance between the marked
point on the stem tip and bottom in the reconstructed 3D model. These points are
selected visually by the user. Fig 3.12 shows the marked points on the plant and
the distance between the marked points. Similarly, the number of leaves can be esti-
mated by zooming and rotating the reconstructed 3D model manually by the user.

Fig 3.13 compares measurements from the model with the ground truth during
the growth stages for each plant variety. Only one sample for each plant species is
shown. For instance, fig. 3.13 (A) shows that the height of the chilli plant grew from
5 cm to 31 cm during the measurement period. Table 3.1 shows excellent agreement
between manual stem height measurement and the measured stem height from the
3D model. Similarly, the tomato, cauliflower, and maize plants have shown excellent
relation between manual height measurement and the measured height. However,
the lettuce plant differs between the manual and measured stem height because of
the more complex architecture. Because of the high degree of occlusion, measuring
the stem height in the reconstructed 3D model is difficult. The plant height growth
change is more complex than other growth parameters. This is because the plant
height depends on different factors, e.g. light competition, wind speed, and so on
[127]. Fig. 3.14 (A) represents the number of leaves produced during the growth
period of the chilli plant increased from 3 to 11 leaves. It also clearly shows how
close the manual and measured measurements are. Similar results were achieved
for the tomato, cauliflower, and maize plants. However, the lettuce plant results
were less promising as it is difficult to reconstruct the heavily occluded plant, and
therefore, it failed to reconstruct some of the inner leaves accurately.

3.3.4 Discussion

The image acquisition process was conducted manually with a user capturing im-
ages by a smartphone’s camera without using a tripod, making this process easy,
economical, and adaptable. The SfM algorithm automatically estimates the intrinsic
camera parameters, saving time by avoiding the need to calibrate the camera sep-
arately. The time required for image acquisition is 2-3 min and this time increases
with the plant’s growth as more images are required. The invested time per plant
for post-processing takes 10-12 minutes for generation of the point cloud, 7-12 min-
utes for removing outliers and filtering. The proposed 3D reconstruction system is
a cost-effective approach as we are using a smartphone’s camera, a standard SfM
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FIGURE 3.12: The approximate calculation of stem height from the
reconstructed 3D model
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(A) Chilli plant stem height (cm)

(B) Tomato plant stem height (cm)

(C) Cauliflower plant stem height (cm)

FIGURE 3.13: Comparison of manual and measured measurements
of the plants
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(D) Maize plant stem height (cm)

FIGURE 3.13: Comparison of manual and measured steam height
measurements of the plants

algorithm to model the plants in 3D, and open source point cloud software is used
to process the point cloud, which makes this system cost-effective. In comparison,
the commercial software Pix4DMapper for processing the images and point clouds
used in [155] is expensive, around $7200, and a camera used in [208] costs around
$2000. Laser scanning systems (LiDAR) costs around $111k.

The quality of the generated 3D models has been assessed. All the plants except
lettuce were reconstructed in 3D, which shows that the proposed system has the
potential to replace the expensive sensors for the image acquisition process. The
reason that the lettuce plant was not reconstructed accurately is due to its complex
architecture. Because of the heavy occlusion of leaves, it is difficult to reconstruct
the lettuce plant’s inner leaves, which is a limitation of an image-based computer
vision technique. However, more work needs to be done on the reconstruction of
high-value lettuce plants as few studies considered this plant when working on the
reconstruction of plants in 3D.

In general, the quality of the 3D model depends on the number of images used
for 3D reconstruction. However, more images require more computation time to pro-
cess the 3D model. Therefore, it is very important to develop a method to determine
the appropriate number of images required for a good quality 3D reconstruction
[21],[82].

In addition, based on our outdoor experimentations, we identified some scenar-
ios that still cause problems and need more attention. When it is windy, the dis-
placement of the plant due to wind gives many feature matching errors resulting
in a poor 3D model. One possible solution for this is to detect inconsistent matches
between the images because of the wind and filter those images from the set used to
construct the 3D model. The resulting 3D model was missing important details in
the stem area of the plant with some half reconstructed leaves.

To conclude, this study demonstrated that our proposed system has the potential
to reconstruct the plants in 3D in outdoor conditions. The image acquisition process
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(A) Chilli plant number of leaves

(B) Tomato plant number of leaves

(C) Cauliflower plant number of leaves

FIGURE 3.14: Comparison of manual and measured measurements
of the plants
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(D) Lettuce plant number of leaves

(E) Maize plant number of leaves

FIGURE 3.14: Comparison of manual and measured measurements
of the plants(cont.)
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is simple and cost-effective and does not require expert knowledge. Hence, this
system is an appropriate alternative to costly state-of-the-art systems.
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Chapter 4

Reducing Computation Cost for
Accurate 3D Modelling

This chapter investigates the effect on 3D models of different parameters. This in-
vestigation enables an appropriate number of input images and resolution of the
images to be determined for a precise 3D model. This work resulted in the following
book chapter:

1. A. Paturkar, G. Sen Gupta and D. Bailey, "Effect on Quality of 3D Model of
Plant with Change in Number and Resolution of Images Used: An Investiga-
tion." In Advances in Signal and Data Processing, Lecture Notes in Electrical En-
gineering, vol. 703, pp. 377-388. Springer, Singapore, 2021. DOI: 10.1007/978-
981-15-8391-9_28

4.1 Introduction

Precise reconstruction of an object from multiple images is an ongoing problem.
In the past few years, advancements in reconstruction techniques have been made.
However, these techniques have been applied to simpler objects e.g. human faces,
vases, buildings, or round objects. Objects with more complex architectures, such
as plants, pose more challenges and issues to precisely reconstruct in 3D. Complex
architectures are subject to significant occlusion, where a leaf is not visible from the
current view, and the parallax effect, where plant appearance differs from view to
view, makes reconstructing plants more difficult than convex objects. Reconstruc-
tion of plants is difficult because of high self-occlusion, the presence of many leaves,
shiny surfaces, and texture-loss in some camera views, making feature matching
more difficult. In addition, plants are very sensitive to changes in the environment,
from small changes such as foliage reorganisation to life-long growth patterns.

Consequently, plants have a complex architecture that changes over time, mak-
ing it complicated to reconstruct, especially by fixed, standard camera phenotyping
systems. To reduce this complication and contribute to the solution of this problem,
we proposed an easy and cost-effective 3D plant reconstruction system in the pre-
vious chapter. However, we determined that some more parameters need attention
to reconstruct a precise 3D model, such as the number of input images used for re-
construction and the resolution of the images. The computation time and quality of
a reconstructed 3D model largely depend on the number of input images and the
selection of the views. It is not necessary that every image will contribute equally
to the overall quality of a 3D model. It is difficult to select the number of images
because it is difficult to generate an accurate plant model with a limited number of
images. Because of matching errors, fewer images might generate false points in
the 3D point cloud. In contrast, a large number of images will result in processing
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redundant information, which will inevitably increase computation time [70, 95].
To determine an appropriate number of images for precise 3D reconstruction, prior
information or manual measurements of plants are required to compare to the cor-
responding measurements from the 3D model.

Clearly, there is a need to consider the number of input images and their resolu-
tion for the reconstruction process. These parameters have not yet been discussed in
this area of plant phenotyping. In this work, we investigate these two parameters.

4.1.1 Overview of Structure-from-motion

Structure from motion is widely used for the 3D reconstruction of plants in the liter-
ature. SfM uses a single camera to capture the images. SfM automatically calculates
the intrinsic and extrinsic camera parameters, which saves time. However, the com-
putation time and quality of the 3D model depend on the number of images used to
generate the 3D model. Therefore, it is important to know what is the appropriate
number of input images to generate accurate 3D models in less computation time.
However, many studies use SfM for the 3D reconstruction of plants [150, 178], only
a couple of studies look at the change in the number of input images used for 3D
modeling. Rossi et al. [156] looked at the change of input images as well as resolu-
tion. However, only single set of images with different resolution was used. Various
plant traits such as plant height, branch height, stem diameter, and leaf area were
measured to assess quality of reconstructed point cloud. Only three plants were
considered in this study. Zhou et al. [212] considered changed in number of im-
ages to analyse the effect on reconstructed point cloud. However, only single plant
was considered in this study. Some of the studies mentioned the need to develop a
method to get an appropriate number of images [95], [96], [121], [166]. Clearly, there
is a need of a robust method to analyse the effects on reconstructed point cloud with
change in input images and resolution.

After the successful generation of 3D models of various plants at different growth
stages, in this chapter, we investigate reducing the computing cost for accurate 3D
modeling using an appropriate number of input images.

4.1.2 Research Contribution

This chapter proposes a robust method to reconstruct the 3D model using limited
input images and resolution. The contributions are 1. To analyse the effect of using
a different number of input images on extracted plant features, such as stem height
and number leaves in 3D using images of five different plants, each at five different
growth stages. These extracted 3D values are compared to manual measurements
to determine an appropriate number of images for reconstruction. 2. To analyse the
effect of image resolution on the quality of the 3D data.

