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ABSTRACT

Plant root phenotyping is a key component in plant breeding and selection for

desireable root properties. Preferable root traits can not only help a plant to grow

faster but also allow for more dense and deep root system architectures (RSA) that

aid in making the plant resistant to drought conditions. In this thesis, an efficient

high-throughput plant root phenotyping system that can take the images of RSA

from various angles using multiple cameras is presented. This system needs to be

a high-throughput system such that is can be used to phenotype up to hundreds or

thousands of plant roots quickly.

In this research, a novel multi-camera root imaging system and a phenotyping

procedure, which can extract traits that correlate better than a single-camera root

imaging system, is introduced. The system consists of a set of six cameras that take

images of a plant root from six different directions. A segmentation procedure using

the Expectation-Maximization (EM) algorithm is developed and employed to itera-

tively distinguish plant root pixels from background pixels. It is also shown that this

proposed method provides a better segmentation results of plant root images when

compared to the thresholding methods used in previously published research. An-

other novel contribution in this thesis is the automated extraction of root traits from

the imagery collected. It is shown that these automated traits correlate to manually

measured traits that have been previously shown to have strong relationships with

genes associated with RSA. Results also show that merging of the autonomously

extracted traits from multiple cameras provide higher correlation with the manual

traits as opposed to traits measured from only one camera. The data for the plant

xiv



roots are collected over a period of 3 years, each year improving the imaging system

and the underlying software used to control the system. Further, it is shown that

the traits are extracted with a much faster implementation using the multi-camera

imaging system when compared to a previous plant root phenotyping platform.
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Chapter 1

Introduction

Climate change around the world affects the agricultural output throughout the world

[2]. Increase in global warming and sea levels cause global average temperatures to

raise and water tables under the soil to go more deeper. This may lead to a period of

prolonged shortage of water supply including rain leading us to drought. The existence

of drought may further lead us to several consequences such as hunger, malnutrition,

mass migration, reduced electricity production. Hence, it is in our hands to cut the

reasons that cause the adverse climate change and also at the same time develop

technologies in agriculture to cultivate plants that can tolerate drought situations.

This study aims to address the second problem. For this, we need to understand the

RSA of the genes related to the plant roots that contribute to drought resistance.

In order to identify the genes controlling the RSA, we need to efficiently phenotype

the plant roots. These phenotypic traits are later used in future, for identifying the

underlying genotypes that control plant root growth. For example, larger root depth

of a plant root helps the plant to attach to the soil and hence become flood resistant.
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Thus, the root depth can be taken as a trait that can be used to compare with other

plants with different root depths. This comparison methods may be used further

to separate the genotypes in a specific plant species that have larger root depth.

Although many plant root phenotyping systems exist today, these systems either

involve manual feature trait extraction or trait feature extraction from single cameras

[3, 1, 4, 5]. When extracting traits from single cameras, the complete root topology

may not be captured in the image, which may lead to less reliable trait values. When

a single camera system is used with a turn-table, to capture the RSA from various

angles, the imaging system may not be useful for high-throughput applications as it

would take several minutes for the system to completely image the plant root.

This study proposes a multi-camera high-throughput plant root phenotyping sys-

tem, that can efficiently take images of the plant roots, perform image segmentation

and extract features of Root System Architectures (RSA) that have high correlation

with the manually extracted features. We designed the phenotyping system consist-

ing of multiple cameras that take images of a plant root from different angles. These

cameras are connected to a USB hub which is in turn connected to a PC. These

cameras are programmed using Canon Hacker Development Kit (CHDK) ([6, 7, 8])

to take photos of the plant roots from different angles simultaneously. Once the im-

ages were taken, they were downloaded to the PC and segmentation was performed on

them. The segmentation consists of EM algorithm that separates root pixels from the

background images. After acquiring a binary image for every original image, feature

extraction is performed on the binary image by performing line scanning and skele-

tonization operations. The extracted traits in the feature extraction are further used

in correlation analysis with the manually extracted features to verify the consistency

2



Figure 1.1: Procedure for plant root phenotyping

of automatically extracted traits from the images.

1.1 Goals of the study

The primary goal of this study is to make a automatic working system that can extract

the traits from the photographed images of plant roots using camera programming,

image processing and segmentation algorithms. The extracted traits from the images

should correlate to the manually extracted traits of the plant roots. The advantage

of such a system is that it completely eliminates the need for manual feature extrac-

tion which is prone to errors and excessive time consumption. Another goal of this

study is that the features extracted should be reliable enough for future analysis for

identification of genotypes. This is made possible using the multi-camera system that

takes images of plant roots from different angles. This multiple angle perspective of

the same plant root enables us to extract the best features that can be used in future

research. For example, the plant root width from one perspective may be smaller,

whereas the same plant seen from a different perspective may show larger root width.
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Hence, for the phenotypic trait called maximum width, we can take the maximum

width of the root across images from multiple cameras. The final goal of this study is

to show that it is a high-throughput system. That is, unlike the phenotyping systems

that take multiple images using a turn table [4, 5], we take images from multiple

cameras simultaneously. The advantage is that the speed of imaging the plant roots

can be very fast. Further, we implemented the algorithm for segmentation that makes

use of hardware acceleration. We show that with this combined setup, we can image

and process hundreds of images per day.

1.2 Assumptions

When designing the experimental setup box for imaging the roots, it is necessary for

us to determine the size of the box in order to record the image of the root completely.

For this reason, we assumed that the maximum width and height of the root systems

to be imaged will be 20 inches or less. When segmenting the images, the root pixels

are assumed to be darker than background. This is because usually the plant roots

have a color ranging from light brown to black. The roots may sometimes be red in

color. The color of the roots just after digging, look darker because they are wet and

are washed to remove dirt. Further, when imaging the plant roots, some lateral roots

may cast a shadow on other roots, which leads us to note that the roots appear even

darker. If we select the background to be black, it would be hard for the segmentation

algorithms to separate the root pixels from the background. Hence, we select a bright

colored background such as light blue. Thus the segmentation algorithms also assume

that the background has a lighter color than the root.

4



Chapter 2

Literature Review

This section describes the related work done in high-throughput root phenotyping.

We first discuss about the recent work in modeling root systems, which is used by

some of the available open source softwares for phenotyping. We then discuss the

imaging and phenotype extraction methods and finally describe the recent work in

discriminating the genotypes given the phenotypic data.

2.1 Identification of root topology

Recent advances in imaging and computing technologies had enabled us to efficiently

analyze plant root images [9, 10]. These methods use complex algorithms such as the

EM algorithm [11] with multiple clusters and assign some clusters to plant root or

perform simpler ways to generate the segmented image such as intensity thresholding

[1, 3, 12, 13]. The segmented image may then be analyzed for further analysis for

extraction of phenotypic traits. For example, Janusch and Busch [14] proposed to
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identify root topology using Reeb graphs. Chen et al. (2006) [15] describes method

to determine the branching structure in wheat using Markov chains [16]. However,

this methods need to have simpler root system to extract traits with higher accuracy.

Recently modeling plant roots by performing 3-D reconstruction is gaining trac-

tion. In 2012, Mairhofer et al. [17] described a procedure to determine root topology

from x-ray CT images containing root cross-sections by scanning the image stack

vertically and predicting the possible location of root in the next image using the

location of the root in the current image. RooTrak process on the volume generated

by inverse radon transform on the x-ray CT images taken from the side view of the

plant root. The visual tracking was achieved using level-set functions. Although

complex root architectures were successfully identified by the tool, the procedure is

still computationally intensive to perform any high throughput phenotyping. Sim-

ilarly, Zhou et al. [18] describes a method to perform 3-D reconstruction on x-ray

CT images containing cross-sectional root images by using Marching Cubes algorithm

[19]. Zheng et al. [20] performed reconstruction on RGB images, by first segmenting

the images, performing reconstruction using visual hull followed by selecting nearest

connected components as the final reconstruction.

Methods also exist that analyze the root growth such as KineRoot [21], ArchiSim-

ple [22] and [23]. Variation in the root topology with varying environmental conditions

were also studied. Balestri et al. [24] discusses the changes in the root topology when

a seagrass is grown in different soil conditions quantitatively. Further studies include

modeling of roots [25] and growth of roots [26] in time series. Studies also include

imaging the roots by parts and stitch them [27] using SIFT keypoint matching pro-

cedure [28] and estimation of root system architecture by modeling root length or
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number of roots per unit volume or root density [29].

2.2 Data collection and feature extraction

Recently, two novel strategies were proposed for high-throughput phenotyping of plant

roots: Digital Imaging of Root Traits (DIRT) [3] and Root Estimator for Shovelomics

Traits (REST) [1] systems. The procedures consist of a root imaging system for

excavated roots followed by image processing, feature extraction and analysis of the

extracted features.

In the DIRT system, each excavated root is first washed and a small portion of

the root is excised. This excised root provides better understanding on the topology

of the lateral roots. The root crown, its excised root along with a tag and a scale

marker are imaged by placing them on a black background. The scale marker of

fixed size is used in every image so as to accurate estimate the size of the root crown

from the images. The background was selected to be black in order to easily obtain

the segmented image. After segmenting and separating the image into several parts,

the marker in the image is used to calibrate the feature measurements. A skeletal

structure or Root Tip Path (RTP) is extracted to further extract features from not

only the segmented image, but also from the medial axis such as the width of the

roots. The features so extracted are within the standard deviation of 10% when

testing the repeatability of the experimental system. 1445 cowpea roots representing

188 genotypes were imaged and a Pearson correlation of 0.49 is achieved from the

image based features compared to manually extracted features. Statistical analysis

was then performed on the extracted traits.
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In the REST system, each rootstock is divided lengthwise into two halves. The

larger half is used for root phenotyping from images. Angles were measured using

a scoreboard and nodal roots were counted as manual traits. The rootstock was

photographed in a custom made imaging tent. The other half is used for counting

nodal roots for manually noting the branching density. This imaging system consists

of a root imaging tent with cuboid shaped backside and prism shaped front side. The

root crown with 25 cm stalk is hung from top. Uniform illumination is achieved using

two reflector coils on the opposite of the flash lights. The images were taken with

a 10 megapixel Canon EOS 400D camera with a focal length of 35 mm, aperture of

9.0, exposure time of 1 second. The root background color was selected to be black.

The images were segmented using Otsu’s thresholding method [30]. To reduce errors

standing out of the bulk root stock, the evaluated area was reduced to 95% in width

and height for further analysis. Some of the features extracted are root system filling

factor as the ratio of root pixels by the number of pixels in the convex hull. Other

features include area of the convex hull, maximum width and number of holes. The

extracted features are then used in statistical analysis.

Recent work also include phenotyping plant roots that were placed in gel medium

and images taken in different angles using a turn table. [4, 5]. Pantalone et al. [31]

showed that drought resistance can be achieved if the roots are fibrous in nature.

This work also tried to assign a rootscore to various root systems depending upon

several factors such as the amount of fibrous content, size and number of nodules of

the root. Topp et al. [32] extracts 2-D features from images and 3-D features from

the reconstructed 3-D models. These extracted traits are used in Multivariate QTL

analysis using a program called GiA Roots [33].
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2.3 Statistical analysis

The idea behind performing statistical analysis is to identify the underlying genotypes.

For this we need to have a high quality traits that reflect the effects caused by the un-

derlying genotypes. Hence, to identify these effects, many studies use methods such as

Analysis-of-Variance (ANOVA), Quantitative Trait Loci (QTL) [3, 1, 5, 4, 5, 32]. Ad-

vanced methods are also employed such as Support Vector Machine (SVM) [34, 35, 36]

to classify the genotypes. Recently, due to the increase in the processing power of

computers, we now tend to perform the feature extraction automatically using algo-

rithms instead of manual methods. In order to ensure that the traits extracted from

the images are as reliable as the manual features, we need to check if the extracted

features from images correlate well to the manually extracted features. It may be the

case that automated features are more accurate than manual features. Thus, these

methods also provide Pearson and Spearman correlation coefficients to demonstrate

that the features extracted from the image correlate to the manual features. The

REST system performed correlation and heritability analysis to show that the image

features are valid and are silimar to the traits inherited from the parent plant roots.

The following text describes the method used by DIRT system to determine if the

genotypes are well separated.

The statistical analysis tools such as Relative Phenotypic Variation (RPV) and

Heritability (H) are used for cluster separability analysis and identifying most her-

itable traits in the genotypes. RPV is a heuristic that determines how much the

genotypes are separated using the extracted features. For a given trait, it is defined

as the ratio of variance Vd of the trait of all the roots of the data and the average

variance per genotype Vavg.
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RPV =
Vd
Vavg

(2.1)

The authors describe that the RPV value of 1 indicates that the trait is evenly

distributed over all the genotypes. The DIRT system shows an RPV of above 2.5

for traits such as root density, median/maximum width and spatial root distribution,

which shows that these traits can differentiate between genotypes. Although RPV

may be used to describe the features, this heuristic may not accurately describe the

cluster separability of the genotypes. More analysis can be found the next section.

The broad-sense Heritability (H) is defined as the variation in the phenotypic trait

in all the genotypes (Vd) to the average variance per genotype (Vavg)

H2 =
Vd

Vavg + Vd
(2.2)

The most heritable traits was the average root density in image features.
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Chapter 3

Data Collection Procedure

Collection of data involves acquiring images of different plant roots using a multi-

camera system that has the following properties. The system should take images of

the same plant root in different angles so that the shape of the root can be recorded

from all angles for better trait extraction. Another property needed for efficient design

of the multi-camera setup system is to make it less laborious for the people operating

it and to easily transport it from one place to another. This involves a robust design

of the setup box so that the plant roots can be replaced easily after taking the images,

take into consideration that neither the roots nor the multi-camera system in setup

box do not move easily for external disturbances such as strong winds. Finally, the

cameras in the multi-camera system should be able to record good quality images,

that enable the segmentation algorithms to extract complete root topology of the

plant roots.

For a system with aforementioned properties, in this study, we designed the multi-

camera system with the help of Larry Matthew York [37, 38], consisting of a setup
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box, in which a plant root is suspended and images are taken from the cameras

mounted on a wooden plank inside the setup box. Multiple cameras are mounted

on a horizontal wooden plank which take images of plant root at various angles. An

extra camera is placed at the bottom of the setup box facing the ceiling so that the

camera may capture the plant root from the lower side. The cameras on the wooden

plank are placed on the plank so that these cameras form an arc, in such a way that

the cameras are equidistant from the suspended plant root and that this arc subtends

an angle of 90◦ at the suspended plant root. Each arc-segment between adjacent

cameras are equal in length and subtend equal angles at the suspended root. There

are a total of 5 cameras on the wooden plank. Throughout this study, the images from

the extra camera at the bottom were manually observed, but no image processing and

segmentation was performed due to excessive noise in the background which is present

in the ceiling of the setup box. The wooden plank on which the cameras are mounted

can be moved forwards or backwards so that the mounted cameras are at a distance

of approximately 0.61 meters (2 feet) away from the plant root. This distance is

selected based on the focal length being used in different experimentations, so that

the roots can be recorded clearer. In this study, we imaged soybean plant roots which

are sufficiently smaller than the maize roots and a distance of 0.61 meters suits for

imaging the roots so that cameras can capture smaller lateral roots. A distance bigger

than 0.61 meters may result in bigger setup box dimensions which may be difficult

to transport to the field for data collection. In case of bigger roots such as maize

roots, the cameras need to be further away from the root because the root occupies

significantly larger space in the recorded images. A distance of 0.914 meters (3 feet)

would be sufficient to image the maize roots. In the implementation for this study, we
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designed a smaller experimental setup box just to take the images for soybean roots.

In order for the data acquisition to be efficient, the setup system is closed in all faces

of the box from external lighting caused by the sunlight such as by current weather

of the day, time of the day. We isolated external lighting in our implementation by

closing all the faces of the setup box with wooden planks. We painted the wooden

plank that covers the background with light blue color and placed 4 daylight colored

bulbs facing opposite of the background in the experimental setup box, so that the

light gets diffused by the time it reaches the background. This makes sure that the

shadows due to the lighting inside the box is minimized. The front open face of the

setup box is closed with a white shower fabric which can diffuse the light inside the

setup box in all directions inside the box. The use of fabric to close the front face of

the setup box allows us to turn on the cameras, adjust them properly before starting

the data collection process.

All the cameras are powered by a generator in the field. The power is fed through

AC to DC adaptors for each camera instead of batteries. This allows the cameras

to work the whole day long without having to replace the batteries. All the cameras

are also connected to a USB hub which is in turn connected to a PC. A special

software is installed on the SD cards of the cameras called Canon Hacker Development

Kit (CHDK). CHDK allows us to programmatically control the camera functions by

sending commands from USB using Picture Transfer Protocol (PTP). The commands

include changing the optical zoom, aperture, exposure time, ISO speed, taking images

of the plant root and downloading the images to the PC from the USB connection. A

client program called chdkptp [39] allows us to send commands to the canon cameras

that have CHDK installed on their SD cards. For information on how to install CHDK
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on Canon cameras and control the cameras using the client program, please refer to

Appendix A. In our implementation for camera control, of all the 6 cameras (5 on the

wooden plank and one at the bottom of the setup box) we have used 3 Canon G1X

cameras and 3 Canon S110 cameras. Each camera is given a unique number and is

placed at a specific position in the setup box so that whenever we refer to the camera

number we get an idea as to which angle the image is taken at. For example, we

have selected the camera at the bottom is the camera number 1. All the Canon G1X

cameras have numbers from 1 to 3 and all the Canon S110 cameras have numbers

from 4 to 6. In our implementation, when we are looking at the front side of the setup

box, we have selected the cameras from left to right to have the following numbers

4, 2, 5, 3, 6. This order is selected because we want different camera models to take

images from different angles. Canon G1X cameras are more robust in image quality

and hence a G1X camera is placed at the bottom of the setup box. The Canon S110

cameras are placed at the middle and at either ends, so that we can compare visually

the images at different angles because these images come from cameras with same

image sensors.

We want the multi-camera setup system to contain all the cameras which are

sufficiently far away from the suspended plant root and at the same time we need

to make sure the setup box is compact enough for us to easily transport to the field

for data collection. For this we need to determine the minimum width of the setup

box which is also the length of the wooden plank on which the cameras are mounted.

Since, the cameras are placed in an arc we also need to determine the width of the

wooden plank so as to place the cameras. In other words, we need to determine the

dimensions of the setup box. The following section describes it in detail.
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3.1 Dimensions of Experimental Setup Box

The following Figure 3.1 shows the top view of the setup box. The plant root is

held at the vertex R and the five cameras are placed along the arc from A through B,

equidistant from the corresponding adjacent cameras. All the cameras are equidistant

from the root R.

AR = CR = DR = ER = BR = d (3.1)

The total width of the setup box is given by the line segment AB. Our goal is to

find the width (w) of the setup box, given the distance from the cameras to the root

(d). Since, the cameras are equidistant from the root and from the adjacent cameras,

we have

∠ARC = ∠CRD = ∠DRE = ∠ERB = θ (3.2)

Also, since

∠ARD = ∠ARO = 2θ (3.3)

we have from Figure 3.1,

ARsin(2θ) = AO (3.4)

Since AR is the camera distance from the root, AR = d. Hence,
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Figure 3.1: Top view of the camera setup box.

AO = d sin(2θ)

or AB = 2AO = 2d sin(2θ)

(3.5)

Hence, total width f the box should be 2 sin(2θ) times the distance between the

root and the cameras. Since, in this study, we are implementing the setup box to

image soybean plant roots, the distance between the cameras and the root is 0.61

meters would be sufficient. Also, since the arc of the cameras subtend 90 deg at the

root and the cameras are equidistant from each other, we have θ = 22.5 deg. If the

distance between the cameras and the root is 0.61 meters, then AB = 0.862 meters.

If instead we want to increase the camera to root distance to 0.914 meters to image
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large maize roots and keeping the same angle θ = 22.5 deg, then the width is AB =

1.293 meters.

The following equations provide the distance of each camera to the line segment

IL (marked in red color) in Figure 3.1 and the distance of each camera from the line

segment RD. We have

ID = LD = ARsin(2θ) = d sin(2θ) (3.6)

IA = LB = AR− ARcos(2θ) = d− d cos(2θ) (3.7)

JD = KD = CRsin(θ) = d sin(θ) (3.8)

JC = KE = CR− CRcos(2θ) = d− d cos(θ) (3.9)

In case of imaging soybean plant roots, we select d = 0.61 meters and θ = 22.5 deg,

then the distances above are

ID = LD = 0.431 meters (3.10)

IA = LB = 0.179 meters (3.11)

JD = KD = 0.233 meters (3.12)
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JC = KE = 0.046 meters (3.13)

If instead we wanted to image maize roots, we select d = 0.914 meters, and

θ = 22.5 deg, then the distances above are

ID = LD = 0.647 meters (3.14)

IA = LB = 0.268 meters (3.15)

JD = KD = 0.350 meters (3.16)

JC = KE = 0.070 meters (3.17)

The calculation of experimental setup box dimensions for maize roots are given

here so that we have a idea of how that size of the experimental setup box changes

when larger roots are to imaged. Throughout out this study, we implemented and

used the setup box designed for imaging soybean plant roots. The final setup box for

imaging the soybean plant roots is shown in the Figure 3.2. The images of one plant

root taken by all the cameras in the same order as shown from left to right in the

3.2a is shown in the Figure 3.3.
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(a) Setup box interior as seen from the
open front face.

(b) Setup box interior as seen from the
opening used to replace plant roots after
imaging.

Figure 3.2: The interior of experimental setup box

(a) Camera 1 (b) Camera 2 (c) Camera 3

(d) Camera 4 (e) Camera 5

Figure 3.3: Sample images from each of the cameras shown in Figure 3.2a from left
to right.
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Chapter 4

Image Segmentation

Image segmentation is needed for acquiring information on the plant root pixels lo-

cated in the image. The images are first cropped so that it contains only background

and the plant root pixels before performing segmentation. This involves cropping the

clip or pipe used to clamp the plant root at the time of imaging. The images pro-

duced as the output of the segmentation further help in extracting variety of features.

In this study, we implemented two methods, tested and compared for efficient seg-

mentation. The first method involves preprocessing the input image and passing the

preprocessed RGB pixels to the Relevance Vector Machine (RVM) classifier [40, 36].

The training data was kept the same for all the images that were collected.

In the second method, the segmentation is performed using Expectation Maxi-

mization (EM) algorithm [11, 36], by modeling the pixels as originating from two

3D gaussian distributions. One gaussian distribution models background (blue color)

pixels whereas the other distribution models the plant root pixels. The image does

not undergo any preprocessing before running the EM algorithm. Figure 4.1 shows
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various stages in the segmentation procedure. The original image is passed to the

EM algorithm to generate a basic segmented image (Figure 4.1b). This intermediate

output contains a lot of background pixels miss-classified as foreground pixels. This

is due to the noise content in the image, which makes the variance in the red, green

and blue pixel values higher leading to classifying a dark blue pixel to be classified as

plant root pixel. This problem may be fixed by removing miss-classified root pixels

using connected component analysis. Hence in the next step, we select the largest

connected component from the intermediate segmentation and save it as the final

segmentation output.