4.1.3 Materials and Methods

Computer Platform and Software

We used a personal computer (Intel Core i5-4570 CPU at 3.20 GHz and 8GB RAM).
To generate the 3D models, VisualSFM [196] is used.
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TABLE 4.1: Total number of captured images for each plant in the
advanced vegetative growth stage

Plant Total number of captured images

Tomato 93

Cauliflower 96

Chilli 90

Lettuce 84

Maize 68

Dataset

For this experiment, we used the same image dataset as chapter 3. We considered
the image dataset for the plants in the advanced vegetative growth stage because
the plant architecture is complex in this stage compared to the early growth stage.
In addition, early growth stage plants require fewer input images for reconstruction
and, therefore, less computation time.

The total number of images captured is different for each plant species in their re-
spective advanced vegetative growth stages. Table 4.1 shows the number of images
available for each plant.

Investigating Parameters

This investigation considers two different parameters which have not been discussed
yet in the literature. For illustration, the results for a chilli plant in the advanced
vegetative growth stage are shown here. The results of other plants are provided in
Appendix A.

1. Change in the number of input images for 3D modeling: The 3D modeling
method explained in chapter 3 will be repeated on different subsets of ran-
domly selected images for a particular set of input images. The size of the
subset for this chilli plant is varied from 25 images through to 78 images. The
experiment is repeated five times for each subset size, selecting a different ran-
dom subset. The quality of the reconstructed 3D model was determined by
comparing the features extracted from the model with ground truth data (man-
ually measured values of the actual plant). Plant features, such as stem height
and the number of leaves were extracted. By exploring the correlation of ex-
tracted features with ground truth values, the number of images required to
accurately reconstruct the chilli plant was determined.

2. Change in image resolution: Once the appropriate number of images for re-
construction is determined, the effects of image resolution on the 3D data was
analysed. This will provide information about the best image resolution for
the reconstruction of the chilli plant.

4.1.4 Measurement of plant features from the reconstructed 3D model

Two plant features: stem height and number of leaves, are extracted manually from
the 3D model. The stem height is calculated by the method explained in chapter
3. Similarly, the number of leaves can be estimated by zooming and rotating the
reconstructed 3D model manually by the user.
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(A) All 90 images (B) 78 images (C) 65 images

(D) 50 images (E) 35 images (F) 25 images

FIGURE 4.1: Example 3D reconstructions of a chilli plant with differ-
ent numbers of input images

4.1.5 Results and Discussion

3D Modeling

For illustration purposes, here, the result of only one plant is discussed. The results
for other plants are provided in Appendix A. Detailed 3D modeling was performed
as described in chapter 3. The experiment uses five different subsets of randomly
selected images from the set of input images. Using from 5 to 20 input images give
poor 3D models. A small number of images do not cover enough plant views to
provide sufficient images for an accurate reconstruction. The quality of the 3D model
is directly proportional to the number of views and images [95]. Fig 4.1 (A) shows a
reconstructed 3D model using all 90 captured images. This model has replicated the
actual plant very well when compared visually.

Fig. 4.1 (B) shows the 3D model derived from 78 images. While there are some
differences with fig. 4.1 (A), these are minor. With fewer images, some details start
to get lost, such as leaf stalks and the stem. Consequently, features of the plant
derived from the 3D model become less accurate. As leaves become disconnected
from the stem, fig. 4.1 (D), the number of leaves decreases, and as the stem becomes
more broken (fig. 4.1 (D) to 4.1 (F)), the measured stem height decreases. With fewer
images, the number of points detected on the leaf surfaces decreases, distorting the
shape and size of the leaves.
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FIGURE 4.2: Extracted stem height from reconstructed 3D model
with change in number of input images for chilli plant

4.1.6 Investigation Parameters

Change in number of input images for 3D modeling

For each subset size, the median, range, and interquartile range are represented by a
box-whisker-plot. This clearly shows the variations from different random selections
(see fig. 4.2), and gives a clear idea of the accuracy of the extracted stem height for
different subsets of input images. Similarly, fig. 4.3 shows the number of leaves
extracted from the 3D model with the change in the number of input images.

Using fewer images provides less information about the plant features as they do
not cover enough plant views. Due to insufficient plant views, the features from one
image are not matched efficiently to another image. This causes feature matching
errors, resulting in unwanted outliers and loss of information. Because of the loss of
information, the plant features, such as plant leaves, are not reconstructed accurately,
with parts of the leaf missing. Consequently, the leaf becomes disconnected from the
stem, so fewer leaves are counted on the reconstructed plant compared to the actual
plant. Similarly, the plant stem is not reconstructed accurately with fewer input
images. This gives an inaccurate stem height from the reconstructed model.

Consequently, the feature matching error and amount of information loss reduce
with more input images as the input images cover sufficient plant views. It is im-
portant to use sufficient plant views to reconstruct the plant precisely. When input
images with sufficient plant views where considered, the error between extracted
values from the 3D model and ground truth values reduced. The 3D model with
78 input images provided a good correlation between the extracted 3D values and
ground truth values for this chilli plant. From this experiment, it is clear that, in-
stead of using all images, we can extract plant features precisely using fewer images
which will inevitably save computation time and memory.
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TABLE 4.2: Execution time taken based on number of images used
for 3D reconstruction

Plant Number of Input Images Execution Time (Minutes)

Tomato 93 8.3

75 7.4

60 6.5

50 5.3

35 4.2

25 3.2

Cauliflower 96 9

80 7.5

65 7

50 6.3

35 4.5

25 3.2

Chilli 90 7.5

78 6.4

65 6

50 5.1

35 4.5

25 3

Lettuce 84 8.5

70 7.5

60 7

50 6.4

35 4.2

25 3.1

Maize 68 6.5

55 5.4

45 5

40 4.3

35 3.4

25 2.5
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FIGURE 4.3: Extracted number of leaves from reconstructed 3D
model with change in number of input images for chilli plant

We repeated the same experiment for the remaining plants and achieved simi-
lar results. The results for the remaining plants are provided in Appendix A. From
the overall results, we analysed that the tomato, cauliflower, chilli, and maize plant
results were reconstructed accurately with fewer images. In contrast, due to its com-
plex architecture, the lettuce plant was difficult to reconstruct accurately using fewer
images. The majority of the lettuce plant was missing when fewer images were used.

Table 4.2 lists the execution time for the number of input images used for each
plant. It can be seen that the execution time reduces significantly with fewer input
images. There is at least one minute difference between the execution time taken
for all images and the second subset. Therefore, in terms of the chilli plant, where
78 images provided a good quality 3D model with an execution time of around 6.4
minutes which is far less than using all the images for 3D reconstruction.

Change in Image Resolution

The experiment in the previous section provided an approximate minimum number
of images for accurate 3D reconstruction. In this section, the effect of changing image
resolution will be explored. The original resolution of each image was 2016×1512
that gave 143,706 data points on average for the sample plant. These were sufficient
to generate a precise 3D model. However, when the image size is reduced, there is
a significant reduction in the number of 3D points detected, as shown in fig. 4.4.
We observed a similar effect on the rest of the plants. The results for the remaining
plants are provided in Appendix A.

Although these data points are sufficient to reconstruct a 3D model, the qual-
ity of the model is poorer with fewer data points. When the resolution is further
reduced, the number of data points is also reduced to 107,313. The reduction in res-
olution tends to result in inefficient feature detection and matching. Detecting fewer
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FIGURE 4.4: Number of 3D data points detected for different image
resolutions for chilli plant
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features leads to feature matching errors responsible for creating unwanted outliers
or distortions resulting in a poor quality 3D model. Thus, the better the resolution
of the images, the more 3D data points are detected.

4.1.7 Conclusion

The results of the experiments showed that 3D reconstruction of the plants and ex-
tracting plant features using fewer images is possible, which inevitably reduces the
computation time. However, the number of input images required for precise 3D re-
construction depends strongly on plant architecture. If the plant architecture is com-
plex, more input images will be required for 3D reconstruction. Similarly, if plant
architecture is simple, fewer images are sufficient for precise 3D reconstruction.

The contributions to the knowledge are (1) Investigation of the effect on 3D
model when there is a change in the number of input images. (2) Proposed a possi-
ble way to determine the selection of an appropriate number of images for accurate
3D resolution. (3) Investigation of the effect on 3D data when there is a change in
image resolution.

The proposed method needs considerable development in future, including how
to select random images in a subset and image resolution.
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Chapter 5

Plant Trait Segmentation for Plant
Growth Monitoring

This chapter presents a novel plant point cloud segmentation algorithm. This work
resulted in the following conference publication:

1. A. Paturkar, G. Sen Gupta and D. Bailey, "Plant Trait Segmentation for Plant
Growth Monitoring." In 2020 35th International Conference on Image and Vision
Computing New Zealand, (IVCNZ), pp. 193-198., 2020. DOI: 10.1109/IVCNZ51-
579.2020.9290575

5.1 Introduction

3D point cloud segmentation is an important step for plant phenotyping applica-
tions. The segmentation should be able to separate the various plant components
such as leaves and stem robustly to measure traits. Also, the segmentation method
needs to work on a range of plant architectures with good accuracy and computation
time.

These 3D models represent the plant traits accurately. For further analysis, to
measure plant traits accurately, there is a need for a robust segmentation algorithm
to differentiate the plant components irrespective of the plant’s growth stage and
architecture.

The segmentation process clusters points in the point cloud with similar features
into homogeneous regions. In a recent study [51], the segmentation methods are
divided into two types: First, machine learning methods based on feature descrip-
tors such as surface feature histograms (SFH), point feature histograms (PFH), and
fast point feature histograms FPFH [143] to differentiate the various classes of the
object and classify the data based on the resultant model. Second, methods based
on geometrical interpretation and mathematical models such as model fitting [130],
DBSCAN [137], K-means [37], region growing [50], and so on. Most of these meth-
ods perform exceptionally well on man-made objects that are completely uniform
in shape. However, plants have complex architectures because of self-occlusion and
lack of texture for feature matching [207]. Also, reconstructing the branching region
of a plant is an issue addressed by [91]. This complexity changes from species to
species. These aforementioned methods are time consuming and sometimes require
prior knowledge for segmentation.

Paulus et al. [143] presented a method for plant segmentation based on a point
feature histogram descriptor (relationships between the points in the k-neighbour-
hood and their estimated surface normals). This descriptor was selected into a sur-
face feature histogram to segment leaves and stem efficiently. This new descriptor
is then used as a feature for support vector machine (SVM) classification. However,
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SVM is a supervised approach for classification which needs labelled data. In this
method, for training the classifier, a user has to label the point cloud and indicate
what leaves and stem, which is very tedious. Gelard et al. [153] also proposed a
method in which the stem was detected first by fitting a geometric structure and
then removing these points from the point cloud. It allowed them to then segment
the leaves. Petioles were then inserted for every leaf. This process provided good
segmentation results but still requires prior knowledge about the plant and user in-
teraction for segmentation. However, this method struggles with plants with com-
plex architecture and is time-consuming. Some methods use intensity data [155] or
geometric distance data [155]. Luo et al. [181] used a spectral clustering approach
on the graph between a 3D model’s points. In another study, Yin [133] was required
cutting and scanning the leaves individually to get the plant data. The aforemen-
tioned methods are not straightforward, particularly when the leaves are overlap-
ping. These methods are time consuming and struggle on large point clouds or need
to cut the plant leaves, which inevitably hampers the plant growth.

Another method uses the 3D mesh generated from the point cloud [27]. To
achieve a plant mesh, they used commercial software named 3DSOM. A coarse seg-
mentation is applied with a constrained region growing algorithm, which helps to
recognise the plant stem and leaves. Tubular shapes are fitted for accurate stem
segmentation and petiole detection. However, this process not only requires strong
prior knowledge about the plants but also has a long computation time. Other ap-
proaches, such as Poisson reconstruction [154] and ball pivoting [60], do not provide
desired results, possibly because of the complex plant architecture.

In the literature, in the context of 3D plant phenotyping, only one deep-learning-
based technique [136] exists which results in the segmentation of plant’s individual
traits from a 3D point cloud. In general, the 3D point cloud segmentation into indi-
vidual plant traits using deep-learning is a new field. Some general techniques exist,
which can be divided into two classes. One class of techniques is point-based which
directly works with unordered 3D point clouds. This consists of techniques such as,
SGPN [38], PointNet [147], PointNet++ [190], and 3DmFV [128]. These techniques
process the 3D point cloud as input and provide class labels for each point as an
output. However, these architectures have the drawback that they are limited to the
number of points in each model. If the size of the point cloud is large, there is no
reliable solution for the network training and interface.

The other class of techniques is based on multi-view geometry, which generates
numerous 2D projections from the 3D point cloud and then uses deep-learning based
segmentation techniques on the produced 2D images, later connecting the various
projections into a 3D point cloud segmentation. For example, SnapNet [168] was
applied for semantic segmentation of a 3D model by producing a number of virtual
geometry-encoded RGB images of the 3D object, training these images on a network,
and then back-projecting the predicted labels to the 3D model to provide each point
with a label. The important limiting factor to using neural networks in plant phe-
notyping applications is that it requires a large ground-truth training data, which is
time-consuming and tedious to produce.

Table 5.1 illustrates the comparative analysis of various clustering methods. Clearly,
there is a need for a fast and robust segmentation method for various plant architec-
tures.
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TABLE 5.1: Comparative analysis of clustering algorithms

Algorithms Advantages Disadvantages

-Fast and easy to implement. -Number of cluster has to provided by
the user.

K-means -Scalable for a reasonable num-
ber of clusters.

-Struggles with plant data.

-Less complexity compared to
baseline algorithms.

-Different run produces different out-
come because of it random initialisa-
tion

-Does not require number of
cluster information.

-Struggles with plant data.

DBSCAN -Effective in detecting
noise/outliers.

-Struggles in high dimension data.

-Performs well on cluster with
homogeneous density.

-Robust against the outliers. -Needs labelled data.

Machine
learning

-Fast and easy to implement. -Tedious.

-Performs well on cluster with
homogeneous density.

-Number of clusters informa-
tion is not required.

-Best for hierarchical data.

Hierarchical
cluster-
ing

-Choice of distance is not criti-
cal.

-Struggles with the outliers, noise.

-Slow
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5.1.1 Research Contribution

This chapter focuses on processing the 3D model of the plant reconstructed using a
passive 3D imaging technique called structure-from-motion (SfM). Our contribution
lies in proposing and investigating the practicality of a fast and robust point cloud
segmentation of plants with different architectures. Here, we propose a segmenta-
tion method using Euclidean distance. The proposed algorithm requires no prior
information about the point cloud.

5.1.2 Materials and Methods

Computer Platform and Software

We used a personal computer (Intel Core i5-4570 CPU at 3.20 GHz and 8GB RAM).
To generate the 3D models, VisualSFM [196] is used.

Dataset

For this experiment, we used the point cloud dataset generated using smartphone’s
camera and structure-from-motion in chapter 3. A total of 225 point clouds was used
to test the practicality and robustness of the proposed algorithm.

Once a dense 3D point cloud of the plant is generated, it requires some prepro-
cessing before segmentation.

Point cloud down-sampling:

In general, the generated 3D model is detailed and dense; processing it, is a mem-
ory and time-consuming. Lu et al. [104] suggested down-sampling the point cloud
by merging close vertices with 0.5% to 10% of the diagonal length of the plant’s
bounding box, which consists of selected 3D points. Nonetheless, down-sampling
the point cloud may lose important information about the plant, such as parts of the
leaf or stem. Therefore, depending on the plant species, architecture, and quality
of the 3D model, one should select the down-sampling rate. If it is not essential to
down-sample the point cloud, one can simply skip this step. In this study, we have
not downsampled the point clouds as it was not necessary.

5.1.3 Plant Point Cloud Segmentation

The goal of a segmentation algorithm is to divide an un-organized point cloud P
into various parts for further operations and also to reduce the computation time
for processing P. The majority of the straightforward methods are based on spatial
decomposition, which finds boundaries and subgroups to allow the points to be
grouped closely based on a proximity measure. This measure is a Minkowski norm;
important examples are Manhattan and Euclidean distance.

A basic segmentation technique in Euclidean space can be performed by using
an octree structure (3D grid subgroup of a space based on fixed width boxes). An
octree representation is important for cases where a volumetric representation of the
contained space is required and is also fast to build. This octree representation can
be applied for specific applications which needs equal spatial sub-groups. We need
a robust method in some scenarios where the cluster size changes. In the context of
3D plants models, the cluster size changes from region to region. For instance, the
leaf cluster may have a different point cloud size than the stem cluster.
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To solve this problem, the algorithm should understand what a leaf cluster is and
what makes it different from a stem cluster. Mathematically, a cluster is defined as
follows.

Let P be the set of points in the point cloud being segmented with a radius thresh-
old rth. Two points, pi, pt ϵ P are adjacent if:

min || pi − pt ||< rth (5.1)

Points pi and pj are in the same cluster Ci if they are connected by a path of adja-
cent points. Consequently, points are in different clusters if there is not such a path,
i.e. :

min || pi − pj ||≥ rth, ∀ pi ϵ C1, pj ϵ C2 (5.2)

However, from an implementation perspective, it is necessary to know how the
minimum distance threshold between two clusters can be calculated.