We implemented the EM algorithm in C/C++ that can accelerate the algorithm

on NVIDIA GPUs with Compute Capability 3.0 or higher. On systems that do not

have NVIDIA GPUs, the program can parallelize the algorithm on multi-core CPUs

using pthreads. The CPUs must have support for Intel’s Advanced Vector Extensions

2.0 (AVX2) and Fused Multiply and Add (FMA) instruction sets for the program to

run. On a typical quad-core CPU, the program takes 25 seconds to segment a 4000

x 3000 pixel image. Whereas on GPU, the program takes just 10 seconds to segment

the same image.

Unlike most of the earlier work which threshold the image to separate root pixels

from background, we use EM algorithm as it auto-tunes the parameters based on the

image taken during different lighting conditions. The following sub-sections describe

in detail, the need for using a non-linear background separation techniques, these two

methods of segmentation step-by-step and also discusses advantages of EM based

segmentation over the supervised RVM segmentation.
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(a) Original Image

(b) Segmented Image showing largest connected component.

(c) Largest connected component

Figure 4.1: Image segmentation procedure
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4.1 Need for Non-Linear Background Subtraction

The Figure 4.2b shows the DIRT segementation [3] output for the image shown in

Figure 4.1a. The image is first converted to grayscale image (shown in Figure 4.2a)

before passing it to DIRT program. The DIRT segmentation procedure separates

the background by using Otsu’s thresholding. This method of thresholding may not

work because the image is converted to grayscale from the color image which mixes

the intensity values across all the channels. Otsu’s thresholding essentially finds a

threshold that separates two classes so that the between class variance is maximized

while minimizing the within class variance. EM, on the other hand, maximizes the

combined likelihood for samples from both foreground (root) and the background.

Also, RVM makes a probability map of the two classes using the training data by

drawing a non-linear surface in the 3-dimensional feature space (red, green and blue).

Both the algorithms work multivariate data. A scatter plot of the root and the non-

root pixels of the input image shown in Figure 4.1a can be seen in the Figure 4.3. The

scatter plot shows that the background pixels have higher intensity of blue channel

compared to other channels. We also observe that the variance of the non-root pixels

are smaller than the variance of the root pixels in all the color channels, which meets

our expectation. This is because we chose a single blue background color to be able

to easily identify root from non-root in the image. The variance of root pixels in all

the color channels is high because several portions of the root can have light brown,

brown and dark brown pixel intensities. Further, when we observe a tiny root with

its background blue in color, the root pixels of the tiny root are also in blue color,

but darker. This is due to the fact that the light reflecting from the background was

bent near the tiny root, which makes it look in dark blue in color.
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(a) Color inverted grayscale image passed as input to DIRT system

(b) DIRT segmented image output.

Figure 4.2: Dirt Output

24



Figure 4.3: Scatter plot of pixel intensities. The blue dots represent the root pixels
in the RGB colorspace. The orange dots represent the background pixels.

4.2 Segmenting Images by RVM

In this study, we used Relevance Vector Machine (RVM) [40, 36] for regression to

segment the image into foreground and background. RVM algorithm involves com-

puting posterior probabilities for each of the input pixel of the entire pixels from the

input image. This section describes in detail, the RVM algorithm followed by the
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implementation details that consist of preprocessing the image followed by classifica-

tion using trained RVM classifier. We also discuss the problems involved in using this

algorithm over large set of plant images, that led us to select a different approach to

segmentation - EM algorithm.

The RVM algorithm for regression finds the parameters of the following linear

function

y(x) =
N∑
i=1

wTi φ(xi) + b = wTφ(x) + b (4.1)

φ is the non-linear basis function, wi is the coefficient in the linear model for each

φ(xi) and b is the bias parameter. The basis functions are specified in the form of

kernel functions K to express the inner product of the samples in the function space

given by the design functions. The linear model now becomes

y(x) =
N∑
i=1

wTi k(x,xi) + b (4.2)

The total number of parameters including bias b is M = N + 1. In this study,

we used the Gaussian Radial Basis Function (RBF) kernel as the kernel function for

training the RVM classifier. The kernel is given by

k(x,xi) = exp

(
−||x− xi||2

2σ2

)
(4.3)

The conditional distribution of obtaining a target value t for a given input data,

the weight coefficients wi and the noise precision β is modeled as follows

p(t|x,w, β) = N (t|y(x), β−1)) (4.4)
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The X denotes the set of N input observations. The likelihood is given by

p(t|X,w, β) =
N∏
i=1

N (t|y(x), β−1)) (4.5)

We also define a hyperparameter αi for each parameter wi that denotes the pre-

cision in the prior distribution given below.

p(w|α) =
M∏
i=1

N (wi|0, α−1
i )) (4.6)

Thus, the posterior distribution for coefficients of the linear model is given by

p(w|t,X,α, β) = N (w|m,Σ)) (4.7)

where the mean m and the covariance Σ are given by

m = βΣΦTΦ (4.8)

Σ =
(
A + βΦTΦ

)−1
(4.9)

where A is a matrix that contains αi along the diagonal. The hyperparameters αi

and β are updated using the following equations

αnewi =
γi
m2
i

(4.10)

(βnew)−1 =
‖t−Φm‖
N − Σiγi

(4.11)

where γi = 1 − αiΣii. The algorithm starts with initializing α and β with 0.5

in the implementation. It then computes the mean m and the covariance Σ using
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the equations 4.8 and 4.9 followed by recalculation of hyperparameters uaing the

equations 4.10 and 4.11. After some iterations, many αi values tend towards infinity

and their corresponding wi coefficients tend towards zero. The remaining set of αi

values tend towards zero and the corresponding wi coefficients tend towards non-zero

values. The training samples corresponding to these non-zero coefficients are stored

as relevance vectors. The algorithm 1 summarizes the steps used in training the RVM

classifier.

Having computed the αfinal and βfinal values along with the parameters wfinal

for the relevance vectors, we now use the equation 4.2 to obtain the target variable

for the new test variable x. The bias parameter is present in the wfinal, that was

already determined in the training algorithm. The variable xi in the equation 4.2 is

the set of the relevance vectors that was obtained earlier in the process of training.

Algorithm 1 RVM Training Algorithm

Require: Training set X = {Xn|1 ≤ n ≤ N}, where N is the number of training
samples and the corresponding target set t = {tn}
α← 0.5
β ← 0.5
while maximum iterations is not reached do

m← βΣΦTΦ

Σ←
(
A + βΦTΦ

)−1

γi ← 1− αiΣii

αnewi ← γi
m2

i

(βnew)−1 ← ‖t−Φm‖
N−Σiγi

Stop updating the parameters and hyperparameters for those samples having
αnewi values greater than 10000.

end while
αfinal ← α
βfinal ← β
wfinal ← w
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4.2.1 Preprocessing the Image

Individual color channels of the input image are taken separately and for each color

channel, contrast enhancement, gamma correction and brightness correction is applied

in order, so that the entire range of the color channel is used in the preprocessed image.

The gamma correction is applied so that the background non-root pixels become more

blue in color so that they can be classified easily using a learned classifier. The color

channel images are now subjected to image sharpening. Image sharpening involves

adding a fraction of the difference between the original channel and its smoothed

image to the original channel. Here, the fraction of the difference is denoted as the

amount of sharpness for the image. As most of the root can be identified using blue

channel image, sharpening is performed at a greater amount for the blue channel,

moderate amount for green channel and minimal amount for red channel. To further

reduce the variation in the background pixels, each color channel is then subjected

to Local Contrast Enhancement (LCE) [41, 42]. These stages of the preprocessing is

shown step-by-step in the Figures 4.5, 4.6, 4.7, 4.8, 4.9 and 4.10.

4.2.2 Segmentation Output

The image preprocessing is a computationally intensive task involving lots of pixel

operations. Hence, running RVM classification for each pixel after the image pre-

processing involves takes even larger amounts of processing time. Hence, we identify

common parts of the root image which, we are sure, are not a part of plant root. This

involves blue background, green beans (some plant root images may contain shoot

system), pink clip (used to clamp the root to a metallic bar for imaging or mark the

root) and dark brown colored glove (In 2014, earlier plant root images were taken
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(a) Red channel (b) Green channel

(c) Blue channel

Figure 4.4: Original image channels

(a) Red channel contrast stretched (b) Green channel contrast stretched

(c) Blue channel contrast stretched

Figure 4.5: Image channels after contrast stretching
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(a) Red channel gamma corrected (b) Green channel gamma corrected

(c) Blue channel gamma corrected

Figure 4.6: Image channels after gamma correction

(a) Red channel brightness corrected (b) Green channel brightness corrected

(c) Blue channel brightness corrected

Figure 4.7: Image channels after gamma and brightness correction
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(a) Red channel sharpened (b) Green channel sharpened

(c) Blue channel sharpened

Figure 4.8: Image channels after gamma, brightness correction and sharpening

manually in open air by handling the root with gloves at the time of imaging). These

portions are identified by applying a high threshold at specific locations of the image.

For example, green beans always come at the top of the image before the plant root.

After these portions are removed, we are left with few thousands of pixels that can

be easily passed for RVM classification. The results from the RVM classifier are then

combined with the manually removed image portions to construct the final segmented

image. The RVM segmented output is shown in the Figure 4.11.

Problems for using RVM as a reliable classifier involves collection of data for

training the algorithm. That is because, the RVM classifier is a supervised learning

algorithm. For example, consider the image shown in the Figure 4.12. When we

train the RVM classifier using the pixels from original image in the Figure 4.1, and

then use it to classify pixels from the image having poor lighting, it may result in
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(a) Red channel local contrast enhanced (b) Green channel local contrast enhanced

(c) Blue channel local contrast enhanced

Figure 4.9: Image channels after gamma, brightness correction, sharpening and local
contrast enhancing

the majority of the image to be classified as root pixels. Hence, we need to take

the training data from multiple images having multiple background lighting condi-

tions. Even though we get diverse training data from various images, we may still

find problems in classification. This may be caused due to unbalance in the training

data, as majority of pixels in the image are background pixels. Hence, we first per-

form computationally intensive preprocessing to achieve maximum class separation

between root and non-root portions of the image. This further leads us to setting

different parameters for image preprocessing, which may have to be changed from one

input image to another depending upon the lighting conditions, weather on the day

(sunny or cloudy). Hence, using this process involves hard manual labor of carefully

collecting the training data, setting up parameters that work in general for all images

for preprocessing the image. RVM segmentation is implemented in MATLAB and it
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(a) Original RGB image (b) Contrast and Gamma corrected im-
age

(c) Sharpened image (d) Local contrast enhanced

Figure 4.10: Image channels after gamma, brightness correction, sharpening and local
contrast enhancing

takes about 1 minute 15 seconds to perform the pre-processing and RVM classifica-

tion to generate the segmented image. In order to remove these laborious processes,

we now discuss EM algorithm based segmentation.

4.3 Segmenting Images by EM

Expectation-Maximization [11, 36] is an iterative procedure for finding maximum a

posteriori (MAP) estimate of parameters for mixture distributions. The pixel values

in the input image are taken as 3-dimensional data points that is coming from a

mixture of two gaussian distributions, one each for root and non-root pixels. The
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(a) RVM segmented image

(b) Largest Connected Component of RVM Segmented image

Figure 4.11: RVM Output

EM algorithm finds the parameters of the Gaussian mixture model by maximizing

iteratively the likelihood function of the given data samples (X). Using the notation

of µ as the mean vectors, Σ as the covariance matrices and π as the prior probabilities

for all the mixtures in the data samples, we now write the log likelihood function.

ln p (X|µ,Σ,π) =
N∑
i=1

ln

{
M∑
j=1

πjN (xi|µj,Σj)

}
(4.12)
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Figure 4.12: Input image with dark lighting conditions

The E-step involves computation of the sum of conditional probabilities of a sam-

ple belonging to a mixture component given the sample.

γi,j =
πjN (xi|µj,Σj)∑M
k=1 πkN (xi|µk,Σk)

(4.13)

N is the number of samples in the dataset and M is the number of mixture com-

ponents. Having computed the membership probabilities γi,j, the M-step reestimates

the parameters using the following equations.
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(4.14)

where Nj is given by

Nj =
N∑
i=1

γi,j (4.15)

The algorithm is initialized using suitable values for the parameters of the mixture

model, and then iteratively updated using the equations above until the parameters

do not change or maximum number of iterations are reached.

When segmenting the plant root images, each pixel consisting of the red, green

and blue color components, constitutes a data sample in the dataset.

4.3.1 Initialization using Histograms

Running the EM algorithm by randomly initializing the parameters often results in

undesirable segmentation results. This is because, the percentage of root pixels are

significantly lower than the background pixels. In that case, the EM algorithm may

just separate the background pixels into brighter pixels and darker pixels as shown

in Figure 4.13. The root pixels may be classified as brighter or darker based on their

pixel intensities. Hence, we find better results in segmentation when the algorithm is

initialized using the peaks of the histograms in the color channels. An example may

be illustrated using the histograms as following. The histograms of the color channels
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of the original image (Figure 4.1a) is shown in the Figure 4.14. The magnified version

of histograms (Figure 4.15) is shown to highlight a small but wide peak to the left

of the peak in red channel seen in the Figure 4.14. This peak corresponds to the

plant root pixels. Depending on the lighting at the time of capturing the images,

we find similar peaks in green and blue channels for other images. We observe that

these peaks are so small that these are hard to find compared to other peaks that are

located near to the global peaks of the histograms. This results in the EM algorithm

to not recognize the root pixel cluster and instead segment the image into two parts

depending on the lighting of the image in various parts of the image as shown in

the Figure 4.13. Hence, in order to identify the peaks in the histograms, we need

to smooth the histograms. The histograms are first smoothed using a median filter

using a window size of 5 elements. This used to remove any sudden spikes or valleys

in the histograms. The histograms are then smoothed with a gaussian filter using a

larger window size of 11 elements. A larger window is used in latter case because we

want to smooth out the peaks that are nearby each other so that the tiny peaks due

to the presence of root pixels may be identified. The window sizes for smoothing are

selected such that the major peaks in the histogram would be identified as a tall peak

formed due to background and a short peak formed due to root.

Once, the histograms are smoothed, we find the peaks of the histograms. We

expect to have a minimum of two peaks (one for each background and the root

pixels) from the histograms of each color channel. The locations of the tall peaks

for histograms in all the three channels are used for initializing the mean for the

background cluster. The locations of the shorter peaks are used for initializing the

mean for the root pixel cluster. Sometimes, the shorter peak for the root pixels may
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not be identified because the peak may be smoothed out. If only one peak is present,

we assume that the peak corresponds to the background pixels and we initialize the

mean of the root pixels to be 0.05 (in the color range from 0 to 1). Sometimes,

the input image is so dark that a majority of pixels may have the same value. In

such a case, after smoothing the histogram with the median filter, the histogram

almost looks flat. Hence, the histogram may not have a peak at all. In that case,

the means for each color channel are initialized to be 0.25 and 0.75 for root pixels

and the background pixels respectively (in the color range from 0 to 1). The EM

segmented image for the original image 4.1a is shown in the Figure 4.16. Out of

thousands of images segmented , some images still get badly segmented because of

smooth variation in lighting when images were taken at extreme angles at either end

of the experimental setup box. Such smooth variation leads to two large peaks in

the histograms, which make the algorithm not recognize the root at all. Then the

images were manually edited such that one of the peaks of the histogram is increased

and the other decreased by copying some pixels in one peak to other pixels in other

peak. That way the smaller peak is smoothed out allowing the algorithm to get the

plant root structure. The Figure 4.17 show the EM segmented images for the sample

images of the same root taken from the 5 cameras shown in the Figure 3.3. The

images were cropped before performing the segmentation.

4.4 Advantages of EM algorithm Over RVM

One of the important reasons why RVM algorithm could fail is that since RVM is a

supervised learning algorithm, we need to feed the algorithm with sufficiently large
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(a) Original image (b) Segmented image

Figure 4.13: Poor segmentation by EM algorithm due to random initialization

(a) Red channel histogram (b) Green channel histogram (c) Blue channel histogram

Figure 4.14: Histograms of color channels

training set. That includes pixel intensities in all the color channels from the images

that are taken at different lighting conditions. Even though we provide a large training

set, the algorithm may not work some images just because the pixels for that lighting

condition were not trained ’sufficiently’. This makes us heavily rely on preprocess-

ing methods such as contrast enhancement, gamma correction, image sharpening.

Further, this adds to the computational processing needed to segment the image.

Segmenting an image using RVM (MATLAB implementation) discussed in the study

takes about 90 seconds whereas segmenting using EM (MATLAB implementation)

takes 50 seconds. When EM is implemented in C++ with CPU threading and using

Intel’s AVX2 and FMA vector processing instruction sets, the program drammatically

reduces the segmentation time to 25 seconds. Also, in this study, we implemented EM
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(a) Magnified red channel histogram (b) Magnified green channel histogram

(c) Magnified blue channel histogram

Figure 4.15: Magnified histograms of color channels

Figure 4.16: Segmentation output of EM algorithm
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(a) Camera 1 (b) Camera 2 (c) Camera 3

(d) Camera 4 (e) Camera 5

Figure 4.17: Segmented images of sample images shown in the Figure 3.3.

algorithm to utilize NVIDIA GPUs, which can further reduce the segmentation time

to 10 seconds. This makes EM algorithm suitable for high-throughput phenotyping

system.
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Chapter 5

Feature extraction

The feature extraction procedure involves performing operations on the segmented

image to extract a set of phenotypic traits to be used for statistical analysis later.

Before extracting features from a segmented image, we first crop the segmented image

so that the image does not contain any blank rows or columns (that is without plant

root). Throughout this chapter use the following naming convention to describe the

features being extracted. The original image is denoted by I, the cropped segmented

image is denoted by S, the skeletonized image is denoted by T and the image con-

taining the perimeter of the segmented image is denoted by P . All the three images

S, T and P are binary images. A subscript of i, j denotes the pixel at ith row and jth

column. The segmented image shown in the Figure 4.16 was skeletonized using the

MATLAB function bwmorph() to generate the image shown in the Figure 5.1. The

image containing the perimeter P of the image S is shown in the Figure 5.2. The

following sections describe each feature traits extracted in detail.
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(a) Skeletonized image (b) Magnified skeletonized
image for the rectangular
portion.

Figure 5.1: Skeletonized Image and a magnified portion of the skeletonized image

5.1 Median and maximum number of roots

We count the number of roots by performing horizontal line scans from left to right in

each row through the segmented image S. In each of the line scan, we check if there is

a pixel value transition from the previous pixel value Si,j−1 to the current pixel value

Si,j. If the current pixel value changes from 0 to 1, we note that a root is present.

This can be done efficiently by subtracting the segmented image that is right shifted

to a pixel from the original segmented image. The resulting image contains the pixel

locations that have the pixel transitions either from 0 to 1 or viceversa. The pixel

transitions from 0 to 1 are marked with a value of 1 in the subtracted image, whereas

the pixel transitions from 1 to 0 are marked with a value of -1. This procedure is shown
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(a) Pixels showing perimeter of the segmented image S. (b) Rectangular portion
magnified showing the
perimeter of the segmented
portion of crown root..

Figure 5.2: Perimeter of the segmented image

mathematically as follows. Let S1 denote the right-shifted segmented image made by

prepending a column of zeros to the segmented image. Let S2 denote the original

segmented image appended by the column of zeros so as to make the dimensions of

the images equal when subtracting. Then image containing pixel transitions are given

by

St = S2 − S1 (5.1)

The image containing only the pixel transitions from zero to one are given by
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S01 = (St + 1)/2 (5.2)

We can now add all the elements of the rows in S01 transition image to get a

depth-wise profile of the number of roots denoted Sp. Sp is a vector containing the

number of roots in each row as we go from the top to bottom part of the root. This

profile gives a lot of information on how the root propagates as the depth increases.

For this study, we extract to important traits from the profile. Given the list of the

number of roots in every image row of the segmented image, we now sort these values

and compute median and maximum number of roots. We still need to be cautious

when measuring these traits. This is because when cutting the root part from the

stem part, the root is not always cut at the same distance from the center of the root.

This may lead to bad results in the statistical analysis. For example, when digging

the roots from the soil, if the root is cut at higher altitude, then the image may have

more stem part. Hence, the resulting profile of the number of roots Sp will have

smaller root count for majority of elements, which may skew the median number of

roots. Future studies include depth invariant features from this profile such as trying

to fit a graph from the profile and use its coefficients as traits or merely threshold the

Sp vector removing smaller root counts and take median for the rest of the elements

in the vector.

5.2 Total root length

Total root length is computed by counting the total number of pixels in the skele-

tonized image T .
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5.3 Depth, maximum width and width-to-depth

ratio

The length of the profile vector Sp is taken as the depth of the plant root. Since,

all the empty rows and empty columns of the segmented image were cropped before

extracting the features, we can also take the height of the segmented image as the

depth of the plant root. The width of the segmented image can be taken as the trait

value for maximum width. The trait values for both depth and maximum width can

be obtained by getting the dimensions of the segmented image in MATLAB using

size() function. The ratio of maximum width to the depth of the image is noted as

width-to-depth ratio.

5.4 Network area, convex area and solidity

Network area is the total number of pixels in the segmented image S. This may

be determined summing the pixel values of all the pixels of the image S. This is

mathematically expressed as

network area =
M∑
i=1

N∑
j=1

Si,j (5.3)

The M and N denotes the number of rows and columns of the image respectively.

The convex hull of a geometric shape is minimal sized convex polygon that can contain

the shape. In case of the segmented image S, the convex hull image is obtained using

the bwconvhull() MATLAB function. The convexhull image for the segmented image

S in shown in the Figure 5.3.
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Figure 5.3: Convex hull polygon that contains the segmented image.

The convex area is the sum of the pixel values of the binary convex hull image C.

This is given by the following expression

convex area =
M∑
i=1

N∑
j=1

Ci,j (5.4)

The ratio of network area and the convex area is noted as the solidity.

5.5 Perimeter

Perimeter is the count of total number of pixels in the perimeter image P . The image

of the perimeter is obtained by the bwperim() MATLAB function. The perimeter is

expressed by the following expression
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perimeter =
M∑
i=1

N∑
j=1

Pi,j (5.5)

5.6 Average and maximum radius

Given the segmented image S, for each pixel on the plant root, we compute the

nearest distance to a non-root pixel. We obtain a distance map denoted by D. Since,

the skeletal image T is an image of zeros and ones, when we perform an element-by-

element multiplication with D, we are left with the nearest distances to the non-root

pixels from the medial axis pixels. In other words, we now have, the radius of plant

root at every location. We take the list of radii and compute average, which is the

average radius trait. The maximum value of the radii is noted as maximum radius

trait.