Algorithm 1 Plant Point Cloud Segmentation

Input: Point cloud P, Value of rth

Output: Segmented point cloud
1: while P ̸= ∅

2: select one pi ϵ P *Seed Point for new cluster
3: move pi from P to Q *Q is points being processed
4: create new cluster Cn

5: while (Q ̸= ∅) *Growing region
6: select one pj ϵ Q
7: move pj to Cn from Q
8: find all (pk ϵ P) *Adjacent points
9: where || pk − pj ||< rth

10: move pk from P to Q
11: end while

12: end while

However, the question to be asked here is, what is a suitable value of rth in order
to get accurate segmentation? A very small value of rth will give multiple clusters,
which may not be the desired result. In contrast, a very high value of rth, will cluster
the leaves and stem as a single cluster. So, the value of rth has to be selected after
a detailed analysis to check what value gives a better result. The value of rth will
change according to the plant architecture and growth stage. This also limits this
algorithm from being automatic. Algorithm 1 shows the pseudo code of the pro-
posed radius search algorithm. To deal with the noise present in the point cloud and
prevent wrong segmentation, a cluster with fewer than 10 points is considered noise
and discarded. Fig. 5.1 illustrates the results of our proposed algorithm of different
plants at various growth stages.

5.1.4 Results

We tested the proposed algorithm on 225 point clouds of 5 different species at vari-
ous growth stages. This allowed us to assess our algorithm for accuracy, sensitivity,
and reliability on the range of plant architectures from easy to complex. Fig. 5.1
shows a few segmentation results to examine the performance over the growth pe-
riod. MATLAB is used to implement the other baseline algorithms. In most cases,
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a)

c)
d)

e)

Chilli Plant

Maize Plant

Tomato Plant

Cauliflower Plant

Lettuce Plant

g) h)

i) j)

FIGURE 5.1: Results of the proposed algorithm of different plants at
various growth stages
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(A) Performance of the proposed algorithm

(B) Performance of k-means algorithm

(C) Performance of DBSCAN algorithm
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(D) Performance of ML(SVM) algorithm

FIGURE 5.2: Comparison of overall performance of the proposed
and standard algorithms

plants were successfully segmented into leaves and stem, 63 point clouds were not
well segmented. 31 out of these 63 point clouds belonged to lettuce plants. The rea-
son for the unsuccessful segmentation of the lettuce plant was the heavily occluded
architecture. In some cases, the lettuce leaves were occluded and stuck to each other,
making them very difficult to separate. In addition, the problematic point clouds
are from a more advanced vegetative growth stage. A further 26 point clouds be-
longed to maize plants. The maize leaves were sticking to each other, resulting in
unsuccessful segmentation. The majority of the unsuccessful segmentation was re-
ported in the advanced vegetative growth stage. As shown in Fig. 5.1 (c), when the
maize plant is at an early growth stage, the segmentation is better than the advanced
growth stage segmentation Fig. 5.1 (d). The remaining six unsuccessful cases belong
to four cauliflower, one chilli plant and one tomato plant. The reason was the crown
of small leaves at the top, which made the segmentation difficult.

Apart from these cases, as shown in Fig. 5.1 (a) and 5.1 (b), the proposed algo-
rithm successfully segmented leaves and stem at different growth stages. Fig. 5.1 (a)
shows an early growth stage of the chilli plant, and Fig. 5.1 (b) shows a month old
chilli plant. Similarly, the algorithm has shown good performance for the tomato
plant and provided successful segmentation irrespective of the growth stage. Fig 5.2
illustrate the overall performance of the proposed and standard algorithms. Table
5.2 provides the ratio of good segmentation and bad segmentation of proposed and
standard algorithms for all the plants. Here, good segmentation refers to the mean-
ingful segmentation of the plants (leaves segmented as leaves and stems as stems),
in contrast, bad segmentation refers to inaccurate segmentation (leaves segmented
as stems or stems as leaves). From fig 5.2 and table 5.2, it can be derived that all
the algorithms struggle to segment the lettuce and maize plant. K-means algorithm
has performed well on maize plants compared to all other algorithms. At the same
time, the proposed algorithm has performed well on chilli and tomato plants. More-
over, the SVM-based machine learning algorithm has performed well on lettuce and
cauliflower. In essence, these algorithms did not perform well on plants with com-
plex architectures.

Table 5.3 compares different algorithm run times on the plant point clouds. The
computation time varies according to the size of the point cloud, and the size of the



5.1. Introduction 67

TABLE 5.2: Plant and algorithm wise performance assessment

Plant and Algorithm Good Segmentation(%) Bad Segmentation (%)

Proposed Algo.

Chilli 97.7 2.3

Tomato 97.7 2.3

Maize 42.2 57.8

Lettuce 31.1 68.9

Cauliflower 91.1 8.9

K-means Algo.

Chilli 91.1 8.9

Tomato 95.5 4.5

Maize 48.8 51.2

Lettuce 22.2 77.8

Cauliflower 84.4 15.6

DBSCAN Algo.

Chilli 95.5 4.5

Tomato 88.8 11.2

Maize 44.4 55.6

Lettuce 26.6 73.4

Cauliflower 86.6 13.4

ML(SVM) Algo.

Chilli 95.5 4.5

Tomato 91.1 8.9

Maize 46.6 53.4

Lettuce 37.7 62.3

Cauliflower 88.8 11.2
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TABLE 5.3: Comparative analysis of standard algorithms

Plant Point Cloud Data
Computation Time

K-Means DBSCAN Proposed ML(SVM)

Chilli 387,845 1m.30s 3m.1s 30s 43s

Maize 487,768 1m.46s 3m.57s 35s 1m.4s

Tomato 413,639 1m.30s 3m.34s 41s 56s

Cauliflower 407,547 1m.42s 3m.21s 33s 48s

Lettuce 368,652 1m.21s 2m.44s 28s 39s

point cloud depends on the plant’s growth stage. Here we provided the computa-
tion time of plants with advanced vegetative growth stages. K-means is reasonably
fast, but it requires an exact number of clusters as an input to perform the operation.
DBSCAN, on the other hand, takes the longest as it is dependent on the point cloud
size. Machine learning methods, once trained, take much less time to give the out-
put. However, to train the model, we require a lot of labelled data which is a time
consuming process. The proposed algorithm has outperformed other segmentation
methods by taking less than a minute to execute the segmentation operation. The
computation time, as well as complexity of the proposed algorithm, is less than other
algorithms. However, immunity to the noise points is satisfactory. We compared our
proposed algorithm with machine learning methods, K-means, and DBSCAN. It is
tricky to assess the quality of the segmentation algorithm as it may depend on the
application’s purpose.

5.1.5 Performance Evaluation

Hubert et al. [203] and Rand [45] have demonstrated methods and metrics to eval-
uate the similarity of results from two different segmentation methods. Here, we
are using adjusted rand index (ARI) (commonly used indices to compare clustering
results) proposed by Hubert et al. [203] for quantitative analysis. In this study, the
point cloud dataset is manually segmented using TerraScan software by TerraSolid
Inc. to use as a reference for performance evaluation. The segmented point cloud
from the algorithm is compared with the manually segmented point cloud by mea-
suring the ARI. The highest value of ARI between the segmentation methods shows
the best performing algorithm. Table 5.4 shows the performance of the algorithms
based on ARI.

TABLE 5.4: Algorithm performance based on ARI

Algorithm ARI

K-means 0.8890

DBSCAN 0.9181

Proposed 0.9342

ML(SVM) 0.9254

It is seen that the proposed algorithm has performed better than other algorithms
on plant data with reference to ARI. Therefore, the proposed method can be a poten-
tially beneficial algorithm for segmenting plant point clouds.
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5.1.6 Determination of Best (rth) Value

In order to get the best rth value, the same ARI metric is used. Experiments are
conducted on each plant in the dataset with various rth values. The same manual
segmentation process is used to compare with the segmented point clouds using
ARI. A similar approach is used to select the best parameters for the other baseline
algorithms. The rth value was varied from 0.003 to 0.08 throughout the experiments
for various species. The highest ARI value achieved for each of the rth values pro-
vides with the best rth value. This process is repeated for all species and growth
stages.

We have three important findings from the result:

1. The proposed algorithm performed well and showed potential when com-
pared to the standard algorithms in terms of computation time and perfor-
mance.

2. The proposed algorithm does not need down-sampling and can be applied
directly on the point cloud.

3. The proposed algorithm performed well on the various plant architectures
irrespective of plant species when compared to reference point clouds using
ARI.

However, it is very difficult to achieve precise and meaningful segmentation ev-
ery time, especially in the heavily occluded areas. As Fig. 5.1 (d) illustrates, it is very
difficult to segment the maize leaves as some of the leaves might be sticking to each
other. However, the algorithm still segments the point cloud, but it is not accurate
and meaningful.

5.1.7 Conclusion

This chapter proposed a plant point cloud segmentation algorithm based on Eu-
clidean distance for various plant species and demonstrates the results on differ-
ent 3D point clouds generated using structure-from-motion. We implemented and
evaluated our approach on five different plant species, and provided comparisons
to other existing techniques. Furthermore, we supported all claims made in this
chapter through our evaluation. For evaluation purpose, ARI has been used in this
study. Addition metrics such as F-measure or mean intersection-over-union can also
be used. Compared to the other segmentation algorithms, the proposed algorithm
has shown potential advantages:

1. Irrespective of point cloud size, plant growth stage, and architecture, the algo-
rithm did not take more than 50 seconds.

2. The proposed algorithm does not require any prior knowledge of the plant for
segmentation like we need in k-means and machine learning methods.

Despite these encouraging results, there is further space for improvements. The
proposed algorithm could be further developed and the main limitation of the algo-
rithm is that it does not perform well on the high resolution point clouds generated
using active image acquisition techniques. As the high resolution point clouds have
points close to each other, this algorithm struggles to provide good results. In ad-
dition, the segmentation is not meaningful in all cases. Deep neural networks are
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one domain where more progress can be expected for plant trait segmentation. The
fundamental obstacle to use neural networks in plant phenotyping applications is
the requirement of large ground-truth training data. In future, the complexity of the
algorithm should be examined to compare with other baseline algorithms.
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Chapter 6

Plant Traits Measurement in 3D

This chapter presents the novel formulas to measure leaf length and leaf width even
when curled. This work is currently under review in the plant methods journal as
follows:

1. A. Paturkar, G. Sen Gupta and D. Bailey, "Plant traits measurement in 3D for
growth monitoring", Plant Methods 18, article 59 (2022). DOI: 10.1186/s13007-
022-00889-9

6.1 Introduction

Plant-phenotyping is a set of protocols and techniques used to precisely calculate
plant architecture, composition, and growth at different plant growth stages. Plant
phenotyping provides vital information about plants for crop production and plant
breeding programs which is helpful to farmers in their decision-making process.
Conventional phenotyping is manual, which is tedious, prone to errors, and labour
intensive [130]. Popular plant traits for growth monitoring include stem height, stem
diameter, leaf area, leaf length, leaf width, number of leaves or fruits on the plant,
and biomass [47].

Plant-phenotyping is implemented by combining several techniques, such as
spectroscopy, non-destructive imaging, and high performance computing [47]. Plant
traits are measured at different scales, e.g. at the level of organs, plants, and canopies.
Different types of sensors are used for each of these scales [157]. Traits can be mea-
sured using 2D or 3D imaging techniques. 3D imaging techniques produce a full
geometric model of the plants, enabling the extraction of plant features. Some ex-
isting non-destructive phenotyping systems use 2D hyperspectral imaging [9], or
methods for calculating structural parameters of the plant [12, 63].

Image-based 2D methods can also help to extract plant traits. Systems often con-
sist of a single camera mounted above the plant to produce a top view, occasionally
combined with one or two more cameras to produce side views to calculate the leaf
area or biomass of the plant [53]. However, the calculation of biomass of a plant
using 2D images has limited accuracy because these techniques depend on the cam-
era’s position relative to the plant. Precise leaf measurements can be achieved if
the camera inspects a view perpendicular to the leaf. Nonetheless, this cannot be
guaranteed in practical set-ups, providing inaccurate leaf measurements.

2D Systems For Plant Measurement

A semi-automatic phenotyping system [184] uses 2D images to monitor plant rosette
growth rate and expansion of size during its vegetative stages. This system con-
stantly rotates the pots’ positions within the greenhouse environment to reduce the
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effect of micro-environmental conditions. In the initial growth stage of the plant, 2D
images can monitor the growth efficiently as the plant architecture is simple [177].
However, as the plant architecture becomes more complex, 2D images cannot reli-
ably monitor the growth. The system presented in [61] uses images taken from two
different views (side and top view) for growth monitoring. Different plant traits
are measured, such as plant height and width. The measurements from this system
were inaccurate as it could not handle the occlusion efficiently. Walter et al. [199]
presented a system in which the growth and leaf area was calculated using a camera
mounted above the plants. The limited information about the plant is achieved as
the camera provided only one view. A growth monitoring system is presented in
[140], which helped to calculate traits of plants growing in different pots. This sys-
tem captures images from two views (side and top view) to calculate plant width,
height, and leaf area.

Clearly, 2D image-based methods have limitations such as the inability to han-
dle occlusion, not providing sufficient information about plant traits, plant measure-
ments depending on the orientation of the camera and leaf. These limitations lead
to inaccurate plant trait measurements. To overcome these issues, 3D image-based
methods have been used and documented in the literature [127].

3D Systems For Plant Measurement

Image-based 3D methods can be divided into active and passive techniques, with
the major approaches being LiDAR [67], structured light [125, 67, 100], structure-
from-motion [127, 130], and stereo vision [158, 126, 183]. The advantage of using
active techniques like LiDAR is that they are not only robust against sunlight but
are also able to get depth information in dim light. However, LiDAR has several
disadvantages, such as poor resolution, a warm-up time is required for stable mea-
surement [67], it needs multiple captures to handle occlusion, and the sensor is costly
[67, 130]. Structured light systems have struggled to perform well in outdoor con-
ditions due to insufficient contrast of the projected patterns within bright sunlight
[23]. In contrast, passive techniques can give high resolution, accurate measurement
of plant traits and have a lower sensor cost. However, these require computationally
more expensive processing. Computation time also depends on the complexity of
the plant architecture. In brief, passive approaches are mainly used in applications
where accurate measurements, occlusion handling, and obtaining high resolution
3D model are important [127].

The popular passive approaches for 3D modeling are structure-from-motion (SfM),
stereo vision, and shape from texture/silhouette/focus/shading [124, 139, 209, 155,
119, 180]. Stereo vision is the most widely used technique for obtaining 3D informa-
tion. It provides high resolution depth data from two different views; however, it
is restricted due to the texture of plants and has a relatively high computation time.
Shape-from texture/silhouette/focus/shading uses a single camera to capture im-
ages, making it simpler to set up than stereo vision but results in self-occlusion. SfM
extends stereo imaging to construct a 3D model from a large number of input im-
ages, reducing problems related to self-occlusion and identifying correspondences
between images. Nonetheless, SfM has several disadvantages, such as a large com-
putation time, and the quality of the 3D model can depend on the number of input
images. SfM is a reliable technique for 3D modeling of plants with resolving oc-
clusion, self occlusion, identifying correspondences between images, and providing
high resolution structural information.
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In recent years, computer vision researchers have predominantly used SfM to
generate high-quality 3D models. SfM is implemented on a large collection of over-
lapped images to get sparse and dense point clouds and can be applied to a range
of scales such as seedlings, plants, and trees. The potential of SfM was examined
by Snavley et al. [171], who used Bundler software to reconstruct an object in 3D
using hundreds of overlapping images acquired by a single camera. SfM detects
and matches identical features in images acquired from different views. Distinctive
features in each image are detected using a scale invariant feature transform (SIFT)
[101]. This method has performed well in outdoor conditions.

Recently, many studies have been conducted on 3D plant reconstruction. Gol-
bach et al. [52] used a shape-from-silhouette for the 3D reconstruction of plants.
This study considered the plant traits, such as leaf length, leaf width, stem height,
and leaf area. However, this study has several limitations; firstly, the system can not
precisely measure leaf length and width if the leaf is curled. Secondly, this study
considered only seedlings for measuring plant traits, making the 3D reconstruction
and measurement process easier as the plant architecture is simple. Yu et al. [208]
used SfM to reconstruct a sweet potato plant by capturing images from different
views. This study considers various plant features for growth monitoring, such as
leaf area, plant height, number of leaves on the plant, and leaf area index (LAI). A
high correlation was achieved between ground truth measurements and extracted
measurements from the 3D model. However, this study did not consider other im-
portant plant traits, like leaf length and leaf width, which are also important for
plant growth monitoring.

Jay et al. [75] used SfM to reconstruct a crop row using a single camera mounted
above the crop row having only one view (top view). This approach provided lim-
ited information about the crop, such as the number of leaves, leaf length, and leaf
width. Santos et al. [163] used SfM and used a computer-vision based image acqui-
sition approach by moving a single camera over the crop to get overlapping images
from different views to solve the occlusion problem. This study achieved a good
correlation between measured and ground truth values of the plant. However, this
study needs to consider more plant traits like leaf length and leaf width. Rose et al.
[155] also used SfM for 3D plant modeling and extracted plant features of a three-
week-old tomato plant, such as plant height, convex hull, and leaf area. Overall this
study reported a good correlation between ground truth values and measured val-
ues. Paturkar et al. [129] used smartphone’s camera to capture the plant images and
then used SfM for 3D modeling of the plants. This study measured various plant
traits, including plant height, number of leaves, and leaf area index. However, this
study did not consider measuring the stem height, leaf length, and leaf width when
it is curled. This study demonstrated that it is possible to achieve good 3D modeling
results using smartphone’s camera.