5.7 Volume and surface area

Since, we now know the radius at every medial axis pixel, we can compute the cross-

sectional area and perimeter of the root at a particular root location. The sum of

all cross-sectional areas across all the medial axis pixels are noted as volume and the

sum of the perimeter across all the the medial axis pixels are noted as surface area.
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5.8 Lower root area

For every medial axis pixel, we know radius. Hence, we can find the location of the

medial axis pixel which has the maximum radius. The lower root area is the area

of the segmented image pixels that are located below the location of the medial axis

pixel, that has the maximum radius. In other words, lower root area is the network

area under the medial axis pixel having maximum radius.

5.9 Holes

Holes are the disconnected background components. They can be counted by inverting

the segmented image S and performing connected component analysis. The connected

component analysis is performed in MATLAB using the function bwconncomp(). we

hypothesize that the number of holes correspond to the complexity of the plant root

topology. As the root branches are more spread, the background pixels are further

divided.

5.10 Histogram of radii at medial axis pixels

Since, we have the list of radii values at every medial axis pixel, we compute a

histogram of 10 bins on these values. These bins are equally spaced and are same

from each image to image. This makes us compare the histogram values between two

segmented images. This histogram provides an insight into the root system and tells

if the root system predominantly contains tinier roots or larger roots.
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5.11 Histogram of orientations on the medial axis

Given the skeletal image T , for every pixel in the medial axis, we get the locations of

the medial axis pixels in a 20x20 pixel locality and determine the orientation of these

pixels in the locality. This orientation is noted for every medial axis pixel. Given

these orientations, we compute the histogram of 6 bins. This histogram vector is

reported as the extracted traits. This histogram of orientations give an idea of how

spread the root system is. For example, if a majority of root pixels have a horizontal

orientation, the root system is spread horizontally. This also means that the root has

greater maximum width and greater width-to-depth ratio.

5.12 PCA components of histograms of radii and

orientations

Sometimes, performing correlation analysis with the bins of histograms may not give

good results as the radius and orientation changes from location to location in the

same plant root. Hence, correlation may give a better result when the manually

extracted features are compared with the projections of histogram vectors having

highest variance. Hence, after extracting all the traits from all the plant roots, we

run PCA separately on the histogram vectors from each camera. From the output of

the PCA, we take scores from 3 most dominant directions, both for radii histograms

and for the orientation histograms. We use these dominant directions in correlating

manual features in the experiments.
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5.13 Computational time

Although the high-throughput multi-camera phenotyping system is much faster com-

pared to previous methods, we also extract the computational time required for every

plant root image from each camera to extract all the feature traits. This time can

also be regarded as an important trait as more the complexity of the root, more is

the time taken to extract the traits.

5.14 Manually extracted feature traits

This section describes the manually feature traits extracted plant science group. This

group extracted the following traits.

• Stem diameter (SD) It is the diameter of the stem that connects the root

and shoot part of the plant.

• Tap Root Diameter (TR) It is the diameter of the main root of the plant

root.

• Overall complexity (OC) Overall complexity is a complexity score assigned

to a plant root by looking at the root. Several observations were made while

looking at the root before assigning the complexity score such as the size of the

root, number of lateral roots present in the root system, width of the root. The

complexity scores are an integer rating between 1 and 5, 1 means very simple

root and 5 means very complex root. The examples of different complexities

are shown in Figure 5.4.
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• Number of upper roots (NUR) Number of lateral roots that branch away

from the main root from the starting of the plant root to the center of the plant

root.

• Lateral root density upper (LRDU) Number of upper lateral roots divided

by the length of the starting of the root to the center of the root.

• Root angles of the upper lateral roots Five dominant angles are selected

in all of the lateral roots at the starting of the root and are reported as traits.

Sometimes the lateral roots may be lesser than 5. Then the remaining angles

are noted as missing data. When performing correlation analysis with these

angles, we compute mean and median angles of the upper lateral roots. These

are denoted as MEan of Upper Angles (MEUA) and MeDian of Upper Angles

(MDUA).

• Number of lower roots (NLR) Number of lateral roots that branch away

from the main root from the center of the plant root to the end of the main

root.

• Lateral root density lower (LRDL) Number of lower lateral roots divided

by the length of the center of the plant root to the end of the main root.

• Root angles of the lower lateral roots Five dominant angles are selected in

all of the lateral roots at the lower part of the root and are reported as traits.

Sometimes the lateral roots may be lesser than 5. Then the remaining angles

are noted as missing data. When performing correlation analysis with these

angles, we compute mean and median angles of the lower lateral roots. These
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(a) Overall complexity 1 (b) Overall complexity 2 (c) Overall complexity 3

(d) Overall complexity 4 (e) Overall complexity 5

Figure 5.4: Sample images from each of the camera 5 (front facing) with increasing
overall complexity from left to right.

are denoted as MEan of Lower Angles (MELA) and MeDian of Lower Angles

(MDLA).

5.15 Merging feature traits from all the cameras

From the images shown in the Figure 3.3, traits such as maximum width, maximum

number of roots change as we look at the same plant root from different perspectives.

Another example is that a plant root may have lesser width when viewed from one

angle and large width when viewed from another angle. Such a plant root may

approximately be in a plane. In such a case, the extracted traits from some images

do not correlate well with the manually extracted traits. To address this problem, we

have come up with merging the features extracted from all the cameras by taking mean
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of all the traits extracted across all the cameras. Correlation analysis is performed on

these merged features and the results are compared with the features from individual

cameras.

When collecting data from multiple cameras, all the Canon G1X cameras were set

to a focal length 35.208 mm and all S110 cameras were set to a focal length of 13.586

mm. Since, these cameras were operated in different focal lengths, the size of the

plant root recorded in the image may be different. Further, the sensor sizes of these

cameras are different. Hence, the extracted features may also be different, which

would make us difficult to directly take mean of the features from all the cameras.

In order to compare the sizes of the plant root in images from different cameras, we

convert the focal lengths for different image sensors [43, 44] to 35 mm equivalent focal

lengths [45]. The length of the diagonal of the image sensor in Canon G1X is known

to be 23.36 mm ([43]), whereas that of Canon S110 camera is known to be 9.3 mm

([44]). The 35 mm equivalent focal length is given by the following equation.

f35 = 43.3
f

d
(5.6)

where f is the focal length of the camera, d is the diagonal of the camera image

sensor. Both f and d are measured in millimeters. the value 43.3 is the length of the

image sensor of a standard 35 mm film camera.

Using this formula, the 35 mm equivalent focal length of a Canon G1X camera

operating at 35.208 mm focal length is 65.26 mm. Similarly, the 35 mm equivalent

focal length of a Canon S110 camera operating at 13.586 mm focal length is 63.26

mm. These focal lengths are very similar to each other, that the size of the plant

root taken using Canon G1X is just 1.032 times bigger than the size of the same
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Figure 5.5: Estimation of real object size from the image.

plant root taken using Canon S110. We can resize the images using this ratio, extract

the features and then merge the features. In such a case, we may not be able to

understand how big a plant root is by looking at the trait values and may even be

hard for us compare the traits from the image to manually extracted traits. Hence,

for performing the correlations of merged features and for determination of inter-

camera variances, we estimate the extracted traits of the plant root objects from the

images, in physical units. Conversion of the extracted traits to physical units also

allows us to get an idea about the size of the plant roots by looking at the traits.

In this study, we converted the digital features Total root length, Depth, Maximum

width, Network area, Convex area, Perimeter, Average radius, Volume, Surface area,

Maximum radius and Lower Root Area from pixel units to physical units (in meters).

We now describe the estimation of the physical lengths of plant roots from the images,

in detail.

Consider the Figure 5.5. The object AB is at u units away from the camera lens,

that has a focal length of f . The image is formed at v units on the camera sensor.

h is the height of the object being imaged and d is the height of the image formed
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on the image sensor. Our aim is to determine the height of the object given u, f ,

number of pixels of the object on the image n and the image sensor size s.

Using the lens formula,

1

u
+

1

v
=

1

f
(5.7)

1− u

f
= − 1

m
(5.8)

where m is called Magnification given by (v/u). Also, from the Figure 5.5, triangles

APO and CPI are similar. Hence, we have

h/2

u
=
d/2

v
(5.9)

h =
ud

v
(5.10)

h =
d

m
(5.11)

From the equations 5.8 and 5.11, we have

h = −
(

1− u

f

)
d (5.12)

h =
(u− f) d

f
(5.13)

Since, d is the height of the image on the sensor, we can find its value using the
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following calculation.

d =
(image height in pixels, ni)

(sensor height in pixels, n)
× (sensor height in physical units, hs) (5.14)

Using both the equations 5.13 and 5.14, we can determine the real height of the

object (h) for one pixel in the image, by setting ni = 1. We can then use this

predetermined value as a multiplier to the number of pixels to compute the physical

heights and widths of the image. All these calculations hold true even widths is used

in place of heights in the analysis made above. The pixels have equal height and

width. Hence, for images taken in an aspect ratio of 4:3, the number of pixels along

width is 4/3 times the number of pixels along height of the image.

We now substitute the sensor sizes, the height in pixels of the sensor sizes and the

distance of the real object from the lens of the camera to determine real height of

the object (h) for one pixel in the image. In our implementation we set the distance

from the cameras to the plant root to be 0.61 meters (or 610 mm) approximately. We

use this value as u. For Canon G1X camera, having sensor height of 14 mm, sensor

height in pixels of 3264 and operating with a focal length of 35.208 mm, the height

of the real object is given by

h =
(610 mm− 35.208 mm)

35.208 mm
× 1 pixel × 14 mm

3264 pixels
(5.15)

hg1x = 0.07 mm (5.16)

Similarly, for Canon S110 camera, having sensor height of 5.58 mm, sensor height
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in pixels of 3000 and operating with a focal length of 13.586 mm, the height of the

real object is given by

h =
(610 mm− 13.586 mm)

13.586 mm
× 1 pixel × 5.58 mm

3000 pixels
(5.17)

hs110 = 0.08 mm (5.18)

Here, hg1x and hs110 are the heights of the real objects when their image is just

one pixel size on the sensor. We can now count the pixels on the image and multiply

with these values to estimate the real lengths of the traits, such as total root length.

In case when the digital features represent area such as Network area, we multiply the

trait with either h2
g1x or h2

s110 to convert the trait value to physical units. Similarly,

for the Volume trait, we multiply the trait value with h3
g1x or h3

s110.

In order to test the accuracy of estimation of the physical lengths using sensor

sizes and focal lengths, we perform a simple experiment of estimating the size of an

object, of known size, from its image. In this experiment, we take the image of a

rectangular shape of length 212 mm and width 157 mm printed on an A4 size paper.

The physical length of the diagonal is hreal = 263.4 mm. Images of the rectangle

shape were taken from both Canon S110 and Canon G1X cameras using the same

camera parameters used for imaging the plant roots. From each of the image, we

determined the lengths of diagonals and averaged them in order to remove the effects

of unequal camera distortion along the diagonals. The average diagonal lengths of

the rectangle in pixel units from the images are given as follows.
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ni,g1x = 3666.3 pixels (5.19)

ni,s110 = 3447.6 pixels (5.20)

Using these lengths from both the cameras, and the equations 5.13 and 5.14, we

estimate the real length of the diagonal as follows.

h =
(610 mm− 35.208 mm)

35.208 mm
× 3666.3 pixels× 14 mm

3264 pixels
(5.21)

hg1x = 256.73 mm (5.22)

h =
(610 mm− 13.586 mm)

13.586 mm
× 3447.6 pixel × 5.58 mm

3000 pixels
(5.23)

hs110 = 281.5 mm (5.24)

With the real length of the diagonal in physical units known to be hreal =

263.4 mm, the accuracy of estimation of real length using the image from Canon

G1X camera is 97.32%. Similarly, the accuracy of estimation of real length using the

image from Canon S110 camera is 93.29%. These high accuracies tell us that we use

this method to reliably convert the traits from pixel units to physical units.

After converting the traits to physical units, we then proceed towards merging the

traits across all the cameras by taking means. When performing correlations between

the DIRT features with the manually extracted features, the following features were
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converted to physical units before merging the features from all the cameras: Stem

Diameter, Tip Diameter median, Tip Diameter mean,Max diameter at 90% depth,

median Width, maximum Width, D10, D20, D30, D40, D50, D60, D70, D80, D90,

spatial root distribution X, spatial root distribution Y, CPD 25, CPD 50, CPD 75,

CPD 90.
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Chapter 6

Results and Analysis

The main goal of this study is to find an efficient, faster and an automated procedure

for plant root phenotyping, requiring lesser effort. For this, we divide the experiments

into the following parts.

• Performance analysis In this experiment we compare the running time taken

at various stages of the data collection procedure. That is an average observed

time is recorded at the time of imaging the plant root, followed by time taken

to segment the image and finally extraction of the phenotypic traits features

from the segmented image. We compare the performance in speed with that of

the DIRT system.

• Correlation with the manually extracted traits It is necessary for a re-

liable phenotyping system to extract features that can be correlated with that

of the manually extracted features. In this experiment, we take the pheno-

typic traits that we extracted from the images and compare them with the
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manually extracted features using Pearson correlation. We also discuss how a

simple merge of the features from all the cameras may result in a better Pearson

correlation coefficient.

• Average standard deviation of traits across cameras Here we discuss

how traits vary between each camera.

We now describe the data collected over a period of 3 years and ran the multi-

camera high throughput phenotypic system. In 2014, a total of 6113 plant roots of

soybean were photographed. These plant roots came from 230 genotypes, where each

genotype consists of 3 plots, each plot having approximately 10 plant roots. The

photos were taken in an open air multi-camera system that is susceptible to external

lighting. The cameras were 1 meter away from the root. The background of the plant

root was chosen to be light blue cotton cloth, so that the light does not shine from

the surface and that the blue color is easier to remove from the segmentation. The

data collection process had become difficult since, the setup was placed in open air,

the background was not blue when sun rays were on the background or shadows were

formed of the background due to other objects on a day with bright day light. Also,

the presence of strong winds reduced the quality of images taken. The cameras were

programmed to use the ’Auto’ mode which automatically change various parameters

such as focal length, aperture, exposure time and ISO speed when taking photos of

plant roots. This made us even more difficult for us to process the images properly.

The only set of images that were processed for 2014 data was from the front camera

(or the camera number 5 as described in Chapter 3).

In 2015, we designed an experimental setup box with only one open side for chang-

ing the plant roots after imaging them. This time the setup box is less susceptible to
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external lighting and the cameras were programmed to use a specific set of camera

parameters. The plant roots were replaced by hooking the plant root to a metallic

strip attached to an of a plastic rod. This plastic rod is suspended on two hooks

of the ceiling of the setup box, so that the root is placed at the center of the back-

ground. This plastic rod is susceptible to movement in strong winds that blow near

the open-faced setup box. This led to significant time taken to stop the movement,

accompanied by replacement of rod from the suspension whenever we have to replace

the root, which is physically taxing. Before taking images of the plant roots, we

adjusted the position and angles of the cameras so that the cameras correctly focus

the plant root. High quality images were taken using this setup but operating the

setup box was laborious. Since, the setup box was more robust, we processed the

images from all the 5 cameras facing the background. A total of 1221 plant roots

were imaged consisting of 272 plots where each plot contains approximately 5 plants.

Of these plant roots, 198 plants were cotton roots which have similar size as that of

the soybean roots, with a simpler root system architecture and the remaining plant

roots are soybean roots.

In 2016, we closed the setup box from all sides with one side closed using a cloth.

This allowed us to check and correct the camera positions in the setup box. The

setup box now has an opening at the top-rear part on the ceiling used to replace

the roots after imaging. The lid that closes the opening has a PVC pipe of smaller

diameter so as to push the root stem inside it and hold it when taking photos from all

the cameras. This made the setup physically easier to operate and work. The time

taken to image the plants significantly improved to an imaging speed of 5 plants in 3

minutes compared to the previous year imaging speed of 5 plants in 10 minutes. In
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this year, we took a total of 1506 plant roots were imaged. These plant roots were

divided into plots where each plot consists of approximately 5 plants. We now discuss

the speed performance results at every stage of the phenotyping process.

6.1 Performance Analysis

The average imaging speeds of the high-throughput multi-camera phenotyping system

in the three year period is shown in the Table 6.1. Further, these speeds can also

be compared to the imaging speed of the REST system [1]. The initially designed

setup system was very fast as it was just enough for us to hold the plant by hand

while another person sends commands to the cameras to image the plant root. The

replacing the root was also much faster as we did not have to remove the clamp to

which the root is attached. While the initial system was fast, several problems can

be observed regarding the quality of the images. Firstly, the images taken in 2014

contained lot of noise and unwanted objects in the background with colors other

than light blue. These objects were hard to remove often requiring manual editing

of images. Also since the roots were held by us while imaging, we may position

the root at a different height, which leads to the plant root going out of focus of the

cameras.Additionally, since the cameras were operated in automatic mode, we did not

control the focal length, aperture, exposure time and ISO speed. Thus the images

did not have good clarity and often resulted in bad segmentations which required us

to manually edit the images to extract the root segmentations.

With the design of the experimental setup box in 2015, we made the system less

susceptible to external lighting and the cameras were operated at a specific focal
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Table 6.1: Speed of imaging the plant roots over the three year period and the REST
system [1]. Higher is better.

Imaging Method Average imaging speed
(#plant roots/minute)

Experimental setup system as of 2014 2.4
Experimental setup system as of 2015 0.6
Experimental setup system as of 2016 1.2
REST Imaging System 1.5

lengths of 35 mm for Canon G1X cameras and 13.6 mm for Canon S110 cameras.

The aperture was set to f/8.0 and the ISO speed was set at 800 for all the cameras,

the exposure time was set to 1/40 seconds for Canon G1X cameras ans 1/100 seconds

for Canon S110 cameras. This made the image quality very good compared to the

image data collected in 2014. Since, the plant roots were replaced after imaging using

a plastic rod, it took a lot of time to replace the root. This explains the marked drop

in the imaging speed in 2015. The image quality however is good leading to better

segmented images and more reliable features traits.

The problems of the setup system in 2015 were fixed in 2016. We now have an

opening at the top rear part of the setup box used for replacing the roots. Also, this

time the roots were clamped at equal heights which enabled us to crop the images to

remove the pipe, used for clamping the root, before segmenting the images. Since,

no external light is allowed inside the images were very good leading to excellent

segmentation outputs.

Finally, comparing the imaging speed to that of the REST system, our system

runs faster taking into account the synchronous operation of multiple cameras and

downloading the images after images were taken for every root.

The Table 6.2 shows the segmentation time taken by our phenotyping system by

66



Table 6.2: Average time taken for segmentation procedure

Segmentation Method Average segmen-
tation time (sec-
onds)

RVM implemenation in MATLAB 90
EM implementation in MATLAB 50
EM implementation in C++ with CPU acceleration 25
EM implementation in C++ with GPU acceleration 10
Otsu’s thresholding with trait extraction in REST system 6
DIRT imlementation of Otsu’s thresholding 22

various algorithms implemented. The purpose of comparing these times is to select

the best segmentation procedure that takes least amount of time for the system to

achieve high-throughput plant root phenotyping. We observe that the RVM imple-

mentation takes large amount of time due to the fact that the input images need

to be preprocessed before segmenting them using the RVM algorithm. Training of

the algorithm also takes larger time due to the presence of large amounts of image

database. EM implementation in MATLAB is significantly better as we remove un-

necessary preprocessing. Unlike RVM, in this case the algorithm is iterative and hence

a significant portion of the runtime is taken for maximizing log likelihood compared

to initialization of the algorithm based on histograms. The segmentation and feature

extraction for the multi-camera system is performed on PC with Intel Xeon E3-1271

v3 processor having 4 cores and 16GB of RAM. The PC has NVIDIA Quadro K600

GPU with 192 CUDA cores having compute capability 3.0. Optimization is achieved

further with the usage of harware acceleration techniques for CPU and GPU, which

makes this program suitable for online segmentation of images as we image the plant

roots in the field and check the image quality with the segmented outputs. As dis-

cussed in the chapter 4, Otsu’ thresholding, although is faster, may not always give
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good segmentation results.

The average time taken by our feature extraction program, which was implemented

in MATLAB, was 26.19 seconds. This average was taken by considering the processing

time for extracting traits from the complete 2016 image dataset containing 7530

images from all the 5 cameras. The DIRT system takes an average of 860.84 seconds

for extracting features from the 2016 image dataset. The DIRT system was run in

multi-threaded mode on PC running Ubuntu linux with Intel Core i5-3440 processor

having 4 cores.

6.2 Correlation with the manually extracted fea-

ture traits

For 2014 and 2015 image sets, we computed 32 features in total, whereas in 2016

we also added the PCA reduced dimensions of radius and orientation histograms.

Additionally we also added computational time required to extract the features as

one of the traits. With a total of 39 feature traits, the correlation analysis is performed

between image traits and the manually extracted traits. When planting the soybean

plants in the field by the people from plant science division, the plants were divided

into plots. Each plot is a replication of a genotype. Hence, for a specific genotype,

multiple plots were planted in the field. Each plot typically contained 5 or 10 plants

of same genotype. In the 2014, each plot consisted of 10 plants. All the 10 plants were

imaged, whereas only 3 plants per plot were selected for manual feature extraction.

In 2015 and 2016, each plot consisted of 5 plants and all the 5 plants were selected

for both image and manual feature extraction. When collecting the data, two teams
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worked in parallel, one team was imaging the plant roots, other team worked on

plant root digging and manual feature extraction. In the years 2014 and 2015, all

the images of plants in each plot were imaged and traits extracted manually, but

did not keep track of which set of manual features correspond to which image in

the image database. The plots were identified by the plot number, but the order of

manually extracting/imaging changed between teams. As a result, we have all the

image and manual traits of all the plants in a plot, which was not useful for feature

comparison of individual plant roots. Hence, for the years of 2014 and 2015, we

computed the mean of each image and manual feature for every plant in the plot,

and used these values in correlation analysis. However, use of feature means across

plot is advantageous in that, it removes the effects of outliers. For example, if one

plant root in the whole plot may be very large whereas other plant roots are small,

taking mean across the plot reduces the effect of the large root and thus helps in

improving the correlation with manual features. In case 2016 data, we kept a track

of the manual features corresponding to each image being photographed. Hence, for

the 2016 data, we did correlation analysis using both the individual features and the

feature mean across each plot. In this section, when performing correlation analysis

between features that were extracted from the images in 2015 and 2016, we also

show scatter plots of 6 best and 6 least feature combinations displaying both the

corresponding Pearson correlation and its P-value. Throughout these scatter plots,

the P-values corresponding to the best correlations are very small, indicating that

there is a strong evidence that the feature combinations are correlated.

Due to lower quality of images taken in 2014, only the images from camera 5

(the camera front facing towards the background) were processed and the correlation
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analysis was performed. We observe that 3 image based traits (Network area, Solidity

and maximum radius) better correlate with the overall complexity. we also observe

later that many features extracted from images correlate with the overall complexity.