There is a need to consider additional features to monitor plant growth, such
as, leaf length and width, which have rarely been considered in the literature [132].
These features are important as the photosynthesis process is dependent on leaves,
making leaf dimensions important traits in growth monitoring. Such measurements
need to be robust even if the leaf is not flat (which is common). In this study, we will
consider these plant traits (leaf length and width) along with other traits, such as
the number of leaves and stem height. We will also look at leaf trait measurements
when the leaf is curled.
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6.1.1 Research Contribution

This chapter proposes a 3D plant trait measurement framework. The feasibility of
the proposed method to measure leaf length, leaf width, leaf area, stem height, and
the number of leaves was validated by evaluating the reliability and accuracy of
measuring these traits at different plant growth periods in outdoor conditions. The
overall aim is to extract accurate plant traits from the 3D model. The contributions
include 1. Considering additional plant traits for growth monitoring, such as leaf
length and width along with number of leaves, and stem height. 2. Investigating
a novel approach to measure leaf length by calculating the distance between apex
(tip) of the leaf through considering additional points in the middle region of the
leaf to the stipule (point where leaf attaches to the stem). This way we can measure
leaf length accurately even if the leaf is curled. 3. Investigating a novel approach to
measure leaf width by measuring the widest part of leaf. The widest part is perpen-
dicular to the leaf axis from apex to stipule.

6.1.2 Materials and Methods

For this experiment, we used the segmented point cloud dataset generated using
using the proposed algorithm in chapter 5. Fig. 6.1 illustrates the flowchart of plant
traits measurement.

After leaf and stem segmentation, important plant traits for growth monitoring
are measured: leaf length, leaf width, number of leaves, and stem height. These
traits are important as the leaf size plays a vital role in plant growth. In this study,
we repeated these proposed measurements for all plant growth stages to validate
the method’s accuracy and reliability.

For illustration purposes, only chilli plant in advanced vegetative growth stage
is considered in this chapter. The results for the remaining plants are provided in
Appendix B.

Plant Trait Measurements

Leaf Length

Our definition of leaf length is the length along the midrib. The midrib is a strength-
ened vein along the middle of a leaf running from the apex (tip of the leaf) to the
stipule (leaf’s connection to the stem). The midrib is detected using the method pro-
posed in [204], which converts the leaf into its principal component analysis (PCA)
coordinates to find the apex and the stipule. The segmentation method has precisely
segmented each leaf (as seen in the previous chapter). The apex of the leaf is defined
as the point on the leaf which is furthest from the stipule. In contrast, the stipule of
the leaf is defined as the point on the leaf furthest from the apex. These points are
marked by black points a and s in fig. (6.2).

Our study also measured leaves that are curled, which makes the measurement
challenging. If the leaf is straight, the Euclidean distance between apex and stipule
will provide the leaf length. However, this approximation will underestimate the
true length when the leaf is curled. Therefore, to tackle this challenge, we consider
additional points in between apex and stipule, which will provide a close approxi-
mation of leaf length. We calculated the leaf length by considering 3 to 8 additional
points between apex and stipule. However, the results from 5 to 8 points were iden-
tical, and therefore, we selected 5 points to reduce computation time. These five
points are marked by red points (b-f ) in fig. 6.2. The leaf length is measured using:
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FIGURE 6.1: Flowchart of 3D plant reconstruction and plant trait
measurements

s

b

cde
f

a

FIGURE 6.2: Leaf length measurement.
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Leaf Width

To measure the leaf width, the leaf’s widest region, which is perpendicular to the
axis through the apex and stipule, is found, marked by a black line in fig. 6.3. The
widest region on the leaf is determined by the part where the Euclidean distance
between the two red dots is maximum. However, finding the location of these red
dots is difficult. To do that, for all points on the leaf, the orthogonal projection on
the line from the apex to stipule is measured. The distance between the apex and
stipule is divided into 25 equidistant segments. The leaf points having projection in
a segment selected, shown in red dots (fig. 6.3). These red dots form a band across
the leaf. The leftmost red point on the line, LP and rightmost point on the line, RP is
used to approximate the width of that area. This step is repeated for all 25 segments;
the leaf width is defined by the maximum of:

Lea fwidth = max(
∥

∥

∥

⃗LP − RP

∥

∥

∥
) (6.2)

Top View

LP

RP

FIGURE 6.3: Leaf width measurement

Stem Height

We tried an approach used in [52] called mid-line tracking, which scans the number
of points on the stem to measure stem height. However, we analysed that in some
cases, at the initial growth stage of the plant, when the stem is very short, the stem
is not detected. In addition, in natural conditions, the stem can be curved as well,
and hence a close approximation of true stem height is also needed. To tackle this
problem and measure stem height precisely, we selected three points on the plant
stem since the measurements were approximately similar after selecting more than 3
points. Fig. 6.4 shows these three marked points at the bottom of the stem, one at the
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middle and one at the point where the topmost leaf is connected. The stem height is
measured by calculating the distance between these three points. The marked black
points are selected by visual cues to measure stem height precisely.

FIGURE 6.4: Stem height measurement

Number of Leaves

The number of leaves is another important trait of the plant for growth monitoring.
Plant growth mainly depends on the leaves as they photosynthesise. We have al-
ready derived the stipule of the leaves during the segmentation process. Therefore,
counting the number of stipules in the model ultimately provides the information
about the number of leaves.

Leaf Area

Meshlab allows the automatic calculation of the number of triangular polygons within
the leaf mesh. The leaf area can be estimated from the area of the mesh. Fig. 6.5
shows the appearance of the triangular polygon in the leaf mesh of the chilli plant.
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FIGURE 6.5: Leaf triangular polygonal mesh

6.1.3 Ground Truth Measurements

In this study, to establish the ground truth, we measured different plant traits, such
as leaf length, leaf width, number of leaves on the plant, and stem height. The num-
ber of leaves varied over the growth period.

It is very easy and straight forward to count the number of leaves on the plant,
simply by moving around the plant and carefully counting them. We used a con-
ventional method of taking measurements with a ruler to measure leaf length, leaf
width, and stem height [208].

For the manual (direct) measurements of leaf area, we captured images of the
individual leaf with a white background without plucking it from the plant and used
ImageJ to calculate leaf area for each measurement during the growth period. Fig 6.6
shows the captured image of the leaf and output window of ImageJ, respectively. Fig.
6.6 (A) illustrates an image of a plant leaf with a ruler. ImageJ uses this ruler to set
a scale to calculate the leaf area of the thresholded area. The colour thresholding is
performed to segment the leaf dimensions in the image and the leaf area, see fig 6.6
(B).

We define these measurements as the ground truth, although these measure-
ments may not be accurate because of physical or human errors. For instance, some
leaves are curled in such a way that it is difficult to measure accurately in the real
world as the leaf may be damaged in the process of making it flat. However, careful
measurements reduce these errors. In this study, we have considered these factors
while calculating system accuracy.

6.1.4 Results

In this section, the system’s accuracy is assessed based on regression between the
ground truth values and measured values from the 3D segmented model at different
growth stages. The correlation coefficient (R2) indicated the quality of the fit. In
addition, the mean absolute percentage error (MAPE) of the measured values from
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(A) Leaf area (captured image) (B) Leaf area (output window)

FIGURE 6.6: Leaf area calculation using ImageJ

our 3D model, Ft and ground truth values, At is used to assess the accuracy:
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(6.3)

Leaf Length

The length of each of the leaves was measured individually over one month. This
gave a total 58 ground truth values and 58 measured values from the segmented 3D
model for the leaf length. The leaf length varied from 1.6 cm to 6.5 cm throughout
the experiment. Fig. 6.7 shows our proposed method performed well against the
ground truth with a correlation coefficient of 0.97. The accuracy of the leaf length
measurement method is determined by calculating RMSE, which is 0.2 cm. The
mean absolute percentage error is 5.8%. The results for the remaining plants are
provided in Appendix B.

Leaf Width

Fig. 6.8 shows a high correlation between the measured values and ground truth
values of leaf width with a correlation coefficient of 0.96 with RMSE of 0.11 cm.
The mean absolute percentage error is 8% which is higher than that for leaf length
because the width is one-third of the leaf length. The results for the remaining plants
are provided in Appendix B.

Stem Height

The stem height grew from 5 cm to 27 cm during the course of this experiment,
with eight ground truth values and 3D model values. The measurements from our
proposed method showed a high correlation with ground truth measurements, as
shown in fig. 6.9(A). The correlation coefficient for stem height is 0.99 with an RMSE
of 0.11 cm. The mean absolute percentage error is 2%. The results for the remaining
plants are provided in Appendix B.
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FIGURE 6.7: Correlation between Ground Truth and Measured Leaf
Length

Number of Leaves

The segmentation algorithm has performed extremely well to segment the leaves
from the plant. Therefore, it is easy to count the number of leaves. A high correlation
between the measured number of leaves and the ground truth is achieved with a
correlation coefficient of 1, as shown in fig. 6.9(B). The RMSE is zero as there is exact
correspondence between measured and ground truth values.