In the 2014 image data, the highest correlation is seen with the lower root area and

the stem diameter followed by correlation between network area and stem diameter.

Since, the images were taken from the cameras at a distance 1 meter from the plant

root, and due to lack of quality in the images, most of the lateral roots may not be

identified. This may lead to the segmentation containing smaller number of pixels,

where most pixels are located at the center of the root, which in turn leads to smaller

values of lower root area and network area. As a result, we may find that these image

features correlate with the stem diameter. The Table 6.3 shows the correlations of

the image traits extracted from the images of front facing camera and the manually

extracted features.

In the 2015 image data features were extracted from all the upper 5 cameras.

The Table 6.4 show the correlations obtained with every image trait extracted with

every manual trait, with all trait values averaged over the plot. In this dataset, we

observe many parameters such as median number of roots , network area, perimeter,

number of holes strongly correlate with overall complexity. The maximum correlation

obtained was between median number of roots and the overall complexity with a

correlation value of 0.723. This is logical as the plant root has more number of roots,

the complexity is also increased. These correlation values suggest complexity can also

be estimated from traits such as perimeter, network area and number of holes. As

we hypothesized earlier, more the number of holes that separate the background into

several connected components, more will be the overall complexity. This may not be
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always true. For example, a very complex plant root may not have holes in the image

at all. Most the holes are covered by either some of its lateral roots or shadows. Care

has been taken not to create shadows of the plant roots while imaging. This may

be one of the reason why the correlation of the overall complexity versus the number

of holes did not exceed 0.7. Another set of strong correlations can be observed with

number of lower roots and lateral root density lower manual feature traits. Since,

most of the root topology is present in the lower roots, many of the image traits

agree with these manual features. Specifically, we observe that the median number

of roots correlates with number of lower roots with the Pearson correlation of 0.691.

Similarly, the network area predominantly comes from the lower roots and hence has

a correlation of 0.58. Our phenotyping program sometimes finds a large segmented

blob of pixels in the lower root portion of the image and determines the minimum

distance of the nearest background pixel from the center of the blob. This distance

will be taken as maximum radius. Although such a radius value may not exist in the

actual plant root, from the segmented image we cannot distinguish the nearby roots.

Hence, the maximum radius correlates with lateral root density lower and not the

number of lower roots. We also observe that some of the bins in radius histogram

correlate negatively on lateral root density lower trait. This tells us that if the root

has wider and more thick lateral roots, then their count is smaller. Also overall

complexity weakly correlates with the first bin of the radius tells us that complex

roots usually have tinier roots. The Figure 6.1 and Figure 6.2 shows the scatter plot

of the traits between best and worst correlated trait combinations respectively. We

observe that some of the feature trait combinations are uncorrelated, which logically

correct. For example, the mean lower angle of all the lower roots of a plant root is
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not related to the volume occupied by the root.

We then performed correlation analysis on a simple merge of the features from all

the cameras for the 2015 image dataset. The traits merged were the plot averages

in all the cameras. The merging operation is determined as the mean across all the

cameras. For example, a set of 5 plant roots belonging to a plot were imaged. These

images were segmented and features extracted. Then we compute the mean of these

features for that plot for each camera separately followed by merging of the features.

The merging involves taking the mean of these plot averages from all the cameras.

Hence, if we image 100 plots of plant data, we get 100 samples of trait feature vectors

after merging the features. Using these merged features, we perform the correlation

analysis with the plot averages of the manually extracted features for 2015 image

dataset. The results of the correlation analysis is given in the Table 6.5. The values

marked in red indicate the correlation was greater than any correlation done using

features from single cameras. The correlation between the median number of roots

and the overall complexity for the camera number 6 (located at the right end of

the wooden plank in the experimental setup box) is 0.736. when the correlation is

performed on the merged features, this correlation value decreased slightly to 0.729.

On the other hand, several other correlation values with various feature combinations

improved. The Figure 6.3 and Figure 6.4 shows the scatter plot of the traits between

best and worst correlated trait combinations for merged features respectively.
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Table 6.3: Pearson correlation values between the automatically extracted features
and the manually extracted features for 2014 data. The feature values averaged for
each plot from front facing camera, are used in the correlation analysis.

Feature

Names
SD OC NS NUR MDUA MEUA NLR MDLA MELA

Median no.

of roots
0.41 0.33 0.36 0.02 0.03 0.03 0.21 -0.01 -0.03

Maximum

no. of roots
0.35 0.30 0.36 0.04 -0.01 -0.02 0.20 -0.09 -0.11

Total root

length
0.46 0.38 0.37 0.02 0.06 0.05 0.22 -0.03 -0.05

Depth 0.29 0.18 0.19 0.10 0.07 0.09 0.13 0.00 0.00

Maximum

width
0.36 0.15 0.11 -0.01 0.02 0.02 0.15 -0.10 -0.10

Width-to-

depth ratio
0.25 0.07 0.00 -0.08 -0.02 -0.03 0.09 -0.12 -0.13

Network area 0.50 0.47 0.33 -0.03 0.08 0.07 0.27 0.00 -0.01

Convex area 0.41 0.21 0.17 0.02 0.06 0.06 0.18 -0.05 -0.05

Solidity 0.25 0.49 0.30 -0.05 0.06 0.04 0.20 0.08 0.06

Perimeter 0.44 0.34 0.35 0.04 0.04 0.04 0.22 -0.04 -0.05

Average

radius
0.15 0.27 -0.01 -0.08 0.05 0.04 0.09 0.08 0.08

Volume -0.01 0.04 -0.01 0.04 0.02 0.03 0.00 0.00 0.01

Surface area 0.39 0.40 0.27 0.00 0.08 0.07 0.21 0.01 0.00

Maximum ra-

dius
0.40 0.47 0.25 0.01 0.03 0.03 0.21 0.07 0.07

Lower root

area
0.51 0.41 0.33 -0.03 0.08 0.07 0.24 0.02 0.00

radhist1 -0.28 -0.19 -0.02 0.11 -0.04 -0.03 -0.06 -0.06 -0.05

radhist2 0.27 0.18 0.02 -0.11 0.04 0.03 0.06 0.06 0.06

radhist3 0.34 0.34 0.15 -0.11 0.07 0.05 0.11 0.07 0.06

radhist4 0.27 0.39 0.15 -0.10 0.06 0.05 0.13 0.08 0.06

radhist5 0.13 0.32 0.11 -0.06 0.05 0.04 0.10 0.07 0.06

radhist6 -0.02 0.23 0.04 0.00 0.01 0.01 0.04 0.06 0.04

radhist7 -0.10 0.14 0.01 0.04 -0.01 -0.01 -0.01 0.04 0.03

radhist8 -0.04 0.11 0.02 0.02 -0.03 -0.02 -0.02 0.04 0.03

radhist9 0.11 0.13 0.09 0.00 -0.04 -0.03 -0.01 0.04 0.04

radhist10 0.28 0.19 0.12 -0.01 0.01 0.01 0.04 0.04 0.03

orihist1 0.08 0.25 0.29 0.16 -0.01 0.01 0.08 0.07 0.07

orihist2 0.08 0.13 0.14 0.07 -0.01 0.00 0.11 0.04 0.01

orihist3 -0.15 -0.26 -0.32 -0.08 0.02 0.02 -0.12 -0.11 -0.11

orihist4 -0.07 -0.18 -0.25 -0.13 -0.03 -0.05 -0.08 -0.07 -0.06

orihist5 0.13 0.22 0.25 0.01 0.03 0.02 0.07 0.08 0.08

orihist6 0.08 0.27 0.31 0.15 -0.01 0.01 0.09 0.04 0.04

Number of

Holes
0.31 0.25 0.32 0.03 0.00 -0.01 0.11 -0.08 -0.10
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Table 6.4: Pearson correlation values between the automatically extracted features of
2015 trait data and the manually extracted features. The feature values from front
facing camera, averaged over plots, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no.

of roots
0.07 -0.09 0.72 0.36 0.54 0.34 0.40 0.15 0.18 0.69 0.49 0.07 0.11

Max. no. of

roots
0.05 -0.03 0.63 0.39 0.55 0.28 0.48 0.06 0.09 0.55 0.62 -0.08 -0.04

Total root

length
0.08 -0.06 0.63 0.31 0.49 0.33 0.47 0.10 0.14 0.57 0.57 0.00 0.03

Depth -0.01 -0.25 0.43 0.22 0.33 0.24 0.46 0.12 0.13 0.41 0.39 0.01 0.04

Max. width -0.01 -0.03 0.33 0.25 0.28 0.20 0.40 0.02 0.04 0.37 0.54 -0.15 -0.12

Width-to-

depth ratio
0.01 0.12 0.06 0.16 0.09 0.06 0.15 -0.07 -0.05 0.19 0.41 -0.21 -0.20

Network area 0.09 -0.04 0.66 0.32 0.48 0.34 0.46 0.14 0.18 0.61 0.59 -0.01 0.02

Convex area -0.02 -0.09 0.43 0.23 0.32 0.24 0.47 0.07 0.10 0.43 0.55 -0.07 -0.04

Solidity 0.14 0.27 0.04 -0.14 0.00 -0.01 -0.24 0.06 0.06 0.02 -0.07 0.10 0.10

Perimeter 0.05 -0.09 0.70 0.34 0.54 0.34 0.48 0.13 0.18 0.66 0.56 0.01 0.05

Average

radius
0.05 0.27 -0.57 -0.38 -0.47 -0.27 -0.44 -0.08 -0.11 -0.46 -0.21 -0.03 -0.06

Volume 0.09 0.05 0.41 0.22 0.32 0.24 0.35 0.08 0.10 0.38 0.56 -0.02 0.00

Surface area 0.10 -0.01 0.56 0.29 0.43 0.31 0.43 0.10 0.13 0.50 0.59 -0.02 0.01

Maximum ra-

dius
0.09 0.08 0.35 0.27 0.40 0.14 0.28 0.03 0.04 0.39 0.64 -0.02 0.00

Lower root

area
0.04 -0.11 0.63 0.28 0.41 0.33 0.44 0.14 0.18 0.61 0.54 0.03 0.07

radhist1 0.05 -0.09 0.47 0.35 0.42 0.26 0.32 0.07 0.10 0.45 0.22 0.01 0.04

radhist2 0.02 0.08 -0.37 -0.18 -0.32 -0.20 -0.18 -0.05 -0.07 -0.17 0.22 -0.08 -0.09

radhist3 -0.09 -0.08 -0.31 -0.15 -0.24 -0.13 -0.23 0.00 -0.02 -0.33 -0.25 0.02 0.01

radhist4 -0.11 -0.04 -0.35 -0.19 -0.25 -0.13 -0.34 0.00 -0.02 -0.41 -0.53 0.07 0.04

radhist5 -0.11 -0.03 -0.39 -0.26 -0.30 -0.18 -0.40 -0.02 -0.05 -0.45 -0.56 0.08 0.05

radhist6 -0.09 0.00 -0.41 -0.30 -0.33 -0.25 -0.40 -0.06 -0.09 -0.45 -0.58 0.03 0.00

radhist7 -0.07 0.05 -0.44 -0.34 -0.33 -0.30 -0.38 -0.07 -0.11 -0.41 -0.52 0.00 -0.03

radhist8 -0.02 0.13 -0.43 -0.39 -0.37 -0.27 -0.43 -0.08 -0.11 -0.38 -0.38 -0.05 -0.08

radhist9 0.05 0.31 -0.44 -0.38 -0.34 -0.20 -0.39 -0.04 -0.07 -0.29 -0.07 -0.07 -0.09

radhist10 0.07 0.27 -0.43 -0.32 -0.29 -0.21 -0.33 -0.10 -0.12 -0.20 0.17 -0.14 -0.15

orihist1 -0.07 -0.16 0.18 -0.06 0.14 -0.01 0.10 0.14 0.15 -0.12 -0.31 0.32 0.30

orihist2 0.00 -0.12 0.37 0.19 0.30 0.18 0.30 0.11 0.11 0.25 0.23 0.19 0.20

orihist3 -0.03 0.05 -0.39 -0.04 -0.28 -0.13 -0.19 -0.08 -0.09 -0.15 0.07 -0.35 -0.36

orihist4 0.05 0.21 -0.31 -0.20 -0.22 -0.12 -0.31 -0.13 -0.14 -0.06 0.04 -0.26 -0.25

orihist5 0.05 -0.08 0.50 0.19 0.38 0.20 0.32 0.10 0.14 0.30 0.12 0.26 0.30

orihist6 -0.05 -0.15 0.14 -0.05 0.11 -0.04 0.17 0.05 0.06 -0.15 -0.30 0.29 0.28

holes 0.10 -0.03 0.66 0.31 0.54 0.30 0.43 0.08 0.12 0.58 0.52 0.02 0.05
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(a) (b)

(c) (d)

(e) (f)

Figure 6.1: Best Pearson correlation values obtained between front facing camera
features and the manual features for 2015 image dataset. The traits were averaged
over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.2: Trait combinations with least correlation between front facing camera
features and the manual features for 2015 image dataset. The traits were averaged
over plots before correlation analysis.
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Table 6.5: Pearson correlation values between the automatically extracted features
of 2015 trait data and the manually extracted features. The mean values across all
cameras of the automatically extracted features, averaged over the plots, are used in
the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no.

of roots
0.08 -0.09 0.73 0.36 0.56 0.35 0.40 0.14 0.18 0.69 0.49 0.07 0.10

Max. no. of

roots
0.05 -0.05 0.64 0.41 0.57 0.30 0.50 0.06 0.10 0.55 0.62 -0.07 -0.05

Total root

length
0.07 -0.06 0.65 0.32 0.51 0.33 0.48 0.10 0.14 0.58 0.57 0.01 0.04

Depth 0.02 -0.22 0.42 0.21 0.32 0.24 0.47 0.10 0.12 0.40 0.41 -0.00 0.03

Max. width 0.01 -0.02 0.35 0.25 0.29 0.20 0.43 0.01 0.04 0.39 0.57 -0.13 -0.10

Width-to-

depth ratio
0.02 0.12 0.10 0.17 0.12 0.07 0.19 -0.07 -0.05 0.22 0.45 -0.20 -0.19

Network area 0.10 -0.04 0.66 0.32 0.49 0.34 0.46 0.14 0.18 0.61 0.59 0.01 0.04

Convex area 0.01 -0.08 0.44 0.22 0.32 0.25 0.49 0.07 0.10 0.44 0.57 -0.06 -0.03

Solidity 0.12 0.27 0.04 -0.14 -0.01 -0.01 -0.27 0.07 0.06 0.02 -0.06 0.10 0.10

Perimeter 0.07 -0.09 0.71 0.34 0.55 0.35 0.48 0.13 0.18 0.66 0.56 0.02 0.05

Average

radius
0.05 0.29 -0.58 -0.38 -0.48 -0.29 -0.45 -0.08 -0.11 -0.46 -0.19 -0.05 -0.07

Volume 0.08 0.06 0.40 0.22 0.32 0.22 0.35 0.07 0.09 0.38 0.56 -0.02 -0.01

Surface area 0.09 -0.01 0.56 0.29 0.44 0.31 0.44 0.10 0.13 0.51 0.59 -0.01 0.02

Maximum ra-

dius
0.11 0.12 0.34 0.25 0.39 0.13 0.26 0.03 0.05 0.37 0.64 -0.02 -0.01

LowerRootArea 0.04 -0.10 0.64 0.28 0.43 0.33 0.43 0.16 0.19 0.61 0.53 0.05 0.09

radhist1 0.06 -0.13 0.53 0.38 0.47 0.29 0.34 0.06 0.10 0.47 0.19 -0.02 0.00

radhist2 0.02 0.12 -0.45 -0.23 -0.39 -0.25 -0.18 -0.05 -0.08 -0.17 0.27 -0.03 -0.04

radhist3 -0.07 -0.04 -0.38 -0.20 -0.32 -0.16 -0.26 -0.00 -0.03 -0.34 -0.18 0.04 0.02

radhist4 -0.12 -0.03 -0.40 -0.21 -0.30 -0.16 -0.35 0.00 -0.02 -0.45 -0.49 0.07 0.05

radhist5 -0.12 -0.03 -0.45 -0.26 -0.32 -0.22 -0.40 -0.02 -0.05 -0.48 -0.55 0.09 0.07

radhist6 -0.11 0.01 -0.45 -0.29 -0.34 -0.26 -0.42 -0.07 -0.10 -0.48 -0.58 0.03 0.00

radhist7 -0.09 0.04 -0.47 -0.32 -0.36 -0.30 -0.41 -0.08 -0.11 -0.46 -0.56 -0.02 -0.04

radhist8 -0.05 0.12 -0.46 -0.36 -0.37 -0.30 -0.43 -0.09 -0.12 -0.42 -0.42 -0.07 -0.10

radhist9 0.03 0.28 -0.51 -0.36 -0.38 -0.27 -0.44 -0.09 -0.13 -0.36 -0.15 -0.12 -0.15

radhist10 0.06 0.34 -0.50 -0.38 -0.37 -0.26 -0.41 -0.12 -0.16 -0.28 0.06 -0.14 -0.15

orihist1 -0.07 -0.15 0.13 -0.13 0.09 -0.03 0.06 0.12 0.14 -0.19 -0.38 0.28 0.27

orihist2 -0.01 -0.15 0.45 0.25 0.36 0.21 0.34 0.15 0.16 0.30 0.28 0.23 0.24

orihist3 -0.06 0.04 -0.38 -0.06 -0.28 -0.14 -0.21 -0.06 -0.08 -0.12 0.07 -0.35 -0.36

orihist4 0.05 0.19 -0.39 -0.21 -0.27 -0.15 -0.31 -0.15 -0.17 -0.09 0.05 -0.30 -0.30

orihist5 0.09 -0.02 0.50 0.20 0.40 0.21 0.31 0.09 0.12 0.30 0.15 0.28 0.31

orihist6 -0.07 -0.14 0.14 -0.09 0.11 -0.01 0.12 0.07 0.09 -0.20 -0.39 0.24 0.24

holes 0.06 -0.06 0.67 0.33 0.56 0.31 0.43 0.09 0.13 0.60 0.50 0.04 0.06
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(a) (b)

(c) (d)

(e) (f)

Figure 6.3: Best Pearson correlation values obtained between combined mean features
from all the cameras and the manual features for 2015 image dataset. The traits were
averaged over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.4: Trait combinations with least correlation between combined mean features
from all the cameras and the manual features for 2015 image dataset. The traits were
averaged over plots before correlation analysis.
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The DIRT phenotyping program is run on the 2015 image dataset, which ex-

tracted 53 features in total from each image. These features are then compared to

the manually extracted features. The Table 6.6 and the Table 6.7 contain the cor-

relation values obtained with the manually extracted features for the features from

the front facing camera and the merge of the features from all the cameras. Using

only the features from the front facing camera, the highest correlation is obtained

between skeleton vertices DIRT feature and the overall complexity with the Pearson

correlation of 0.68. When the features were combined, this correlation value is then

0.69. we also observe a marked improvement in the correlation values over a number

of feature combinations as shown in the Table 6.7. The values marked in red indicate

that the correlation was greater with merged features than with features from any

single camera. The Figure 6.5 and Figure 6.6 shows the scatter plot of the traits be-

tween best and worst correlated trait combinations respectively for the DIRT features

from the front facing camera. The Figure 6.7 and Figure 6.8 shows the scatter plot of

the traits between best and worst correlated trait combinations respectively for the

DIRT features that are obtained by merging the features from all cameras.
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Table 6.6: Pearson correlation values between the automatically extracted DIRT
features of 2015 trait data and the manually extracted features. The feature values
from the front facing camera, averaged over plots, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.07 -0.08 0.68 0.33 0.51 0.33 0.47 0.14 0.18 0.64 0.56 0.02 0.05

stemDia -0.02 0.00 -0.02 0.00 0.01 -0.01 0.05 0.02 0.04 0.12 0.27 -0.02 -0.02

avg. Root

Density
-0.03 0.09 -0.02 0.00 0.06 -0.04 -0.03 0.05 0.07 -0.05 0.03 -0.04 -0.07

STA range -0.03 -0.15 0.41 0.22 0.37 0.22 0.41 0.07 0.08 0.38 0.34 0.06 0.08

STA dom.

angle 1
-0.03 -0.15 -0.02 0.05 0.03 -0.14 -0.10 -0.08 -0.08 -0.06 -0.12 0.08 0.08

STA dom.

angle 2
-0.01 -0.05 -0.09 0.03 -0.01 -0.22 -0.06 -0.09 -0.09 -0.15 -0.06 0.07 0.06

STA 25% 1 0.03 0.00 0.15 0.02 0.11 0.13 0.03 0.16 0.14 0.10 0.02 0.04 0.03

STA 25% 2 -0.02 0.01 0.04 -0.06 -0.05 0.05 -0.14 0.11 0.09 0.02 -0.14 -0.05 -0.05

STA 50% 1 0.04 0.09 0.03 -0.06 -0.03 -0.03 0.04 0.15 0.14 -0.01 0.04 -0.12 -0.13

STA 50% 2 0.02 0.14 -0.15 -0.10 -0.14 -0.11 -0.13 0.04 0.02 -0.23 -0.11 -0.05 -0.09

STA 75% 1 0.09 0.08 -0.12 -0.08 -0.12 -0.11 -0.03 -0.03 -0.05 -0.12 0.05 -0.05 -0.03

STA 75% 2 -0.03 0.14 -0.19 -0.13 -0.13 -0.14 -0.12 -0.03 -0.03 -0.24 -0.14 0.14 0.12

STA 90% 1 0.11 0.06 -0.19 -0.12 -0.15 -0.11 -0.03 -0.09 -0.09 -0.20 -0.10 0.03 0.03

STA 90% 2 -0.03 0.06 -0.22 -0.21 -0.23 -0.09 -0.10 0.00 -0.01 -0.24 -0.24 0.16 0.16

RTA dom.

angle 1
0.02 0.06 -0.21 -0.25 -0.19 0.02 -0.07 -0.00 0.00 -0.21 -0.13 -0.03 -0.03

RTA dom.

angle 2
-0.03 0.03 -0.15 -0.28 -0.15 0.01 -0.19 0.07 0.08 -0.24 -0.30 0.09 0.09

STA min. 0.05 0.15 -0.41 -0.20 -0.35 -0.24 -0.40 -0.10 -0.11 -0.37 -0.33 -0.07 -0.08

STA max. 0.06 -0.05 0.20 0.17 0.20 0.06 0.19 -0.06 -0.06 0.20 0.17 -0.00 0.02

STA median -0.01 -0.04 -0.16 -0.16 -0.21 -0.08 -0.17 0.04 0.03 -0.16 -0.19 -0.05 -0.01

RTA range -0.02 -0.07 0.32 -0.02 0.12 0.08 0.07 0.23 0.24 0.17 -0.14 0.45 0.45

RTA min. -0.06 0.01 -0.25 -0.16 -0.16 -0.17 -0.19 -0.04 -0.02 -0.27 -0.38 0.06 0.05

RTA max. 0.11 0.11 0.43 0.25 0.38 0.22 0.29 0.05 0.07 0.36 0.41 -0.02 -0.00

RTA median 0.11 0.11 0.44 0.26 0.39 0.23 0.30 0.05 0.07 0.37 0.43 -0.03 -0.01

Nr. of RTPs 0.09 -0.06 0.53 0.25 0.39 0.30 0.45 0.07 0.11 0.50 0.54 -0.01 0.02

TD median -0.03 0.06 -0.03 -0.05 0.04 -0.07 -0.01 -0.02 -0.00 -0.04 0.07 -0.04 -0.06

TD mean 0.03 0.15 -0.16 -0.14 -0.09 -0.15 -0.21 -0.05 -0.05 -0.11 -0.10 0.03 -0.01

DD90 max. 0.08 0.02 0.35 0.18 0.30 0.17 0.22 0.11 0.11 0.45 0.43 0.08 0.12

median

Width
0.05 0.06 0.38 0.21 0.31 0.19 0.33 0.05 0.09 0.35 0.44 -0.04 -0.03

max. Width -0.02 -0.01 0.36 0.25 0.33 0.20 0.42 0.02 0.05 0.37 0.55 -0.12 -0.10

D10 -0.04 -0.07 0.29 0.11 0.22 0.12 0.13 0.11 0.11 0.09 -0.15 0.12 0.15

D20 -0.01 -0.02 0.26 0.04 0.17 0.12 0.08 0.11 0.12 0.03 -0.21 0.13 0.15

D30 -0.01 -0.00 0.29 0.03 0.15 0.17 0.07 0.14 0.14 0.05 -0.21 0.13 0.16

81



D40 -0.00 0.03 0.32 0.04 0.14 0.19 0.07 0.15 0.16 0.08 -0.20 0.13 0.16

D50 -0.00 0.05 0.35 0.04 0.14 0.21 0.06 0.17 0.19 0.11 -0.18 0.14 0.17

D60 0.00 0.05 0.36 0.04 0.15 0.21 0.07 0.16 0.18 0.13 -0.15 0.14 0.16

D70 0.02 0.05 0.37 0.05 0.16 0.20 0.08 0.16 0.18 0.15 -0.11 0.13 0.15

D80 0.02 0.05 0.40 0.07 0.19 0.21 0.09 0.18 0.20 0.20 -0.07 0.11 0.12

D90 0.02 0.01 0.45 0.10 0.24 0.23 0.11 0.21 0.24 0.27 -0.00 0.13 0.14

DS10 -0.04 -0.08 -0.14 0.11 -0.10 -0.10 0.02 -0.10 -0.11 0.02 0.20 -0.15 -0.16

DS20 -0.07 -0.11 -0.24 0.01 -0.09 -0.21 0.01 -0.13 -0.14 -0.12 0.06 -0.06 -0.08

DS30 -0.06 -0.12 -0.32 -0.07 -0.10 -0.25 -0.04 -0.13 -0.15 -0.22 -0.01 -0.09 -0.09

DS40 -0.06 -0.12 -0.32 -0.09 -0.12 -0.22 -0.04 -0.16 -0.18 -0.26 -0.05 -0.10 -0.10

DS50 -0.07 -0.04 -0.33 -0.08 -0.15 -0.22 -0.06 -0.13 -0.16 -0.26 -0.14 -0.04 -0.04

DS60 -0.11 -0.03 -0.34 -0.12 -0.19 -0.18 -0.08 -0.10 -0.12 -0.28 -0.22 0.01 0.01

DS70 -0.11 -0.01 -0.37 -0.13 -0.24 -0.17 -0.13 -0.12 -0.15 -0.31 -0.27 0.05 0.06

DS80 -0.06 0.01 -0.39 -0.15 -0.29 -0.20 -0.18 -0.16 -0.19 -0.35 -0.29 0.00 0.00

DS90 -0.06 0.05 -0.26 -0.12 -0.19 -0.14 -0.13 -0.13 -0.15 -0.32 -0.26 -0.14 -0.14

spatial root

distr. X
0.10 -0.02 -0.04 -0.04 -0.04 -0.02 -0.11 -0.04 -0.03 -0.04 -0.17 0.07 0.05

spatial root

ditr. Y
-0.03 0.20 -0.53 -0.21 -0.36 -0.27 -0.38 -0.18 -0.20 -0.44 -0.26 -0.04 -0.07

CPD 25 0.12 0.09 -0.04 0.02 0.03 -0.02 0.10 -0.09 -0.06 -0.07 0.21 -0.02 -0.03

CPD 50 0.09 0.14 -0.06 0.05 0.03 -0.07 -0.04 -0.07 -0.06 -0.05 0.17 -0.06 -0.08

CPD 75 0.04 0.14 -0.11 0.00 -0.04 -0.08 -0.11 -0.06 -0.04 -0.11 0.10 -0.08 -0.11

CPD 90 -0.01 0.10 -0.26 -0.15 -0.22 -0.15 -0.06 -0.09 -0.10 -0.25 0.02 -0.06 -0.09
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(a) (b)

(c) (d)

(e) (f)

Figure 6.5: Best Pearson correlation values obtained between DIRT features from the
front facing camera and the manual features for 2015 image dataset. The traits were
averaged over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.6: Trait combinations with least correlation between DIRT features from
the front facing camera and the manual features for 2015 image dataset. The traits
were averaged over plots before correlation analysis.

84



Table 6.7: Pearson correlation values between the automatically extracted DIRT
features of 2015 trait data and the manually extracted features. The mean feature
values from all the cameras, averaged over plots, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.07 -0.08 0.69 0.34 0.53 0.35 0.47 0.13 0.17 0.64 0.57 0.03 0.06

stemDia -0.07 0.00 -0.05 -0.04 0.01 -0.03 0.03 0.06 0.07 0.13 0.28 0.00 -0.00

avg. Root

Density
-0.05 0.12 -0.09 -0.06 0.02 -0.07 -0.05 0.04 0.06 -0.09 0.02 -0.06 -0.08

STA range 0.04 -0.16 0.48 0.43 0.45 0.29 0.44 0.05 0.06 0.47 0.45 -0.00 0.02

STA dom.

angle 1
-0.02 -0.02 -0.14 0.03 -0.09 -0.05 -0.15 -0.11 -0.10 -0.22 -0.20 -0.18 -0.19

STA dom.

angle 2
-0.04 0.01 -0.23 -0.09 -0.18 -0.21 -0.18 -0.14 -0.16 -0.26 -0.24 -0.07 -0.10

STA 25% 1 0.01 0.01 0.06 0.02 0.06 0.06 0.08 0.04 0.01 -0.01 0.07 -0.12 -0.10

STA 25% 2 -0.07 0.10 -0.24 -0.14 -0.22 -0.13 -0.23 0.03 -0.00 -0.33 -0.36 -0.05 -0.02

STA 50% 1 -0.01 0.09 -0.13 -0.10 -0.13 -0.06 0.04 0.00 -0.01 -0.15 0.03 -0.20 -0.23

STA 50% 2 -0.03 0.08 -0.21 -0.16 -0.18 -0.11 -0.21 -0.00 0.02 -0.33 -0.28 -0.09 -0.14

STA 75% 1 0.01 0.12 -0.24 -0.09 -0.18 -0.10 -0.02 -0.05 -0.06 -0.24 0.03 -0.15 -0.16

STA 75% 2 -0.05 0.10 -0.33 -0.19 -0.28 -0.20 -0.22 -0.11 -0.10 -0.36 -0.30 0.04 0.01

STA 90% 1 -0.09 0.00 -0.40 -0.13 -0.30 -0.20 -0.01 -0.09 -0.12 -0.32 -0.11 -0.05 -0.07

STA 90% 2 -0.07 0.09 -0.36 -0.29 -0.36 -0.23 -0.19 -0.02 -0.04 -0.37 -0.36 0.13 0.11

RTA dom.

angle 1
-0.04 0.01 -0.50 -0.22 -0.43 -0.20 -0.14 -0.04 -0.07 -0.43 -0.24 -0.10 -0.13

RTA dom.

angle 2
-0.06 0.06 -0.44 -0.32 -0.45 -0.21 -0.30 0.03 0.03 -0.45 -0.51 0.03 0.01

STA min. -0.02 0.16 -0.47 -0.42 -0.45 -0.29 -0.44 -0.07 -0.07 -0.46 -0.44 0.03 0.00

STA max. 0.08 -0.10 0.36 0.32 0.31 0.22 0.31 -0.01 0.00 0.34 0.34 0.09 0.12

STA median -0.00 -0.05 -0.23 -0.14 -0.27 -0.11 -0.23 -0.03 -0.04 -0.25 -0.28 0.12 0.15

RTA range -0.00 -0.05 0.33 0.01 0.10 0.09 0.09 0.20 0.19 0.15 -0.17 0.45 0.45

RTA min. -0.11 0.06 -0.23 -0.25 -0.20 -0.22 -0.23 0.03 0.03 -0.31 -0.46 0.01 -0.02

RTA max. 0.13 0.06 0.47 0.29 0.42 0.27 0.36 0.13 0.15 0.39 0.47 -0.01 0.02

RTA median 0.13 0.06 0.47 0.30 0.42 0.27 0.37 0.12 0.15 0.40 0.48 -0.01 0.02

Nr. of RTPs 0.08 -0.05 0.57 0.28 0.44 0.31 0.47 0.07 0.10 0.52 0.56 -0.00 0.03

TD median -0.04 0.15 -0.12 -0.19 -0.05 -0.11 -0.11 0.01 0.02 -0.08 -0.01 -0.05 -0.07

TD mean 0.02 0.17 -0.23 -0.27 -0.18 -0.17 -0.29 -0.00 -0.00 -0.17 -0.23 0.03 0.01

DD90 max. 0.13 -0.00 0.44 0.22 0.35 0.23 0.24 0.16 0.19 0.48 0.49 0.07 0.10

median

Width
0.06 0.06 0.45 0.21 0.35 0.23 0.38 0.07 0.11 0.41 0.50 -0.05 -0.03

max. Width 0.01 -0.01 0.38 0.25 0.35 0.21 0.46 0.02 0.05 0.40 0.58 -0.11 -0.08

D10 -0.02 -0.04 0.32 0.18 0.23 0.10 0.14 0.07 0.07 0.08 -0.14 0.10 0.13

D20 -0.01 -0.00 0.28 0.10 0.18 0.10 0.09 0.08 0.09 0.02 -0.21 0.12 0.14

D30 0.01 0.02 0.30 0.08 0.16 0.13 0.07 0.10 0.10 0.02 -0.22 0.13 0.15
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D40 0.02 0.04 0.32 0.07 0.14 0.16 0.06 0.12 0.13 0.05 -0.21 0.14 0.16

D50 0.02 0.06 0.35 0.06 0.14 0.18 0.06 0.14 0.16 0.08 -0.19 0.15 0.17

D60 0.02 0.08 0.37 0.05 0.15 0.19 0.07 0.15 0.17 0.11 -0.16 0.15 0.17

D70 0.03 0.09 0.38 0.07 0.16 0.19 0.08 0.15 0.17 0.14 -0.11 0.13 0.15

D80 0.04 0.09 0.42 0.08 0.19 0.20 0.09 0.17 0.19 0.20 -0.06 0.13 0.14

D90 0.03 0.05 0.45 0.10 0.22 0.22 0.11 0.21 0.23 0.27 -0.00 0.13 0.15

DS10 -0.01 -0.08 -0.17 0.07 -0.13 -0.11 0.03 -0.10 -0.12 0.03 0.25 -0.15 -0.15

DS20 -0.10 -0.13 -0.27 0.03 -0.11 -0.22 -0.01 -0.12 -0.13 -0.12 0.07 -0.07 -0.09

DS30 -0.10 -0.14 -0.34 -0.03 -0.13 -0.27 -0.03 -0.15 -0.16 -0.24 -0.03 -0.06 -0.07

DS40 -0.10 -0.14 -0.36 -0.07 -0.14 -0.26 -0.04 -0.16 -0.18 -0.29 -0.08 -0.07 -0.07

DS50 -0.10 -0.10 -0.38 -0.07 -0.17 -0.24 -0.06 -0.14 -0.17 -0.31 -0.17 -0.03 -0.04

DS60 -0.10 -0.07 -0.40 -0.11 -0.21 -0.22 -0.10 -0.13 -0.16 -0.33 -0.26 0.01 0.01

DS70 -0.10 -0.03 -0.42 -0.14 -0.25 -0.19 -0.14 -0.14 -0.17 -0.36 -0.31 0.02 0.01

DS80 -0.06 0.01 -0.42 -0.14 -0.28 -0.20 -0.20 -0.17 -0.19 -0.38 -0.34 -0.02 -0.02

DS90 -0.06 0.05 -0.29 -0.11 -0.21 -0.18 -0.14 -0.16 -0.18 -0.34 -0.29 -0.06 -0.07

spatial root

distr. X
0.14 -0.02 0.02 -0.03 -0.02 0.05 -0.09 -0.04 -0.03 0.01 -0.15 0.09 0.09

spatial root

ditr. Y
-0.07 0.18 -0.52 -0.21 -0.35 -0.27 -0.40 -0.14 -0.16 -0.43 -0.29 -0.04 -0.07

CPD 25 0.04 0.16 -0.07 0.05 0.07 -0.03 0.04 -0.04 -0.02 -0.06 0.20 -0.05 -0.06

CPD 50 0.04 0.18 -0.09 0.05 0.06 -0.09 -0.06 -0.06 -0.05 -0.05 0.19 -0.09 -0.10

CPD 75 0.01 0.20 -0.17 -0.02 -0.02 -0.15 -0.11 -0.04 -0.04 -0.11 0.15 -0.10 -0.12

CPD 90 -0.01 0.07 -0.27 -0.14 -0.12 -0.15 -0.08 0.01 0.01 -0.19 0.05 -0.02 -0.05
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(a) (b)

(c) (d)

(e) (f)

Figure 6.7: Best Pearson correlation values obtained between DIRT features from the
combined mean features from all the cameras and the manual features for 2015 image
dataset. The traits were averaged over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.8: Trait combinations with least correlation between DIRT features from
the combined mean features from all the cameras and the manual features for 2015
image dataset. The traits were averaged over plots before correlation analysis.
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For the 2016 image dataset, we extracted few more features such as the PCA

reduced radius and orientation histograms as well a the computational time needed

to extract trait features from each of the images. Here again, we observe that from

the Table 6.8 and the Table 6.9, when individual features were used without taking

plot means, we observe lesser correlation values with the image based features and

overall complexity. For example the correlation between network area and the overall

complexity is 0.57 when individual features were used and the same correlation in-

creases to 0.59 when mean of plots were used. Similarly, the Table 6.10 and the Table

6.11 shows that the correlation between network area and the overall complexity is

increased further as taking the mean of the features across the cameras and across

plots of the same genotype decreases the outlier effect. Especially, when the plant

root is seen from one perspective, it width may be smaller, leading us to think that

it is an outlier. Taking the mean of width across many perspectives helps us extract

the features of better reliability.

In the Table 6.9, we see many red marked values which shows that merging fea-

tures across all the cameras using the individual features from the cameras, increases

the correlation in large number of feature combinations. Whereas when we look at

the number of better correlations in the Table 6.11 we find that only a few feature

correlations got better. This is because the outlier effect was smoothed out at two

stages: 1) when taking mean of the features across each plot and 2) when taking

mean of the features across cameras from multiple perspectives.

The scatter plots containing best correlations of the samples for individual features

(of front facing camera), individual merged features, plot averaged features (of front

facing camera) and plot averaged and merged features are shown in the Figures 6.9,
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6.11, 6.13 and 6.15 respectively. The scatter plots containing worst correlations of the

samples for individual features (of front facing camera), individual merged features,

plot averaged features (of front facing camera) and plot averaged and merged features

are shown in the Figures 6.10, 6.12, 6.14 and 6.16 respectively. In all of these scatter

plots, we observe that the data points are distributed uniformly, which tells us that

the scatter data plotted is indeed valid and our phenotyping system generates reliable

trait values.
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Table 6.8: Pearson correlation values between the automatically extracted features
of 2016 trait data and the manually extracted features. The feature values from the
front facing camera are used in the correlation analysis.

Feature Names SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no. of

roots
0.15 0.18 0.48 0.19 0.28 0.00 0.04 0.01 0.02 0.36 0.12 0.04 0.03

Maximum no.

of roots
0.16 0.12 0.45 0.23 0.28 0.00 0.05 0.03 0.04 0.29 0.12 -0.07 -0.08

Total root

length
0.27 0.21 0.56 0.23 0.35 0.04 0.10 0.01 0.04 0.38 0.14 -0.01 -0.02

Depth 0.17 0.07 0.14 0.03 0.11 0.12 0.11 -0.05 -0.03 0.07 -0.01 -0.03 -0.02

Maximum

width
0.34 0.19 0.31 0.22 0.20 0.15 0.15 -0.08 -0.06 0.09 0.01 -0.10 -0.11

Width-to-

depth ratio
0.26 0.16 0.24 0.20 0.15 0.09 0.09 -0.06 -0.05 0.06 0.00 -0.08 -0.09

Network area 0.44 0.27 0.57 0.25 0.36 0.11 0.16 0.00 0.03 0.33 0.14 -0.03 -0.03

Convex area 0.38 0.22 0.36 0.20 0.24 0.17 0.17 -0.07 -0.05 0.15 0.04 -0.09 -0.10

Solidity 0.11 0.06 0.34 0.09 0.19 -0.05 0.02 0.09 0.09 0.28 0.15 0.07 0.08

Perimeter 0.22 0.18 0.55 0.22 0.33 0.04 0.07 -0.01 0.01 0.38 0.12 -0.02 -0.03

Average radius 0.39 0.27 -0.16 -0.04 -0.11 -0.02 -0.03 0.11 0.12 -0.14 0.03 -0.02 -0.01

Volume 0.55 0.40 0.37 0.21 0.26 0.01 0.05 0.10 0.12 0.25 0.12 -0.01 0.00

Surface area 0.49 0.35 0.51 0.24 0.33 0.05 0.11 0.06 0.09 0.33 0.15 -0.02 -0.02

Maximum ra-

dius
0.36 0.24 0.37 0.24 0.32 -0.03 -0.01 0.03 0.05 0.28 0.15 -0.06 -0.05

Lower Root

Area
0.41 0.28 0.50 0.20 0.30 0.09 0.13 0.05 0.07 0.33 0.15 0.01 0.01

radhist1 -0.29 -0.14 0.10 0.01 0.09 -0.05 0.00 -0.05 -0.07 0.24 0.02 -0.02 -0.04

radhist2 0.26 0.08 0.01 0.04 0.01 0.13 0.09 -0.01 0.01 -0.19 -0.01 0.01 0.03

radhist3 0.33 0.17 -0.06 0.04 -0.03 0.07 -0.01 0.06 0.09 -0.22 0.00 0.02 0.03

radhist4 0.30 0.19 -0.11 0.00 -0.06 -0.05 -0.06 0.09 0.11 -0.18 0.03 0.00 0.01

radhist5 0.18 0.18 -0.18 -0.05 -0.11 -0.13 -0.12 0.13 0.14 -0.14 0.03 -0.01 0.00

radhist6 0.07 0.14 -0.23 -0.10 -0.15 -0.16 -0.13 0.15 0.16 -0.12 0.03 -0.03 -0.02

radhist7 -0.02 0.11 -0.29 -0.13 -0.19 -0.17 -0.16 0.13 0.13 -0.12 0.03 -0.03 -0.03

radhist8 -0.08 0.07 -0.33 -0.16 -0.23 -0.17 -0.17 0.12 0.12 -0.14 0.00 -0.02 -0.03

radhist9 -0.05 0.07 -0.33 -0.16 -0.23 -0.15 -0.15 0.14 0.14 -0.15 0.00 -0.02 -0.02

radhist10 0.02 0.11 -0.30 -0.13 -0.23 -0.11 -0.13 0.12 0.11 -0.14 -0.03 -0.01 -0.02

orihist1 -0.05 -0.03 0.06 -0.03 0.05 -0.04 -0.02 0.09 0.08 -0.01 0.07 0.08 0.09

orihist2 -0.07 -0.07 0.13 0.02 0.10 -0.03 0.00 0.08 0.08 0.05 0.01 0.07 0.07

orihist3 0.09 0.08 -0.13 0.00 -0.09 -0.01 0.02 -0.02 -0.02 -0.06 -0.03 -0.15 -0.17

orihist4 0.10 0.09 -0.14 0.01 -0.08 0.03 0.01 -0.07 -0.08 -0.07 -0.01 -0.11 -0.12

orihist5 -0.05 -0.05 0.12 -0.01 0.06 0.01 0.00 -0.02 -0.02 0.07 0.03 0.10 0.12

orihist6 -0.03 -0.02 0.08 -0.02 0.05 -0.04 -0.01 0.07 0.06 0.01 0.08 0.06 0.06

holes 0.10 0.09 0.52 0.21 0.34 0.01 0.10 0.00 0.02 0.36 0.13 0.00 -0.01

radpca1 0.32 0.16 -0.08 0.01 -0.06 0.06 0.01 0.05 0.08 -0.24 0.00 0.01 0.03

radpca2 0.02 -0.10 0.22 0.09 0.14 0.19 0.17 -0.13 -0.12 0.03 -0.03 0.02 0.03

radpca3 0.17 0.04 0.19 0.14 0.15 0.10 0.04 -0.04 -0.02 0.04 0.01 0.03 0.02

oripca1 -0.06 -0.06 0.11 -0.01 0.06 0.01 -0.01 0.00 -0.01 0.06 0.03 0.12 0.13

oripca2 -0.10 -0.09 0.15 0.00 0.10 -0.03 -0.01 0.09 0.09 0.06 0.02 0.11 0.11

oripca3 -0.01 -0.01 0.00 0.03 0.04 0.02 -0.01 0.00 0.00 -0.01 0.02 0.03 0.02

Computation 0.27 0.20 0.51 0.20 0.31 0.02 0.07 0.00 0.02 0.35 0.14 -0.01 -0.02
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(a) (b)

(c) (d)

(e) (f)

Figure 6.9: Best Pearson correlation values obtained between front facing camera
features and the manual features for 2016 image dataset.

92



(a) (b)

(c) (d)

(e) (f)

Figure 6.10: Trait combinations with least correlation obtained between front facing
camera features and the manual features for 2016 image dataset.
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Table 6.9: Pearson correlation values between the automatically extracted features of
2016 trait data and the manually extracted features. The mean feature values from
all the cameras are used in the correlation analysis.