Leaf Area

The leaf area ranged from 0.04 to 0.8 cm2 during our experimentation duration. A
good correlation between the measured leaf area and the ground truth is achieved
with a correlation coefficient of 0.98, as shown in fig. 6.10. The mean absolute per-
centage error is 20%. The results for the remaining plants are provided in Appendix
B.

6.1.5 Comparison with the State-of-the-art

This section compares the proposed plant growth monitoring system with different
state-of-the-art systems. The detailed comparison is shown in table [6.1].

Golbach et al. [52] used shape-from-silhouette for the 3D reconstruction of plants.
It also considered only seedlings for measuring plant traits, making the 3D recon-
struction and measurement process easier as the plant architecture is simple. This
study considered similar plant traits, such as leaf length, leaf width, stem height,
and leaf area. However, their system can not measure leaf length and width pre-
cisely if the leaf is curled. The proposed method has overcome these drawbacks and
performs well even if the plant leaf is curled.

Yu Zhang et al. [208] tested sweet potato in outdoor conditions and extracted
different plant traits such as plant height, number of leaves, and leaf area from a 3D
model. However, they did not consider other important leaf traits such as length
and width. Our proposed system performed better in measuring plant height and
number of leaves.
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FIGURE 6.8: Correlation between ground truth and measured leaf
width

FIGURE 6.9: Correlation between ground truth and measured values
for (A) stem height and (B) number of leaves

Hu et al. [70] used a Kinect sensor to monitor the growth of a leafy vegetable
and extracted plant height, leaf area and volume. The results were highly correlated
with manual measurements, but they did not test the system in outdoor conditions.
The proposed approach achieves lower RMSE and a good correlation between the
measured and the ground truth values compared to Hu’s demonstrated system.

Rose et al. [155] proposed a photogrammetric method to precisely measure
growth parameters of three-week-old tomato plants in the greenhouse. They demon-
strated that all considered growth parameters are correlated with manual measure-
ments. The proposed system achieved better correlation for plant height compared
to their study. However, this study did not examine the system’s performance in
outdoor conditions.

Jay et al. [75] proposed an approach to extract leaf area and plant height for five
different plants. These two parameters are highly correlated between calculated and
manually measured values. Nonetheless, their approach did not deal with occluded
leaves and did not have additional information to extract leaf length, leaf width, and
the number of leaves.



82 Chapter 6. Plant Traits Measurement in 3D

FIGURE 6.10: Correlation between ground truth and measured val-
ues for leaf area (cm2)

TABLE 6.1: Comparative analysis of state-of-the-art systems

Method Stem Height Leaf Length Leaf Width Number of Leaves

RMSE (R2) RMSE (R2) RMSE (R2) RMSE (R2)

Rose et al. [155] 0.14 cm 0.96 NA NA NA NA NA NA

Jay et al. [75] 1.1 cm 0.99 NA NA NA NA NA NA

Golbach et al. [52] 0.43 cm 0.87 0.43 cm 0.91 0.21 cm 0.85 NA NA

Hu et al. [70] 0.29 cm 0.99 NA NA NA NA NA NA

Yu et al. [208] 0.71 cm 0.97 NA NA NA NA 4.03 0.99

Paturkar et al. [129] 0.13 cm 0.97 NA NA NA NA 0.06 0.99

Our method 0.11cm 0.99 0.2cm 0.97 0.11cm 0.96 0 1

Paturkar et al. [129] which is a part of our previous work, measured stem height,
number of leaves, and leaf area. However, this study did not address the issue of
curled leaves and stem. The proposed method demonstrated that even a mobile
phone can be used for image capture to reconstruct the plants in 3D, giving an R2 >

0.96 for leaf length, leaf width and also, R2 > 0.99 for stem height and the number
of leaves.

6.1.6 Discussion and Conclusion

The proposed measurement and analysis methods are also applied to the remaining
four plants, and the results are provided in Appendix B. Table 6.2 summarises the re-
sults of the remaining plants in detail. The leaf length, width, area, stem height, and
the number of leaves show excellent correlation for cauliflower and tomato. How-
ever, the leaf area for lettuce did not show good correlation. To measure leaf width
of maize plants was challenging, resulting in no records for maize plant. Similarly,
it was impossible to measure the stem height for lettuce plants due to the heavy
occlusion.
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TABLE 6.2: Comparative analysis of of all the remaining plant

Plant Leaf Area Leaf Length Leaf Width Number of Leaves

RMSE (R2) RMSE (R2) RMSE (R2) RMSE (R2)

Lettuce 0.02 cm 0.91 0.22 cm 0.98 0.31 cm 0.95 0 1

Cauliflower 0.02 cm 0.98 0.31 cm 0.93 0.11 cm 0.96 0 1

Maize 0.01 cm 0.99 0.8 cm 0.87 NA NA 0 1

Tomato 0.01 cm 0.99 0.2 cm 0.96 0.1 cm 0.96 0 1

This chapter proposes methods to measure plant traits for growth monitoring
based on the reconstruction of plants in 3D. Measured plant traits consist of leaf
length, leaf width, number of leaves, leaf area, and stem height. These are the basic
yet important phenotypic features of the plant. The proposed method is accurate for
plant trait measurements. Structure-from-motion is used for the reconstruction of
plants in 3D. The image acquisition process has been conducted in such a way that
from every camera perspective, the plant is clearly visible. The image acquisition
process was conducted manually with a user capturing images using a mobile phone
camera without using a tripod or any other tools, making this process easy and
adaptable. The time required for image acquisition is 2-3 minutes, and this time
increases with the plant’s growth as more images are required. The computation
time per plant for post processing requires 10-12 minutes for generation of the point
cloud 7-12 minutes for removing outliers and filtering. The segmentation time has
varied from 3.2 seconds to 12.6 seconds and trait measurement time varied from 8.8
seconds to 17.5 seconds throughout the growth stages of the plant.

The generated 3D model of the plant is then accurately segmented into leaves
and stem parts. These segmented parts are then used to calculate plant traits. Leaf
length and leaf width can be measured with an absolute mean percentage error of
5.8% and 8%, respectively; error for stem height, leaf area, and the number of leaves
is 2%, 20%, and 0%, respectively.

The advantages of the proposed method include reduced user involvement for
plant segmentation and precise plant trait measurements.

The leaf length was measured precisely by considering 5 additional points in the
middle region of the leaf from apex to stipule. This helped us calculate leaf length
accurately even when the leaf was curled with a high correlation of 0.97 between
ground truth and measured values. Similarly, leaf width is calculated by determin-
ing the widest part of the leaf with an RMSE of 0.11 cm and a correlation coefficient
of 0.96. These methods helped to overcome the disadvantage associated with inac-
curate measurement of curled leaves.

In conclusion, this study demonstrated that the methods proposed to calculate
plant traits have the potential to monitor plant growth in outdoor conditions. Future
work consists of applying this system to multiple plants to determine the robustness
and reliability. Such a system can be potentially used to monitor commercial land,
greenhouse, and agriculture production in the near future.
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Chapter 7

Conclusion and Future Scope

7.1 Conclusion

In this thesis, we have focused on different problems related to plant growth moni-
toring in small scale (field) operations. We did not focus on applying this framework
on a commercial scale at this stage, and therefore, considerable work is required to
make this framework operative in a commercial field. We have shown the applica-
bility of using a smartphone camera as a cost-effective and reliable image acquisi-
tion method. The feasibility to generate good quality point clouds has been demon-
strated. The quality of the generated 3D models have been assessed. All the plants
except lettuce were reconstructed in 3D, which shows that the proposed system has
the potential to replace the expensive sensors for the image acquisition process. The
reason that the lettuce plant was not reconstructed accurately is due to its complex
architecture. Because of the heavy occlusion of leaves, it is difficult to reconstruct the
lettuce plant’s inner leaves, which is a limitation of an image-based computer vision
technique. In future, to address this limitation, plant head can be measured instead
of the number of leaves for lettuce. However, more work needs to be done on the re-
construction of high-value lettuce plants as few studies considered this plant when
working on the reconstruction of plants in 3D.

We have also investigated a possible way to get an appropriate number of im-
ages to generate a good quality 3D model instead of using all images. The results
of the experiments showed that 3D reconstruction of the plants and extracting plant
features using fewer images is possible, which inevitably reduces the computation
time. However, the number of input images required for precise 3D reconstruction
depends strongly on plant architecture. If the plant architecture is complex, more in-
put images will be required for 3D reconstruction. Similarly, if plant architecture is
simple, fewer images are sufficient for precise 3D reconstruction. However, the pro-
posed investigation needs further development, including selecting random images
in a subset and image resolution.