Feature Names SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no. of

roots
0.14 0.17 0.46 0.21 0.31 -0.00 0.09 -0.00 0.01 0.36 0.16 0.03 0.02

Max. no. of

roots
0.18 0.17 0.49 0.26 0.34 -0.04 0.09 0.05 0.06 0.33 0.20 -0.08 -0.09

Total root

length
0.29 0.25 0.57 0.25 0.37 0.00 0.13 0.04 0.06 0.40 0.22 -0.02 -0.03

Depth 0.21 0.18 0.16 0.03 0.08 0.05 0.08 0.00 0.01 0.12 0.06 -0.02 -0.01

Max. width 0.38 0.22 0.36 0.25 0.23 0.16 0.16 -0.06 -0.04 0.12 0.02 -0.11 -0.11

Width-to-

depth ratio
0.26 0.12 0.25 0.22 0.17 0.12 0.11 -0.07 -0.05 0.05 -0.02 -0.09 -0.10

Network area 0.44 0.30 0.59 0.26 0.37 0.10 0.16 0.01 0.04 0.35 0.16 -0.02 -0.03

Convex area 0.41 0.28 0.39 0.21 0.25 0.14 0.16 -0.04 -0.01 0.19 0.06 -0.09 -0.09

Solidity 0.11 0.05 0.37 0.11 0.23 -0.04 0.04 0.08 0.08 0.28 0.16 0.08 0.08

Perimeter 0.24 0.22 0.54 0.24 0.35 0.00 0.09 0.01 0.03 0.40 0.18 -0.03 -0.04

Average radius 0.41 0.27 -0.16 -0.05 -0.12 0.02 -0.06 0.09 0.10 -0.16 -0.04 -0.02 -0.00

Volume 0.57 0.42 0.36 0.20 0.25 0.01 0.05 0.10 0.13 0.24 0.13 -0.01 -0.00

Surface area 0.51 0.38 0.51 0.24 0.33 0.04 0.12 0.07 0.10 0.32 0.18 -0.02 -0.02

Maximum ra-

dius
0.37 0.26 0.39 0.25 0.33 -0.02 -0.02 0.03 0.05 0.28 0.14 -0.06 -0.05

Lower Root

Area
0.42 0.30 0.53 0.21 0.32 0.08 0.15 0.06 0.08 0.34 0.16 0.01 0.01

radhist1 -0.30 -0.14 0.12 0.04 0.10 -0.07 -0.00 -0.04 -0.06 0.26 0.04 -0.02 -0.03

radhist2 0.26 0.09 -0.00 0.02 -0.01 0.15 0.10 -0.02 0.00 -0.20 -0.03 0.01 0.03

radhist3 0.35 0.17 -0.06 0.02 -0.04 0.08 -0.01 0.05 0.07 -0.23 -0.02 0.02 0.04

radhist4 0.32 0.19 -0.11 -0.02 -0.07 -0.02 -0.06 0.10 0.12 -0.19 0.02 -0.01 -0.00

radhist5 0.21 0.19 -0.18 -0.06 -0.11 -0.12 -0.11 0.12 0.13 -0.16 0.04 -0.03 -0.02

radhist6 0.11 0.16 -0.26 -0.11 -0.16 -0.16 -0.13 0.14 0.14 -0.15 0.04 -0.04 -0.03

radhist7 -0.00 0.12 -0.32 -0.14 -0.20 -0.19 -0.16 0.14 0.14 -0.14 0.05 -0.05 -0.04

radhist8 -0.07 0.07 -0.36 -0.17 -0.24 -0.19 -0.17 0.14 0.13 -0.15 0.02 -0.04 -0.04

radhist9 -0.07 0.06 -0.37 -0.19 -0.26 -0.16 -0.17 0.15 0.14 -0.17 -0.00 -0.03 -0.04

radhist10 -0.01 0.10 -0.36 -0.17 -0.25 -0.12 -0.15 0.13 0.13 -0.17 -0.02 -0.02 -0.02

orihist1 -0.06 -0.06 0.05 -0.03 0.05 -0.07 -0.02 0.12 0.11 -0.01 0.07 0.06 0.07

orihist2 -0.09 -0.09 0.14 0.01 0.10 -0.04 0.01 0.08 0.08 0.07 0.03 0.07 0.08

orihist3 0.10 0.09 -0.16 0.01 -0.11 -0.01 -0.01 -0.04 -0.03 -0.08 -0.04 -0.18 -0.19

orihist4 0.11 0.10 -0.16 -0.00 -0.09 0.04 -0.00 -0.08 -0.08 -0.08 -0.02 -0.13 -0.14

orihist5 -0.03 -0.03 0.14 0.02 0.09 0.03 0.02 -0.01 -0.02 0.08 0.03 0.13 0.14

orihist6 -0.05 -0.05 0.04 -0.04 0.03 -0.06 -0.02 0.07 0.06 -0.01 0.06 0.07 0.08

holes 0.12 0.16 0.42 0.23 0.33 -0.05 0.17 0.04 0.07 0.32 0.28 -0.04 -0.04

radpca1 0.33 0.17 -0.10 -0.01 -0.07 0.07 0.01 0.05 0.07 -0.25 -0.02 0.01 0.03

radpca2 0.01 -0.10 0.22 0.10 0.13 0.21 0.18 -0.13 -0.13 0.04 -0.05 0.03 0.04

radpca3 0.19 0.03 0.26 0.15 0.18 0.11 0.04 -0.04 -0.02 0.07 0.00 0.05 0.04

oripca1 -0.05 -0.04 0.09 0.00 0.07 0.03 -0.00 -0.01 -0.02 0.05 0.02 0.12 0.12

oripca2 0.08 0.08 -0.12 -0.00 -0.07 0.01 -0.04 -0.03 -0.02 -0.08 -0.05 -0.14 -0.14

oripca3 0.03 0.00 0.05 -0.02 0.02 0.01 -0.00 0.04 0.04 0.01 -0.02 0.02 0.01

Computation 0.28 0.25 0.51 0.22 0.33 -0.01 0.11 0.02 0.04 0.36 0.22 -0.03 -0.04
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(a) (b)

(c) (d)

(e) (f)

Figure 6.11: Best Pearson correlation values obtained for 2016 dataset between com-
bined features from all cameras and the manual features

95



(a) (b)

(c) (d)

(e) (f)

Figure 6.12: Trait combinations with least correlation obtained for 2016 dataset be-
tween combined features from all cameras and the manual features.
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Table 6.10: Pearson correlation values between the automatically extracted features
of 2016 trait data and the manually extracted features. The feature values from the
front facing camera, averaged over plots, are used in the correlation analysis.

Feature Names SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no. of

roots
0.11 0.19 0.53 0.13 0.27 -0.08 -0.03 0.03 0.04 0.44 0.09 0.04 0.02

Maximum no.

of roots
0.11 0.09 0.50 0.18 0.29 -0.05 0.02 0.06 0.07 0.39 0.10 -0.09 -0.11

Total root

length
0.21 0.17 0.59 0.15 0.31 -0.03 0.02 0.02 0.04 0.45 0.10 -0.03 -0.05

Depth 0.20 0.01 0.24 0.05 0.19 0.26 0.07 -0.09 -0.07 0.12 -0.02 -0.07 -0.09

Maximum

width
0.38 0.13 0.39 0.23 0.25 0.23 0.01 -0.15 -0.14 0.12 -0.09 -0.15 -0.17

Width-to-

depth ratio
0.30 0.12 0.28 0.21 0.16 0.13 -0.03 -0.13 -0.12 0.05 -0.11 -0.12 -0.13

Network area 0.40 0.20 0.63 0.17 0.33 0.10 0.06 -0.02 0.01 0.38 0.11 -0.06 -0.06

Convex area 0.42 0.17 0.45 0.20 0.28 0.25 0.04 -0.10 -0.09 0.20 -0.02 -0.13 -0.16

Solidity 0.07 0.05 0.34 0.00 0.14 -0.17 0.05 0.11 0.12 0.31 0.20 0.07 0.09

Perimeter 0.16 0.14 0.58 0.15 0.31 -0.02 -0.02 0.00 0.01 0.44 0.07 -0.04 -0.06

Average radius 0.39 0.26 -0.24 -0.10 -0.16 -0.04 -0.02 0.09 0.12 -0.18 0.11 -0.05 -0.03

Volume 0.52 0.39 0.36 0.13 0.22 -0.07 -0.03 0.11 0.14 0.27 0.13 -0.05 -0.04

Surface area 0.45 0.31 0.52 0.15 0.28 -0.02 0.02 0.07 0.09 0.37 0.14 -0.05 -0.05

Maximum ra-

dius
0.34 0.23 0.37 0.17 0.30 -0.06 -0.04 0.05 0.07 0.31 0.18 -0.15 -0.13

Lower Root

Area
0.39 0.23 0.56 0.11 0.26 0.08 0.07 0.05 0.07 0.38 0.13 -0.02 -0.02

radhist1 -0.27 -0.08 0.22 0.12 0.23 -0.04 0.03 -0.06 -0.10 0.30 -0.03 -0.04 -0.07

radhist2 0.21 -0.03 -0.08 -0.04 -0.11 0.17 0.02 -0.03 0.01 -0.26 -0.01 0.04 0.07

radhist3 0.34 0.14 -0.17 -0.06 -0.17 0.04 -0.06 0.09 0.13 -0.27 0.03 0.03 0.05

radhist4 0.31 0.22 -0.22 -0.10 -0.19 -0.14 -0.08 0.15 0.17 -0.20 0.10 0.00 0.02

radhist5 0.19 0.26 -0.28 -0.12 -0.22 -0.24 -0.09 0.17 0.18 -0.15 0.12 -0.02 0.00

radhist6 0.08 0.24 -0.28 -0.14 -0.21 -0.29 -0.08 0.18 0.19 -0.09 0.12 -0.05 -0.03

radhist7 -0.02 0.19 -0.35 -0.15 -0.24 -0.31 -0.05 0.18 0.18 -0.09 0.15 -0.06 -0.05

radhist8 -0.08 0.15 -0.40 -0.18 -0.28 -0.30 -0.06 0.17 0.18 -0.12 0.10 -0.04 -0.04

radhist9 -0.02 0.15 -0.42 -0.19 -0.28 -0.26 -0.06 0.15 0.15 -0.15 0.09 -0.04 -0.05

radhist10 0.05 0.20 -0.39 -0.18 -0.27 -0.21 -0.07 0.12 0.13 -0.14 0.04 -0.02 -0.03

orihist1 -0.05 -0.04 0.12 -0.09 0.01 -0.08 0.03 0.04 0.03 0.03 0.10 0.14 0.15

orihist2 -0.15 0.00 0.18 -0.09 0.08 -0.10 -0.05 0.02 -0.01 0.12 0.00 0.17 0.17

orihist3 0.13 0.15 -0.19 0.06 -0.08 0.00 -0.02 -0.04 -0.03 -0.04 -0.01 -0.23 -0.25

orihist4 0.16 0.08 -0.21 0.10 -0.05 0.07 0.05 0.02 0.05 -0.11 0.02 -0.23 -0.24

orihist5 -0.06 -0.16 0.18 -0.02 0.06 0.04 0.02 0.01 0.00 0.05 0.00 0.17 0.19

orihist6 -0.02 -0.06 0.11 -0.06 0.04 -0.09 0.07 0.00 -0.01 0.00 0.12 0.10 0.12

holes 0.07 0.06 0.56 0.16 0.33 -0.04 0.07 0.01 0.02 0.43 0.10 0.01 -0.02

radpca1 0.29 0.11 -0.21 -0.09 -0.20 0.03 -0.04 0.07 0.12 -0.29 0.04 0.03 0.06

radpca2 -0.03 -0.23 0.25 0.11 0.16 0.32 0.09 -0.18 -0.17 0.00 -0.12 0.05 0.05

radpca3 0.26 0.02 0.28 0.15 0.18 0.19 -0.03 -0.03 -0.02 0.04 -0.05 0.04 0.04

oripca1 -0.08 -0.16 0.18 -0.03 0.06 0.03 0.03 0.02 0.01 0.03 0.01 0.19 0.21

oripca2 -0.16 -0.05 0.20 -0.10 0.07 -0.09 -0.04 0.01 -0.02 0.12 0.00 0.22 0.23

oripca3 -0.03 0.01 -0.02 0.00 0.06 0.00 0.03 0.08 0.09 -0.03 0.03 0.02 0.03

Computation 0.22 0.17 0.56 0.12 0.27 -0.05 0.02 0.02 0.04 0.42 0.11 -0.02 -0.04

97



(a) (b)

(c) (d)

(e) (f)

Figure 6.13: Best Pearson correlation values obtained for 2016 dataset between plot
means of features from the front facing camera and the plot means of manual features.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.14: Trait combinations with least correlation for 2016 dataset between plot
means of features from the front facing camera and the plot means of manual features.
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Table 6.11: Pearson correlation values between the automatically extracted features
of 2016 trait data and the manually extracted features. The mean feature values
averaged over plot from all the cameras are used in the correlation analysis.

Feature Names SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Median no. of

roots
0.13 0.20 0.52 0.17 0.32 -0.10 0.03 0.05 0.06 0.43 0.15 0.01 -0.01

Max. no. of

roots
0.12 0.16 0.51 0.22 0.34 -0.14 0.08 0.07 0.09 0.39 0.23 -0.11 -0.12

Total root

length
0.24 0.24 0.58 0.17 0.33 -0.10 0.08 0.06 0.08 0.45 0.23 -0.06 -0.07

Depth 0.24 0.23 0.24 -0.01 0.10 0.07 0.06 -0.02 -0.00 0.21 0.13 -0.05 -0.06

Max. width 0.40 0.15 0.43 0.24 0.26 0.23 0.02 -0.13 -0.11 0.14 -0.08 -0.14 -0.16

Width-to-

depth ratio
0.28 0.04 0.29 0.23 0.20 0.19 -0.01 -0.12 -0.11 0.02 -0.15 -0.12 -0.13

Network area 0.41 0.24 0.64 0.17 0.33 0.07 0.07 -0.01 0.02 0.39 0.14 -0.05 -0.06

Convex area 0.45 0.25 0.47 0.18 0.25 0.18 0.03 -0.08 -0.06 0.25 0.03 -0.12 -0.14

Solidity 0.06 0.02 0.38 0.04 0.21 -0.15 0.07 0.11 0.12 0.31 0.22 0.06 0.09

Perimeter 0.19 0.22 0.56 0.18 0.32 -0.09 0.03 0.04 0.05 0.45 0.17 -0.06 -0.08

Average radius 0.39 0.22 -0.24 -0.12 -0.19 0.03 -0.07 0.06 0.08 -0.21 -0.01 -0.03 -0.01

Volume 0.54 0.41 0.33 0.11 0.19 -0.08 -0.02 0.13 0.15 0.25 0.14 -0.05 -0.04

Surface area 0.47 0.36 0.51 0.14 0.27 -0.05 0.04 0.08 0.11 0.36 0.18 -0.05 -0.06

Maximum ra-

dius
0.34 0.25 0.37 0.18 0.29 -0.06 -0.06 0.03 0.04 0.30 0.16 -0.15 -0.13

Lower Root

Area
0.40 0.26 0.57 0.11 0.26 0.05 0.07 0.06 0.08 0.38 0.15 -0.00 -0.01

radhist1 -0.27 -0.09 0.23 0.14 0.25 -0.07 0.03 -0.05 -0.09 0.30 0.00 -0.03 -0.06

radhist2 0.20 -0.01 -0.09 -0.06 -0.12 0.22 0.03 -0.02 0.02 -0.26 -0.04 0.04 0.07

radhist3 0.34 0.13 -0.17 -0.09 -0.20 0.06 -0.07 0.07 0.11 -0.28 0.00 0.03 0.06

radhist4 0.31 0.20 -0.23 -0.13 -0.22 -0.10 -0.07 0.12 0.15 -0.22 0.09 -0.01 0.00

radhist5 0.20 0.25 -0.28 -0.13 -0.22 -0.23 -0.07 0.15 0.17 -0.16 0.13 -0.04 -0.03

radhist6 0.11 0.23 -0.31 -0.15 -0.23 -0.28 -0.06 0.18 0.19 -0.13 0.14 -0.06 -0.04

radhist7 0.01 0.19 -0.36 -0.16 -0.25 -0.31 -0.04 0.18 0.19 -0.10 0.16 -0.07 -0.06

radhist8 -0.06 0.15 -0.41 -0.18 -0.29 -0.30 -0.05 0.18 0.18 -0.13 0.12 -0.05 -0.05

radhist9 -0.05 0.14 -0.45 -0.21 -0.31 -0.28 -0.06 0.17 0.17 -0.15 0.09 -0.05 -0.06

radhist10 0.01 0.16 -0.44 -0.19 -0.29 -0.22 -0.07 0.14 0.15 -0.17 0.06 -0.04 -0.05

orihist1 -0.05 -0.03 0.10 -0.05 0.02 -0.09 0.06 0.04 0.03 0.03 0.11 0.14 0.16

orihist2 -0.17 -0.03 0.24 -0.05 0.14 -0.10 -0.04 0.02 -0.00 0.17 0.01 0.17 0.17

orihist3 0.09 0.12 -0.23 0.03 -0.14 -0.01 -0.04 -0.05 -0.03 -0.07 -0.02 -0.26 -0.27

orihist4 0.16 0.08 -0.24 0.04 -0.11 0.07 0.04 0.01 0.04 -0.14 0.01 -0.25 -0.25

orihist5 -0.03 -0.10 0.21 0.03 0.13 0.06 0.04 0.02 0.01 0.05 0.02 0.19 0.21

orihist6 -0.04 -0.07 0.07 -0.07 0.01 -0.09 0.06 0.01 -0.01 -0.01 0.09 0.14 0.15

holes 0.11 0.20 0.40 0.21 0.33 -0.14 0.20 0.09 0.12 0.34 0.35 -0.07 -0.09

radpca1 0.29 0.11 -0.21 -0.12 -0.23 0.06 -0.04 0.07 0.11 -0.30 0.01 0.02 0.05

radpca2 -0.03 -0.21 0.25 0.11 0.16 0.34 0.09 -0.17 -0.16 0.01 -0.14 0.06 0.06

radpca3 0.26 -0.01 0.32 0.15 0.19 0.17 -0.06 -0.07 -0.07 0.06 -0.08 0.06 0.06

oripca1 -0.03 -0.12 0.16 0.00 0.08 0.05 0.03 0.01 0.00 0.03 -0.00 0.18 0.19

oripca2 0.06 0.15 -0.26 -0.08 -0.19 0.00 -0.07 -0.04 -0.02 -0.10 -0.05 -0.20 -0.20

oripca3 0.03 0.00 0.07 -0.07 0.04 -0.02 -0.03 0.08 0.06 0.02 -0.10 0.05 0.04

Computation 0.26 0.26 0.53 0.15 0.29 -0.12 0.08 0.06 0.08 0.41 0.24 -0.05 -0.07
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(a) (b)

(c) (d)

(e) (f)

Figure 6.15: Best Pearson correlation values obtained for 2016 dataset between plot
means of combined features of all cameras and the plot means of manual features.

101



(a) (b)

(c) (d)

(e) (f)

Figure 6.16: Trait combinations with least correlation for 2016 dataset between plot
means of combined features of all cameras and the plot means of manual features.
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The Tables 6.12, 6.13, 6.14 and 6.15 show the correlations between the features

extracted by the DIRT system and the manually extracted features. The Table 6.12

shows the correlations between DIRT features extracted from the images of the front

facing camera in the setup box. The Table 6.13 shows the correlations between

DIRT features that were merged from the images of all the cameras. The Table 6.14

shows the correlations between DIRT features, that were averaged over the plot, from

the images of the front facing camera in the setup box. The Table 6.15 shows the

correlations between DIRT features that were averaged over plot, from the images of

all the cameras in the setup box. For the DIRT features, merging is done by taking

mean of the features from all the cameras as the difference in magnification between

Canon G1X and Canon S110 is very small (Section 5.15). For each of these correlation

tables, six highly correlated and least correlated feature combinations were plotted

in the Figures 6.17, 6.18, 6.19, 6.20, 6.21, 6.22, 6.23, 6.24. The correlations between

the features extracted using our multi-camera high-throughput phenotyping system is

consistently better than the correlations between the DIRT features and the manually

extracted features. We also observe that merging features from multiple cameras not

only improved the correlation between the features extracted by our system and the

manual features, but also improved the correlations between the DIRT features and

the manual features. For example, the correlation between the DIRT features from

the front facing camera, Skeleton vertices and Overall complexity is 0.56309 (Figure

6.17). This correlation improved to 0.57695 when the features from all the cameras

were merged (Figure 6.19). This correlation further improved to 0.6017 when the

features were averaged over plots (Figure 6.23). This is due to smoothing the outlier

data that was present in individual camera data and the plant data in each plot.
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Table 6.12: Pearson correlation values between the automatically extracted DIRT
features of 2016 trait data and the manually extracted features. The feature values
from the front facing camera, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.27 0.20 0.56 0.23 0.35 0.05 0.08 0.02 0.04 0.38 0.14 -0.00 -0.01

stemDia 0.43 0.30 0.05 0.08 0.04 0.03 -0.02 0.08 0.08 0.01 0.01 0.03 0.03

avg. Root

Density
0.02 0.04 -0.02 -0.00 -0.01 -0.03 -0.05 0.03 0.02 0.02 -0.03 0.00 0.01

STA range 0.03 0.05 0.08 0.05 0.04 0.02 -0.04 0.04 0.04 0.08 0.05 -0.02 -0.03

STA dom.

angle 1
-0.03 -0.01 -0.05 -0.02 -0.00 -0.02 -0.01 -0.00 0.01 -0.00 0.01 -0.03 -0.04

STA dom.

angle 2
-0.02 -0.02 -0.05 -0.01 -0.00 0.01 0.00 0.05 0.07 -0.01 -0.00 0.01 0.00

STA 25% 1 0.06 0.10 0.01 0.02 0.02 0.02 0.04 -0.05 -0.06 0.03 0.03 -0.03 -0.03

STA 25% 2 -0.00 0.03 -0.02 -0.06 -0.03 -0.02 0.01 -0.02 -0.03 -0.01 0.03 0.03 0.02

STA 50% 1 -0.03 -0.02 0.02 0.03 0.00 0.02 0.05 -0.03 -0.03 0.02 0.05 0.01 0.03

STA 50% 2 -0.03 -0.05 0.02 -0.02 -0.00 -0.00 0.07 -0.01 -0.02 -0.01 0.05 0.12 0.12

STA 75% 1 0.06 0.04 0.03 0.02 0.01 0.02 0.08 -0.02 -0.02 0.02 0.04 -0.02 -0.02

STA 75% 2 0.04 -0.04 0.07 0.04 0.04 -0.01 0.07 0.02 0.02 -0.01 0.04 0.08 0.08

STA 90% 1 0.02 -0.02 0.01 -0.06 -0.04 -0.00 0.02 -0.07 -0.07 -0.02 -0.00 -0.00 -0.00

STA 90% 2 -0.02 -0.08 0.03 -0.05 -0.02 0.00 0.02 0.03 0.03 -0.06 0.02 0.10 0.10

RTA dom.

angle 1
-0.00 -0.01 0.02 -0.02 -0.04 0.03 0.06 -0.07 -0.06 -0.03 -0.02 0.04 0.05

RTA dom.

angle 2
-0.03 -0.07 0.01 -0.04 -0.04 0.01 0.03 -0.01 -0.01 -0.06 -0.02 0.11 0.12

STA min. -0.03 -0.05 -0.07 -0.05 -0.03 -0.02 0.05 -0.04 -0.04 -0.08 -0.04 0.03 0.03

STA max. -0.01 0.01 0.07 0.05 0.06 0.05 0.05 0.02 0.03 0.05 0.07 0.04 0.05

STA median -0.05 -0.10 -0.06 -0.05 -0.04 -0.01 0.00 0.01 0.00 -0.04 -0.04 0.03 0.03

RTA range -0.11 -0.12 0.07 -0.05 0.03 -0.04 0.02 0.13 0.12 -0.00 0.04 0.30 0.31

RTA min. -0.01 -0.01 -0.02 0.01 0.02 -0.02 0.06 -0.02 -0.03 -0.02 -0.00 0.03 0.04

RTA max. 0.01 -0.03 0.15 0.10 0.10 0.06 0.04 0.04 0.04 0.04 0.03 -0.00 0.00

RTA median 0.01 -0.03 0.15 0.10 0.09 0.06 0.02 0.04 0.05 0.04 0.03 -0.01 -0.01

Nr. of RTPs 0.24 0.19 0.50 0.22 0.32 0.05 0.09 0.02 0.03 0.36 0.13 -0.01 -0.03

TD median 0.03 0.03 -0.00 0.03 -0.01 -0.03 -0.04 -0.01 -0.01 -0.00 -0.03 -0.02 -0.02

TD mean 0.05 -0.05 -0.13 -0.08 -0.11 0.13 0.03 -0.08 -0.08 -0.16 -0.07 0.03 0.04

DD90 max. 0.12 0.05 0.10 0.01 0.05 0.12 0.05 -0.07 -0.06 -0.00 -0.01 0.03 0.03

median

Width
0.27 0.21 0.39 0.20 0.25 0.08 0.09 -0.00 0.01 0.21 0.07 -0.05 -0.05

max. Width 0.33 0.18 0.35 0.21 0.21 0.13 0.14 -0.02 -0.01 0.13 0.03 -0.10 -0.10

D10 -0.03 -0.06 0.07 0.07 0.05 0.00 0.05 0.11 0.10 0.01 -0.02 0.05 0.06

D20 0.00 -0.02 0.06 0.07 0.04 0.02 0.06 0.11 0.10 -0.01 -0.03 0.09 0.10

D30 0.02 0.01 0.06 0.06 0.04 0.03 0.06 0.11 0.11 -0.00 -0.04 0.12 0.13
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D40 0.04 0.04 0.06 0.05 0.04 0.05 0.06 0.11 0.11 0.01 -0.04 0.13 0.14

D50 0.05 0.07 0.06 0.06 0.04 0.06 0.06 0.10 0.10 0.01 -0.03 0.13 0.14

D60 0.06 0.09 0.07 0.07 0.05 0.06 0.06 0.09 0.09 0.02 -0.02 0.13 0.14

D70 0.07 0.11 0.09 0.07 0.07 0.05 0.06 0.08 0.08 0.03 -0.01 0.13 0.13

D80 0.07 0.12 0.09 0.06 0.07 0.04 0.06 0.08 0.08 0.05 0.01 0.10 0.11

D90 0.07 0.13 0.10 0.07 0.07 0.03 0.06 0.06 0.06 0.08 0.03 0.08 0.09

DS10 -0.07 -0.05 -0.06 -0.01 -0.01 -0.02 -0.02 -0.07 -0.07 -0.04 0.03 -0.13 -0.13

DS20 -0.09 -0.11 -0.07 -0.01 -0.04 -0.04 -0.04 -0.03 -0.03 -0.06 0.02 -0.14 -0.15

DS30 -0.11 -0.14 -0.09 -0.02 -0.07 -0.05 -0.03 -0.01 -0.01 -0.08 -0.01 -0.12 -0.11

DS40 -0.10 -0.15 -0.09 -0.06 -0.09 -0.06 -0.03 -0.00 -0.01 -0.10 -0.05 -0.06 -0.05

DS50 -0.08 -0.13 -0.11 -0.07 -0.10 -0.04 -0.04 0.01 0.01 -0.09 -0.07 -0.05 -0.05

DS60 -0.07 -0.11 -0.15 -0.07 -0.12 0.00 -0.01 -0.00 -0.00 -0.11 -0.06 -0.01 -0.01

DS70 -0.05 -0.09 -0.14 -0.03 -0.10 0.04 -0.01 0.00 0.00 -0.12 -0.07 0.05 0.04

DS80 -0.03 -0.07 -0.13 -0.07 -0.09 0.01 -0.02 0.02 0.02 -0.13 -0.09 0.07 0.06

DS90 -0.00 -0.03 -0.13 -0.04 -0.06 0.04 -0.00 0.06 0.05 -0.14 -0.10 0.06 0.06

spatial root

distr. X
-0.03 -0.01 0.01 -0.01 0.05 0.03 -0.01 0.01 0.01 -0.01 -0.01 -0.01 -0.01

spatial root

ditr. Y
-0.20 -0.09 -0.12 -0.05 -0.08 -0.17 -0.10 0.00 -0.00 -0.04 0.07 -0.05 -0.05

CPD 25 0.09 0.03 0.22 0.18 0.22 0.03 0.05 0.03 0.03 0.12 0.07 -0.02 -0.02

CPD 50 0.10 0.05 0.22 0.16 0.20 0.02 0.03 -0.04 -0.03 0.14 0.07 -0.05 -0.05

CPD 75 0.07 0.06 0.16 0.13 0.14 0.01 0.02 -0.08 -0.07 0.11 0.05 -0.10 -0.09

CPD 90 0.03 0.01 0.02 0.04 -0.00 0.01 0.01 -0.10 -0.08 -0.00 0.03 -0.08 -0.08

computation

time
0.30 0.21 0.50 0.22 0.31 0.07 0.13 0.01 0.04 0.31 0.14 -0.02 -0.03
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(a) (b)

(c) (d)

(e) (f)

Figure 6.17: Best Pearson correlation values obtained between DIRT features from
the front facing camera and the manual features for 2016 image dataset.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.18: Trait combinations with least correlation between DIRT features from
the front facing camera and the manual features for 2016 image dataset.
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Table 6.13: Pearson correlation values between the automatically extracted DIRT
features of 2016 trait data and the manually extracted features. The mean feature
values from all the cameras, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.28 0.24 0.58 0.24 0.36 0.01 0.10 0.03 0.05 0.40 0.19 -0.01 -0.02

stemDia 0.53 0.38 0.07 0.09 0.04 0.03 -0.01 0.11 0.12 0.03 0.02 0.04 0.05

avg. Root

Density
0.03 0.03 -0.06 -0.03 -0.05 -0.08 -0.08 0.08 0.07 -0.03 -0.04 0.03 0.04

STA range 0.02 0.02 0.10 0.05 0.05 0.02 0.02 0.04 0.05 0.11 0.06 0.02 0.02

STA dom.

angle 1
0.03 0.03 -0.03 0.01 0.02 0.01 0.00 -0.00 -0.01 -0.02 0.01 -0.06 -0.07

STA dom.

angle 2
0.01 -0.02 -0.06 0.02 0.03 0.02 -0.01 0.04 0.04 -0.02 -0.02 -0.01 -0.02

STA 25% 1 0.04 0.05 0.01 0.02 0.01 0.01 0.07 -0.02 -0.03 0.01 0.04 -0.03 -0.02

STA 25% 2 -0.01 -0.00 -0.01 -0.04 -0.04 -0.00 0.04 -0.00 -0.00 -0.05 0.02 0.04 0.04

STA 50% 1 0.01 0.00 0.04 0.08 0.04 0.01 0.05 -0.03 -0.04 0.01 0.00 -0.01 -0.00

STA 50% 2 -0.00 -0.02 0.02 0.04 0.01 0.01 0.05 0.00 0.01 -0.04 0.04 0.16 0.17

STA 75% 1 0.02 -0.02 0.03 0.03 0.01 0.01 0.04 -0.04 -0.04 -0.01 0.00 -0.03 -0.02

STA 75% 2 -0.04 -0.10 0.06 0.02 0.04 -0.00 0.03 0.01 0.02 -0.04 -0.01 0.10 0.11

STA 90% 1 -0.01 -0.04 -0.00 -0.02 -0.02 0.01 0.03 -0.05 -0.05 -0.02 -0.04 0.00 0.02

STA 90% 2 -0.06 -0.10 0.01 -0.04 -0.01 -0.01 0.00 0.04 0.04 -0.05 -0.03 0.15 0.17

RTA dom.

angle 1
-0.02 -0.07 -0.01 -0.02 -0.04 -0.00 0.03 -0.06 -0.06 -0.06 -0.02 0.02 0.03

RTA dom.

angle 2
-0.07 -0.11 0.01 -0.01 0.00 -0.02 0.02 -0.03 -0.02 -0.05 -0.00 0.14 0.15

STA min. -0.04 -0.05 -0.14 -0.07 -0.08 -0.02 -0.01 -0.06 -0.06 -0.14 -0.05 0.00 0.00

STA max. -0.02 -0.03 0.01 0.01 -0.02 0.00 0.01 -0.00 0.01 0.01 0.04 0.03 0.03

STA median -0.04 -0.07 -0.09 -0.04 -0.04 -0.02 -0.01 -0.00 -0.00 -0.08 -0.00 0.04 0.04

RTA range -0.13 -0.14 0.10 -0.05 0.04 -0.04 0.04 0.14 0.13 0.02 0.04 0.32 0.33

RTA min. -0.04 -0.02 -0.02 -0.03 -0.03 -0.03 0.05 -0.03 -0.03 -0.04 -0.02 0.02 0.03

RTA max. 0.00 -0.08 0.20 0.10 0.12 0.07 0.05 0.01 0.01 0.01 -0.00 0.05 0.06

RTA median 0.01 -0.07 0.20 0.11 0.12 0.07 0.05 0.02 0.01 0.02 -0.00 0.05 0.05

Nr. of RTPs 0.25 0.23 0.52 0.23 0.34 0.01 0.11 0.02 0.04 0.38 0.19 -0.02 -0.03

TD median 0.06 0.02 -0.03 -0.01 -0.04 -0.02 -0.07 -0.05 -0.04 -0.05 -0.07 -0.02 -0.02

TD mean 0.08 -0.07 -0.12 -0.07 -0.12 0.20 0.03 -0.10 -0.10 -0.19 -0.16 0.05 0.06

DD90 max. 0.19 0.06 0.13 0.06 0.08 0.20 0.05 -0.09 -0.08 -0.02 -0.07 0.03 0.04

median

Width
0.28 0.20 0.43 0.23 0.29 0.10 0.12 -0.02 -0.00 0.22 0.06 -0.04 -0.04

max. Width 0.37 0.20 0.40 0.24 0.24 0.13 0.16 -0.02 -0.01 0.16 0.04 -0.10 -0.11

D10 -0.06 -0.11 0.07 0.08 0.07 0.02 0.07 0.09 0.08 -0.01 -0.03 0.06 0.06

D20 -0.02 -0.08 0.06 0.08 0.05 0.04 0.08 0.10 0.09 -0.03 -0.05 0.10 0.11

D30 -0.00 -0.05 0.06 0.07 0.05 0.06 0.08 0.09 0.09 -0.03 -0.07 0.14 0.14
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D40 0.01 -0.03 0.05 0.06 0.05 0.08 0.09 0.09 0.09 -0.03 -0.08 0.15 0.15

D50 0.02 -0.01 0.05 0.06 0.05 0.09 0.09 0.08 0.08 -0.02 -0.08 0.15 0.15

D60 0.03 0.01 0.05 0.06 0.06 0.10 0.09 0.07 0.07 -0.02 -0.07 0.15 0.15

D70 0.03 0.03 0.06 0.06 0.06 0.09 0.09 0.07 0.06 -0.01 -0.06 0.14 0.14

D80 0.03 0.05 0.07 0.06 0.07 0.08 0.08 0.06 0.06 0.01 -0.05 0.12 0.12

D90 0.03 0.06 0.09 0.07 0.07 0.06 0.07 0.06 0.05 0.05 -0.02 0.10 0.10

DS10 -0.06 -0.03 -0.07 -0.02 -0.02 -0.05 -0.03 -0.09 -0.09 -0.02 0.07 -0.16 -0.16

DS20 -0.09 -0.09 -0.07 -0.02 -0.05 -0.08 -0.05 -0.04 -0.05 -0.04 0.04 -0.17 -0.17

DS30 -0.10 -0.11 -0.08 -0.02 -0.06 -0.09 -0.04 -0.01 -0.01 -0.07 0.03 -0.13 -0.13

DS40 -0.08 -0.11 -0.09 -0.05 -0.09 -0.09 -0.05 0.01 0.00 -0.08 0.00 -0.07 -0.06

DS50 -0.07 -0.11 -0.11 -0.07 -0.11 -0.07 -0.05 0.03 0.03 -0.09 -0.03 -0.04 -0.04

DS60 -0.06 -0.11 -0.14 -0.07 -0.13 -0.01 -0.02 0.02 0.02 -0.11 -0.05 -0.01 -0.01

DS70 -0.04 -0.09 -0.14 -0.04 -0.11 0.03 0.00 0.00 -0.00 -0.11 -0.06 0.04 0.04

DS80 -0.02 -0.08 -0.16 -0.07 -0.10 0.02 0.01 0.02 0.02 -0.15 -0.10 0.07 0.06

DS90 -0.00 -0.04 -0.17 -0.05 -0.09 0.05 0.02 0.05 0.05 -0.18 -0.13 0.09 0.08

spatial root

distr. X
-0.01 -0.01 0.01 -0.02 0.02 0.03 0.00 -0.00 0.01 0.00 0.02 -0.00 -0.01

spatial root

ditr. Y
-0.23 -0.15 -0.15 -0.05 -0.08 -0.13 -0.11 -0.03 -0.04 -0.07 0.02 -0.06 -0.07

CPD 25 0.16 0.08 0.29 0.20 0.28 0.02 0.04 0.00 0.02 0.17 0.13 -0.04 -0.03

CPD 50 0.12 0.06 0.29 0.21 0.30 0.04 0.04 -0.02 -0.00 0.18 0.12 -0.08 -0.08

CPD 75 0.11 0.07 0.21 0.17 0.23 0.06 0.06 -0.06 -0.04 0.12 0.08 -0.11 -0.11

CPD 90 0.10 0.06 0.09 0.09 0.07 0.07 0.08 -0.11 -0.08 0.01 0.03 -0.09 -0.09

computation

time
0.32 0.24 0.52 0.23 0.33 0.03 0.13 0.03 0.05 0.32 0.18 -0.02 -0.03
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(a) (b)

(c) (d)

(e) (f)

Figure 6.19: Best Pearson correlation values obtained between DIRT features from
the combined mean features from all the cameras and the manual features for 2016
image dataset.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.20: Trait combinations with least correlation between DIRT features from
the combined mean features from all the cameras and the manual features for 2016
image dataset.

111



Table 6.14: Pearson correlation values between the automatically extracted DIRT
features of 2016 trait data and the manually extracted features. The feature values
from the front facing camera, averaged over plots, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.20 0.16 0.60 0.14 0.31 -0.02 -0.01 0.02 0.04 0.45 0.09 -0.02 -0.04

stemDia 0.51 0.35 -0.03 0.03 -0.01 0.01 -0.08 0.12 0.12 -0.06 -0.01 0.02 0.01

avg. Root

Density
0.04 0.10 -0.04 -0.03 -0.06 -0.08 -0.08 0.07 0.06 0.03 -0.06 -0.00 0.00

STA range 0.06 0.10 0.07 0.04 0.04 0.01 -0.01 -0.02 -0.01 0.17 0.04 -0.00 -0.01

STA dom.

angle 1
-0.05 -0.00 -0.10 -0.03 -0.05 -0.03 -0.03 -0.05 -0.05 -0.02 0.00 -0.08 -0.10

STA dom.

angle 2
-0.02 -0.04 -0.07 -0.02 -0.06 -0.02 -0.04 0.04 0.05 0.08 -0.00 -0.07 -0.10

STA 25% 1 0.11 0.18 0.06 0.14 0.12 0.00 0.13 -0.04 -0.04 0.09 0.10 -0.06 -0.07

STA 25% 2 0.08 0.11 0.02 0.03 0.05 0.03 0.14 -0.03 -0.04 0.08 0.09 0.02 0.01

STA 50% 1 -0.01 0.07 0.00 0.06 0.05 0.04 0.06 -0.01 -0.02 0.03 -0.01 -0.03 -0.02

STA 50% 2 -0.03 0.02 -0.04 -0.03 -0.05 -0.03 0.11 0.04 0.02 -0.02 0.02 0.14 0.15

STA 75% 1 0.10 0.08 0.04 0.02 -0.01 0.01 0.00 -0.04 -0.04 0.04 0.07 -0.09 -0.09

STA 75% 2 0.11 -0.06 0.12 0.04 0.03 -0.08 0.10 0.00 0.02 0.00 0.10 0.10 0.11

STA 90% 1 0.05 -0.01 -0.00 -0.03 -0.08 -0.01 -0.03 -0.10 -0.09 -0.02 -0.01 -0.04 -0.04

STA 90% 2 0.05 -0.09 0.04 -0.05 -0.04 0.03 0.04 -0.05 -0.03 -0.13 0.07 0.16 0.15

RTA dom.

angle 1
0.06 0.01 0.04 0.06 -0.03 0.02 0.00 -0.13 -0.12 -0.03 -0.02 0.03 0.04

RTA dom.

angle 2
0.04 -0.07 0.06 0.04 -0.01 0.01 -0.00 -0.09 -0.08 -0.10 -0.02 0.15 0.15

STA min. -0.06 -0.11 -0.06 -0.03 -0.02 0.00 0.02 0.02 0.01 -0.16 -0.03 0.00 0.01

STA max. -0.03 -0.04 0.11 0.10 0.16 0.06 0.06 -0.00 0.01 0.09 0.12 -0.02 -0.02

STA median -0.21 -0.21 -0.10 -0.15 -0.05 -0.02 0.02 0.04 0.05 -0.11 -0.01 0.03 0.03

RTA range -0.06 -0.09 0.10 -0.15 -0.04 -0.05 0.02 0.11 0.09 -0.04 0.01 0.37 0.39

RTA min. -0.02 -0.02 0.01 0.06 0.02 -0.04 0.01 0.01 0.00 -0.05 0.04 0.03 0.05

RTA max. 0.02 -0.08 0.21 0.16 0.16 0.15 -0.01 -0.01 -0.01 0.05 -0.06 -0.04 -0.03

RTA median 0.02 -0.08 0.21 0.14 0.15 0.15 -0.01 -0.01 -0.01 0.06 -0.06 -0.04 -0.03

Nr. of RTPs 0.20 0.18 0.53 0.16 0.31 -0.02 0.02 0.03 0.05 0.43 0.10 -0.04 -0.06

TD median 0.09 -0.11 -0.13 -0.07 -0.11 0.27 0.05 -0.08 -0.08 -0.22 -0.07 0.02 0.05

TD mean 0.09 -0.11 -0.13 -0.07 -0.11 0.27 0.05 -0.08 -0.08 -0.22 -0.07 0.02 0.05

DD90 max. 0.20 0.04 0.15 0.05 0.08 0.23 0.04 -0.14 -0.14 -0.08 -0.06 -0.00 0.01

median

Width
0.34 0.24 0.50 0.16 0.27 0.12 0.00 -0.04 -0.04 0.27 0.02 -0.07 -0.08

max. Width 0.37 0.14 0.45 0.22 0.26 0.21 0.01 -0.08 -0.06 0.17 -0.06 -0.13 -0.15

D10 -0.03 -0.09 0.11 0.12 0.09 -0.03 0.06 0.03 0.04 0.05 -0.04 0.10 0.12

D20 0.00 -0.05 0.10 0.12 0.07 0.01 0.04 0.03 0.03 0.01 -0.09 0.16 0.18

D30 0.04 0.01 0.12 0.12 0.08 0.05 0.03 0.02 0.03 -0.00 -0.12 0.20 0.22
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D40 0.07 0.07 0.13 0.12 0.09 0.06 0.02 0.03 0.03 0.01 -0.12 0.20 0.21

D50 0.10 0.11 0.14 0.13 0.10 0.05 0.00 0.03 0.04 0.03 -0.11 0.19 0.21

D60 0.13 0.15 0.17 0.13 0.11 0.04 -0.01 0.04 0.04 0.06 -0.09 0.20 0.21

D70 0.15 0.18 0.18 0.11 0.10 0.02 -0.02 0.05 0.04 0.09 -0.06 0.19 0.21

D80 0.15 0.21 0.17 0.09 0.07 -0.03 -0.02 0.06 0.06 0.12 -0.02 0.17 0.19

D90 0.14 0.23 0.18 0.10 0.06 -0.07 -0.01 0.07 0.07 0.19 0.03 0.13 0.15

DS10 -0.11 -0.11 -0.12 -0.03 -0.04 -0.08 0.08 -0.07 -0.06 -0.02 0.13 -0.22 -0.22

DS20 -0.13 -0.18 -0.17 -0.02 -0.08 -0.15 0.06 -0.01 0.01 -0.03 0.14 -0.22 -0.22

DS30 -0.20 -0.25 -0.22 -0.07 -0.15 -0.11 0.02 -0.01 0.01 -0.06 0.09 -0.13 -0.12

DS40 -0.19 -0.26 -0.22 -0.12 -0.15 -0.06 0.01 -0.02 -0.02 -0.16 -0.02 -0.01 -0.00

DS50 -0.20 -0.25 -0.25 -0.11 -0.15 0.02 0.02 -0.04 -0.03 -0.22 -0.09 -0.01 -0.01

DS60 -0.18 -0.23 -0.26 -0.08 -0.14 0.08 0.03 -0.04 -0.02 -0.24 -0.12 -0.01 -0.03

DS70 -0.07 -0.17 -0.18 0.01 -0.05 0.14 0.00 -0.02 -0.01 -0.24 -0.16 0.05 0.03

DS80 -0.04 -0.15 -0.15 -0.07 -0.08 0.11 -0.08 -0.03 -0.02 -0.28 -0.22 0.11 0.10

DS90 0.02 -0.09 -0.16 -0.05 -0.07 0.17 -0.09 -0.02 -0.02 -0.28 -0.23 0.17 0.17

spatial root

distr. X
-0.05 -0.07 0.11 0.05 0.15 -0.01 0.01 0.01 -0.02 0.05 0.03 -0.02 -0.01

spatial root

ditr. Y
-0.28 -0.03 -0.26 -0.11 -0.19 -0.32 -0.04 0.08 0.06 -0.09 0.15 -0.06 -0.05

CPD 25 0.10 -0.03 0.27 0.24 0.31 0.00 0.06 0.03 0.03 0.19 0.14 -0.12 -0.12

CPD 50 0.11 0.03 0.28 0.18 0.25 -0.01 0.07 -0.02 -0.01 0.23 0.16 -0.17 -0.16

CPD 75 0.08 0.07 0.19 0.11 0.15 -0.01 0.07 -0.01 0.01 0.15 0.15 -0.21 -0.19

CPD 90 0.07 0.02 0.03 0.03 0.01 0.03 0.06 -0.07 -0.05 -0.03 0.06 -0.20 -0.18

computation

time
0.28 0.19 0.57 0.15 0.29 0.02 0.05 0.02 0.04 0.39 0.12 -0.02 -0.04
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(a) (b)

(c) (d)

(e) (f)

Figure 6.21: Best Pearson correlation values obtained between DIRT features from
the front facing camera and the manual features for 2016 image dataset. The traits
were averaged over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.22: Trait combinations with least correlation between DIRT features from
the front facing camera and the manual features for 2016 image dataset. The traits
were averaged over plots before correlation analysis.
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Table 6.15: Pearson correlation values between the automatically extracted DIRT
features of 2016 trait data and the manually extracted features. The mean feature
values from all the cameras, averaged over plots, are used in the correlation analysis.