The proposed point cloud segmentation algorithm can be used on a variety of
plants. The proposed algorithm could be further developed, and the main limitation
of the algorithm is that it does not perform well on the high resolution point clouds.
As the high resolution point clouds have points close to each other, this algorithm
struggles to provide good results. In addition, the segmentation is not meaningful
in all cases. Deep neural networks are one domain in which more progress can
be expected for plant trait segmentation. The fundamental obstacle to use neural
networks in plant phenotyping applications is the requirement of large ground-truth
training data. In future, the complexity of the algorithm should be examined to
compare with other baseline algorithms.

Leaf length and width can additionally be considered to monitor plant growth.
These plant features can also be measured when they are curled. This framework
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can be used in both controlled or outdoor conditions. However, it struggles with
the windy conditions since the images from the phone are distorted due to wind
and resulting in poor image-pair matching and hence, the poor 3D model. Two pos-
sible solutions to address this limitation are developing a neural-network to clas-
sify between the good image and the distorted image, and another solution is us-
ing a plant canopy while capturing the plant images. We believe that the proposed
non-destructive framework can be an excellent cost-effective alternative to expen-
sive state-of-the-art methods for small scale (field) operations.

7.1.1 Performance of various stages in the framework on the considered
plants

3D Reconstruction of Plants

In terms of plants, chilli, tomato, cauliflower, and maize plants have shown good
relation between the measured height and manual height measurement. In contrast,
the lettuce plant struggles between the manual and measured stem height because
of the more complex architecture of the lettuce plant. Because of the high degree
of occlusion, measuring the stem height in the reconstructed 3D model is difficult.
For measuring the number of leaves, similar results were achieved for the tomato,
cauliflower, and maize plants. However, the lettuce plant results were again less
promising as it is difficult to reconstruct the heavily occluded plant, and therefore, it
failed to reconstruct some of the inner leaves accurately.

Reducing Computation Cost

From the experiments, we analysed that the results for tomato, cauliflower, chilli,
and maize plant were reconstructed accurately with fewer images. In contrast, due
to its complex architecture, the lettuce plant was difficult to reconstruct accurately
using fewer images. The majority of the lettuce plant was missing when fewer im-
ages were used. Based on the computation time, it can been seen that the execution
time for lettuce and cauliflower is more compared to the other of the plants.

7.1.2 Plant Trait Segmentation

Based on the experiments, the lettuce and maize plant were difficult to segment
because of their complex architecture. In contrast, the proposed segmentation algo-
rithm showed better results on chilli, tomato, and cauliflower plants.

Plant Trait Measurement

The proposed measurement and analysis methods show that the leaf length, width,
area, stem height, and the number of leaves show excellent correlation for cauliflower
and tomato. However, the leaf area for lettuce did not show a good correlation. To
measure the leaf width of maize plants was challenging, resulting in no records for
maize plants. Similarly, it was impossible to measure the stem height for lettuce
plants due to the heavy occlusion.

In essence, more work is needed on leafy vegetables with complex architecture.
Very few prior studies have considered lettuce plants.
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7.2 Future Scope

Due to the COVID-19 outbreak, the outdoor experiments were disrupted, resulting
in a delay in analysis and experimentation on small plants. From the framework
point of view, there are some limitations. The framework needs to be tested on tall
plants (height > 1m). The segmentation algorithm works well with low-resolution
point clouds which are generated using image-based or passive 3D reconstruction
methods. So the future work can be to develop the algorithm further to work with
high resolution point clouds. Leafy plants are also problematic for this framework,
especially for 3D reconstruction and segmentation. However, having more images
of leafy plants may resolve the problem for 3D reconstruction, although this would
also increase the computation time. Although it has performed satisfactorily in this
study, there is still scope for improvement for accurate 3D reconstruction and seg-
mentation. However, there are very few studies reporting work on leafy plants,
knowing the challenges they possess. The plant traits measurement can also be
made robust by using visual cues for manual and 3D model measurements. These
visual cues can be visible in the 3D model to understand the plant traits precisely,
and this will help to analyse the performance of the methods. In commercial fields,
potted plants can be monitored in future using this framework. To use in this en-
vironment, the potted plants will need to placed on a rotating platform, keeping
the smartphone camera stationary. This way, image capturing can be done where
the plants are planted closely. In the commercial environment, improvements are
needed in the speed of the SfM. This proposed framework can also be used in horti-
culture or livestock farming in future.
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Appendix A

Supplementary Material

A.1 Chapter 4: Reducing Computation Cost for Accurate 3D

Modeling

Additional results for 3D reconstructions of remaining plants when using a different
number of input images.
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(A) All images (B) 65 images

(C) 35 images (D) 25 images

FIGURE A.1: Example 3D reconstructions of a cauliflower plant with
different numbers of input images



A.1. Chapter 4: Reducing Computation Cost for Accurate 3D Modeling 91

(A) All images (B) 70 images

(C) 50 images (D) 25 images

FIGURE A.2: Example 3D reconstructions of a lettuce plant with
different numbers of input images
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(A) All images (B) 55 images

(C) 40 images (D) 25 images

FIGURE A.3: Example 3D reconstructions of a maize plant with
different numbers of input images
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(A) All images (B) 75 images

(C) 50 images (D) 25 images

FIGURE A.4: Example 3D reconstructions of a tomato plant with
different numbers of input images

FIGURE A.5: Extracted stem height from reconstructed 3D model
with change in number of input images for cauliflower plant
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FIGURE A.6: Extracted stem height from reconstructed 3D model
with change in number of input images for tomato plant

FIGURE A.7: Extracted stem height from reconstructed 3D model
with change in number of input images for maize plant
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FIGURE A.8: Extracted number of leaves from reconstructed 3D
model with change in number of input images for cauliflower plant

FIGURE A.9: Extracted number of leaves from reconstructed 3D
model with change in number of input images for tomato plant



96 Appendix A. Supplementary Material

FIGURE A.10: Extracted number of leaves from reconstructed 3D
model with change in number of input images for maize plant

FIGURE A.11: Extracted number of leaves from reconstructed 3D
model with change in number of input images for lettuce plant
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FIGURE A.12: Number of 3D data points detected for different im-
age resolutions for cauliflower plant
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FIGURE A.13: Number of 3D data points detected for different im-
age resolutions for lettuce plant
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FIGURE A.14: Number of 3D data points detected for different im-
age resolutions for maize plant
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FIGURE A.15: Number of 3D data points detected for different im-
age resolutions for tomato plant
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Appendix B

Supplementary Material

B.1 Chapter 6: Plant Traits Measurement in 3D

Addition results of plant traits measurement for remaining plants.

B.2 Videos

The videos of various 3D modeling steps are provided on the following link: PhD
Videos - Click Here

https://drive.google.com/drive/folders/1uoKVcd4Z6l2WvHTTN7xU3MAqeY2AF0Cw?usp=sharing
https://drive.google.com/drive/folders/1uoKVcd4Z6l2WvHTTN7xU3MAqeY2AF0Cw?usp=sharing
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FIGURE B.1: Leaf length measurement for cauliflower

FIGURE B.2: Leaf width measurement for cauliflower
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FIGURE B.3: Stem measurement for cauliflower
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FIGURE B.4: Leaf length measurement for cauliflower
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FIGURE B.5: Leaf length measurement for cauliflower

1 2 3 4 5 6

Measured Leaf Length (cm)

2

3

4

5

6

7

G
ro

u
n

d
 T

ru
th

 L
e

a
f 

L
e

n
g

th
 (

c
m

)

FIGURE B.6: Correlation between ground truth and measured leaf
length for Cauliflower plant
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FIGURE B.7: Correlation between ground truth and measured leaf
length for Tomato plant
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FIGURE B.8: Correlation between ground truth and measured leaf
length for Maize plant
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FIGURE B.9: Correlation between ground truth and measured leaf
length for Lettuce plant
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FIGURE B.10: Correlation between ground truth and measured leaf
width for Cauliflower plant
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FIGURE B.11: Correlation between ground truth and measured leaf
width for Tomato plant
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FIGURE B.12: Correlation between ground truth and measured leaf
width for Lettuce plant
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FIGURE B.13: Correlation between ground truth and measured val-
ues for leaf area (cm2) for Cauliflower plant



B.2. Videos 107

0.05 0.1 0.15 0.2

Measured Leaf Area

0

0.05

0.1

0.15

0.2

G
ro

u
n

d
 T

ru
th

 L
e

a
f 

A
re

a

FIGURE B.14: Correlation between ground truth and measured val-
ues for leaf area (cm2) for Tomato plant
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FIGURE B.15: Correlation between ground truth and measured val-
ues for leaf area (cm2) for Maize plant
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