Feature

Names
SD TR OC NS ND NUR LRDU MDUA MEUA NLR LRDL MDLA MELA

Skeleton Ver-

tices
0.22 0.22 0.60 0.16 0.32 -0.08 0.03 0.04 0.05 0.46 0.17 -0.04 -0.06

stemDia 0.58 0.41 -0.01 0.02 -0.01 -0.01 -0.09 0.16 0.16 -0.04 0.02 0.04 0.03

avg. Root

Density
0.00 0.06 -0.15 -0.11 -0.14 -0.19 -0.11 0.15 0.15 -0.06 -0.01 0.02 0.04

STA range 0.01 0.02 0.15 0.07 0.11 -0.01 0.03 -0.01 0.01 0.20 0.04 0.00 0.00

STA dom.

angle 1
0.03 0.12 -0.06 0.06 0.03 -0.00 0.01 -0.02 -0.02 0.03 0.12 -0.16 -0.18

STA dom.

angle 2
0.01 -0.02 -0.09 0.00 -0.02 0.04 -0.07 0.05 0.05 -0.01 -0.01 -0.10 -0.12

STA 25% 1 0.09 0.11 -0.00 0.13 0.05 0.01 0.14 -0.06 -0.06 -0.00 0.17 -0.06 -0.05

STA 25% 2 0.05 0.06 0.01 -0.03 -0.04 0.09 0.07 -0.00 -0.01 -0.03 0.03 0.06 0.07

STA 50% 1 0.00 0.04 0.04 0.13 0.09 0.05 -0.01 -0.06 -0.07 0.02 -0.03 -0.01 0.00

STA 50% 2 -0.00 -0.02 -0.05 0.01 0.00 0.02 0.05 0.06 0.05 -0.09 0.01 0.20 0.23

STA 75% 1 0.07 0.02 0.09 0.07 0.05 0.03 -0.02 -0.09 -0.10 0.00 -0.02 -0.03 -0.01

STA 75% 2 0.03 -0.10 0.13 -0.01 0.03 0.05 0.03 -0.05 -0.05 -0.05 -0.04 0.13 0.16

STA 90% 1 -0.03 -0.06 0.02 0.01 -0.04 0.04 -0.00 -0.12 -0.14 -0.03 -0.07 0.00 0.03

STA 90% 2 -0.08 -0.14 -0.00 -0.11 -0.07 0.07 -0.02 -0.07 -0.08 -0.15 -0.08 0.22 0.24

RTA dom.

angle 1
0.03 -0.07 0.02 0.03 -0.03 0.02 0.04 -0.09 -0.10 -0.06 -0.02 0.02 0.04

RTA dom.

angle 2
-0.01 -0.10 0.06 0.04 0.04 0.04 0.02 -0.06 -0.06 -0.13 -0.02 0.18 0.21

STA min. -0.04 -0.05 -0.20 -0.04 -0.10 -0.01 -0.04 -0.03 -0.04 -0.23 0.00 0.03 0.04

STA max. -0.04 -0.03 0.01 0.06 0.05 -0.03 -0.00 -0.05 -0.03 0.05 0.06 0.05 0.05

STA median -0.10 -0.12 -0.17 -0.05 -0.06 -0.06 -0.03 0.01 0.02 -0.14 0.04 0.06 0.06

RTA range -0.12 -0.12 0.14 -0.12 0.02 -0.05 0.05 0.10 0.08 -0.01 0.02 0.38 0.40

RTA min. -0.05 -0.01 -0.02 -0.06 -0.06 -0.03 0.00 0.01 0.00 -0.04 0.04 0.06 0.08

RTA max. 0.02 -0.13 0.25 0.13 0.15 0.20 -0.05 -0.05 -0.05 -0.00 -0.12 0.05 0.06

RTA median 0.02 -0.13 0.25 0.13 0.16 0.20 -0.06 -0.05 -0.05 0.00 -0.13 0.05 0.06

Nr. of RTPs 0.22 0.23 0.55 0.17 0.32 -0.09 0.05 0.04 0.06 0.44 0.18 -0.05 -0.08

TD median 0.11 0.04 -0.08 -0.04 -0.13 0.01 -0.16 -0.06 -0.08 -0.13 -0.15 -0.06 -0.05

TD mean 0.10 -0.14 -0.12 -0.06 -0.11 0.35 -0.02 -0.13 -0.13 -0.24 -0.19 0.04 0.06

DD90 max. 0.21 -0.02 0.12 0.04 0.05 0.35 -0.04 -0.18 -0.17 -0.11 -0.15 0.04 0.05

median

Width
0.35 0.20 0.53 0.20 0.30 0.13 -0.00 -0.06 -0.06 0.26 0.01 -0.05 -0.06

max. Width 0.39 0.15 0.47 0.22 0.27 0.19 0.03 -0.09 -0.07 0.19 -0.04 -0.13 -0.15

D10 -0.07 -0.19 0.11 0.15 0.12 0.04 0.10 -0.00 0.01 0.02 -0.09 0.09 0.10

D20 -0.03 -0.15 0.11 0.15 0.12 0.10 0.08 -0.00 0.00 -0.03 -0.14 0.15 0.16

D30 0.01 -0.11 0.11 0.14 0.12 0.14 0.06 -0.00 -0.00 -0.05 -0.18 0.19 0.20
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D40 0.04 -0.07 0.11 0.13 0.12 0.16 0.04 0.00 0.01 -0.06 -0.20 0.20 0.21

D50 0.06 -0.03 0.12 0.14 0.13 0.17 0.03 0.01 0.01 -0.04 -0.20 0.20 0.21

D60 0.09 -0.00 0.13 0.14 0.13 0.17 0.01 0.01 0.01 -0.02 -0.18 0.20 0.21

D70 0.12 0.04 0.13 0.11 0.11 0.14 -0.00 0.02 0.01 0.00 -0.17 0.20 0.21

D80 0.12 0.07 0.14 0.10 0.10 0.10 -0.01 0.03 0.02 0.04 -0.14 0.18 0.20

D90 0.13 0.10 0.17 0.10 0.09 0.05 0.00 0.04 0.04 0.11 -0.08 0.15 0.16

DS10 -0.08 -0.04 -0.13 -0.06 -0.08 -0.16 0.09 -0.06 -0.05 0.02 0.21 -0.24 -0.25

DS20 -0.13 -0.12 -0.18 -0.05 -0.12 -0.24 0.06 0.00 0.02 -0.00 0.19 -0.22 -0.22

DS30 -0.20 -0.17 -0.18 -0.08 -0.14 -0.20 0.05 -0.00 0.01 -0.01 0.16 -0.15 -0.15

DS40 -0.18 -0.18 -0.22 -0.13 -0.18 -0.15 0.04 -0.02 -0.01 -0.12 0.08 -0.05 -0.04

DS50 -0.21 -0.21 -0.26 -0.14 -0.20 -0.05 0.03 -0.01 0.01 -0.22 -0.01 -0.02 -0.01

DS60 -0.21 -0.22 -0.25 -0.09 -0.13 0.05 0.04 0.00 0.01 -0.23 -0.07 -0.02 -0.03

DS70 -0.12 -0.18 -0.19 -0.01 -0.06 0.14 0.04 -0.02 -0.01 -0.24 -0.12 0.06 0.04

DS80 -0.06 -0.16 -0.22 -0.08 -0.09 0.12 -0.04 -0.01 0.00 -0.30 -0.18 0.11 0.09

DS90 -0.03 -0.12 -0.22 -0.07 -0.09 0.17 -0.07 -0.01 -0.02 -0.33 -0.24 0.18 0.17

spatial root

distr. X
0.01 -0.06 0.10 0.06 0.13 0.01 0.07 0.03 0.03 0.08 0.11 -0.05 -0.06

spatial root

ditr. Y
-0.32 -0.16 -0.27 -0.08 -0.15 -0.23 -0.05 0.04 0.02 -0.15 0.05 -0.08 -0.07

CPD 25 0.14 0.05 0.33 0.23 0.35 -0.02 0.09 -0.03 -0.01 0.22 0.21 -0.13 -0.12

CPD 50 0.11 0.04 0.36 0.22 0.34 0.02 0.12 -0.05 -0.02 0.24 0.21 -0.21 -0.20

CPD 75 0.13 0.07 0.30 0.18 0.26 0.05 0.14 -0.08 -0.05 0.17 0.19 -0.25 -0.24

CPD 90 0.19 0.06 0.16 0.11 0.14 0.12 0.13 -0.16 -0.11 -0.02 0.08 -0.22 -0.19

computation

time
0.31 0.24 0.57 0.16 0.30 -0.05 0.06 0.03 0.05 0.39 0.18 -0.04 -0.06
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(a) (b)

(c) (d)

(e) (f)

Figure 6.23: Best Pearson correlation values obtained between DIRT features from
the combined mean features from all the cameras and the manual features for 2016
image dataset. The traits were averaged over plots before correlation analysis.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.24: Trait combinations with least correlation between DIRT features from
the combined mean features from all the cameras and the manual features for 2016
image dataset. The traits were averaged over plots before correlation analysis.
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6.3 Average standard deviation of digital traits

across cameras

The Tables 6.16 and 6.17 show the average standard deviation for each feature trait

across all the cameras. The features Total root length, Depth, Maximum width, Net-

work area, Convex area, Perimeter, Average radius, Volume, Surface area, Maximum

radius and Lower Root Area are first converted from pixel units to the physical units

before computing the average standard deviation of traits across the cameras. The

physical unit for length used is millimeters, for area it is mm2 and for Volume trait,

we converted the feature value to mm3.

From the Tables 6.16 and 6.17, we observe that the features have reasonable

standard deviations across the cameras. For example, when a plant root is viewed

from a different angle using a camera, it records new roots that may not be recorded

when the images were taken at other angles. As a result a number of lateral roots

can be observed which adds up to the total root length for the image taken from a

specific angle. Specifically, the SD increases in cases where the plant root spreads in

one plane instead of spreading equally in all directions. It is due to this observation

of new roots when viewed at various angles, we also observe large variance for the

convex area volume and surface area features.

We also observe that there is a significant increase in the standard deviation of

the features for the data imaged in the years 2015 and 2016. This is because in

the year 2015, we collected images from both soybean and cotton plant roots. These

cotton plant roots have similar size compared to the soybean plant roots, with a much

simpler root system architecture. Further, a majority of soybean plant roots imaged

in 2015 have simpler root system architecture compared to the images taken in 2016.
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(a) (b)

Figure 6.25: Histograms of the overall complexity manual feature for the years 2015
and 2016.

The Figure 6.25 show the number of plant roots that were manually assigned various

overall complexity values for the datasets of the years 2015 and 2016. From these

figures, in case of simpler root architectures, all the cameras capture all the lateral

roots, without having the problem of some front lateral roots obstructing the view of

other lateral roots in the image. As a result, all the cameras identify many sub-roots

of the plant root, resulting in the extracted features having lesser variance among the

cameras.

Considering that these features have the physical units of mm, mm2 and mm3,

we observe that these standard deviations are within reasonable limits for the corre-

sponding features.
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Table 6.16: Average SD of the traits across all the cameras for the data collected in
the year 2015. The mean feature values averaged over plot from all the cameras are
used in the correlation analysis.

Feature Names Average Standard Deviation across cameras

Median no. of roots 0.82

Maximum no. of roots 3.82

Total root length 409.01

Depth 10.05

Maximum width 31.16

Width-to-depth ratio 0.24

Network area 270.62

Convex area 3238.71

Solidity 0.03

Perimeter 332.87

Average radius 0.08

Volume 3601.3

Surface area 2262.55

Maximum radius 0.47

LowerRootArea 292.73

radhist1 0.04

radhist2 0.05

radhist3 0.04

radhist4 0.03

radhist5 0.02

radhist6 0.02

radhist7 0.02

radhist8 0.02

radhist9 0.02

radhist10 0.02

orihist1 0.03

orihist2 0.06

orihist3 0.05

orihist4 0.05

orihist5 0.06

orihist6 0.03

holes 80.8
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Table 6.17: Average SD of the traits across all the cameras for the data collected
in the year 2016. The mean feature values from all the cameras are used in the
correlation analysis.

Feature Names Average Standard Deviation across cameras

Median no. of roots 1.65

Maximum no. of roots 7.15

Total root length 1008.68

Depth 13.14

Maximum width 28.32

Width-to-depth ratio 0.17

Network area 578.55

Convex area 3536.67

Solidity 0.03

Perimeter 808.52

Average radius 0.13

Volume 9546.53

Surface area 4689.29

Maximum radius 0.79

Lower Root Area 596.74

radhist1 0.02

radhist2 0.03

radhist3 0.03

radhist4 0.02

radhist5 0.01

radhist6 0.01

radhist7 0.01

radhist8 0.01

radhist9 0.01

radhist10 0.01

orihist1 0.02

orihist2 0.04

orihist3 0.03

orihist4 0.03

orihist5 0.03

orihist6 0.01

holes 535.4

radpca1 0.04

radpca2 0.03

radpca3 0.02

oripca1 0.07

oripca2 0.07

oripca3 0.03

Computation 12.46
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Chapter 7

Summary and concluding remarks

In this study we designed a new multi-camera plant root phenotyping system which

is capable of imaging the plant roots at hundreds of root per day. Additionally we

implemented a reliable segmentation algorithm which can efficiently retrieve the root

structure from the images. The segmentation program implemented is also capable

of utilizing advanced CPU and GPU resources present on the PC to achieve faster

segmentation rates without compromising on the quality of the segmentation process.

We have extracted a variety of features, some are based on the size and appearance

of the plant root, while other features extracted were intended to extract hidden

structures or additional information about the plant roots. We are also comparing

our methods and our extracted features and found to be faster, more similar to the

manually extracted features than the current existing methods. We have also shown

through various experiments that this system is much faster and is more suitable for

high-throughput phenotyping as we optimized every step from the imaging process to

the feature extraction process. Finally, we have shown that with the features from the
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(a) (b) (c)

(d) (e)

Figure 7.1: Images taken at different times of the day.

multi-camera high-thorughput phenotyping system, we can extract better correlated

features than using single camera phenotyping systems. Our system is also much

faster than the single camera systems that take images of plant roots from different

perspectives with the help of a turn table.

Future directions in improving this system includes improving the segmentation

process so that we no longer have the need to install advanced hardware to run

the segmentation program. Here, we discuss one idea that may finally lead to the

segmentation program become computationally less intensive. Consider the images

shown in the Figure 7.1. These images, taken in 2016, show a lot of variation of

background colors from image to image. Since, one of the faces of the experimental

setup box is covered with cloth, there may be a chance for sunlight to enter into

the box, which leads to several background colors in several images. Segmenting all

these images requires EM algorithm to perform several iterations before retrieving
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the plant root structure. Sometimes the segmentation may result in bad output due

excessive light or too much darkness in the setup box. The kind of internal lights

that we select also changes the background color. In such a case, instead of running

EM on every image, we get the histograms of the red, green and blue channels of

the images and cluster them into groups having similar histograms. For each of

these groups, we run EM algorithm on one or two images in the group and save the

parameters obtained from the output of the EM algorithm. When a new image of

similar histogram arrives from the imaging box, we try to match the histogram of

the new image with the histograms of the clusters. The cluster that has the most

similar histogram will be identified and its stored parameters of the EM algorithm

are retrieved Using these parameters, we proceed towards directly retrieving the plant

root structure. This procedure eliminates the need for having a high-end hardware

accelerated system and further improves the segmentation speed.

Future improvements in image feature extraction include new features such as the

extraction of root angles from the images. This task may be challenging, because

the angles determined from one image need not necessarily be the real root angle

measured manually. This is because the angle at which the image is taken may

change the measurement of root angle. Another improvement is, to explore better

ways of merging the features from multiple cameras instead of using the mean across

all the cameras. For example, for the image trait called maximum width, instead of

taking mean across all the cameras for the maximum width, it would be better to

take the maximum value across all the cameras. This will enable us to move closer

to the manually extracted features and improve correlation.

Finally, with this current experimental setup and the software for phenotyping
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traits from the images, we can also proceed towards analysis on genotype separability.

This will also allow us to perform some experiments on variation of traits in genotype,

identification of genotypes that contribute specific traits or even identify candidate

genotypes for drought resistance.
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Appendix A

Programming the Camera System

This section describes how cameras are mounted in the setup box and programmed

so that these cameras take photos of the same plant root at different angles.

Controlling Canon PowerShot cameras remotely or by using USB requires a special

software to be installed on the SD Card called CHDK (short form for Canon Hacker

Development Kit). CHDK is a firmware enhancement program that allows user to

perform enhanced operations by the user, which would not be possible otherwise. It

allows user to perform varietly of tasks such as remote control, control the camera

through a USB interface, programmatically change focal length, aperture, exposure

time, ISO speed, change modes of the camera such as macro mode, manual focusing

and even taking pictures remotely and downloading them. The easiest way to install

CHDK on a Canon camera is done by the tool called STICK [46]. Stick program easily

installs CHDK on the SD card. We can always remove the CHDK installation by

deleting the CHDK files on the SD card or by formating the SD card after backing up

all the image data. After installing the CHDK on the SD cards of all the cameras that
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we wish to control, we can check the CHDK installation by turning on the cameras.

Immediately after turning the cameras on, we see a CHDK logo on the screen of the

cameras. This confirms that the software has been installed successfully. For this

study, we installed and collected data using CHDK version 1.3.

Before turning on, these cameras are mounted at specific positions in the exper-

imental setup box. The power and USB cables are connected to the cameras. For

an uninterrupted power supply, the power needs to be fed from a generator. The

other end of the USB cables, each conencted to a different camera, are connected to

a USB hub. A USB connector from the hub is connected to a PC, from which we

control the cameras. After mounting the cameras, the cameras need to be turned

on. A plant root is placed in the setup box for adjusting the cameras to focus the

plant root. After turning on all the cameras, the cameras are started in ”Play” mode,

which are then initialized to ”Rec” mode and camera parameters are set program-

matically as discussed below. Adjustments are made so that the center of the root is

seen in the white rectangle in the camera screens in all cameras. Once the cameras

are adjusted, the cameras placed in a fixed position throughout the data collection

and only plant root is replaced after imaging from all the cameras. We then take

photos of each plant root by replacing the plant root in the setup box and typing

the shoot command as described below. In order to successfully control the cameras

from PC, the service named ”gvfsd-gphoto2” needs to be turned off in Ubuntu OS. In

case of controlling the cameras using windows, the service named ”Windows Image

Acquisition (WIA)” needs to be turned off. This section describes controlling the

cameras using an Ubuntu 15.10 PC. Controlling the cameras now requires installing

a program called chdkptp. It is a client program which is available for free [39].
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We assume that the chdkptp is installed on /chdk directory. To start the client

program, we open a terminal and type the following commands.

ubuntu@ubuntupc:~$ cd ./chdk/lua

ubuntu@ubuntupc:~/chdk/lua$ ../chdkptp-sample.sh -i

___> !mc=require(’multicam’)

___> !mc:connect()

multicam is a LUA mmodule in chdkptp that enables us to interface our PC with

multiple Canon cameras simultaneously. In our study, we used 6 cameras to image

a plant root. Hence, after running the connect command above, we see a message

that all the 6 cameras are connected showing all the connected cameras’ serial IDs.

Before starting to take photos of plant roots, we delete any previous photos in

these SD card memory to get some space to store new photos. To delete any previous

photos in the cameras, type the following command in the prompt:

___> !mc:delete()

The delete command deletes all the photos from all the cameras and starts the

main script to process further commands. The delete is not implemented in the

original version of chdkptp. This function, along with the functions described below

were implemented as a part of the study. Before running the command we need to

make sure the photos in the cameras are backed up (or downloaded to a pc). To

download the existing photos from the cameras to the PC, we used the following

command:

___> !mc:download(’../day1_my_timestamp’)
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The download command above creates a folder named day1 my timestamp inside

the folder ’chdk’ located in the home folder. The download command is implemented

in this study such that when downloading the images from multiple cameras, the

command creates sub-folders with the names equal to the unique numbers assigned

to the cameras as described in 3. Hence, all the photos of ’camera 1’ are found in the

following location.

~/chdk/day1_my_timestamp/1/

Similarly for other cameras (2-6). After the download command had downloaded

all the photos from all the cameras, the cameras are again ready to take further

commands from the prompt. Since, we now have backed up the photos in the cam-

eras, we can now safely delete the photos from the cameras using ’delete’ command

described above. If we cannot backup the images due to some reason and we also

cannot delete the photos, we can type the following command and continue shooting

the plant roots:

___> !mc:start()

The ’start’ command starts the CHDK multi-camera interface script in each of

the cameras so that these cameras can now take further commands on setting cam-

era parameters and shooting. The ’start’ command is not needed when ’delete’ or

’download’ commands are used already.

The following command turns the cameras into record mode which is needed to

take photos. The command also sets aperture for Canon G1X cameras (aperture

for Canon S110 cameras cannot be set using CHDK interface. It can only be set

manually), ISO speed and exposure time for all cameras. Since, we are taking images
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of plant roots at a shorter distance, this command also sets the capture mode of all

cameras to ’Macro mode’. Finally, the command also creates necessary directories

for the shoot command to download the newly imaged pictures to PC. Each time

the shoot command is executed, the images are recorded and are downloaded in

the folders created by this command. Before calling the initc command, we need

to set the variable download folder to a suitable location and then call the initc

command.

___> !mc:initc(768, 800, 640, 512)

Since we started the chdkptp program in /chdk/lua directory, a folder called

newimages will be created in the chdk folder and all the subsequent calls to shoot

command results in downloading the images to /chdk/newimages directory.

The first value (768) in the command sets the aperture for Canon G1X cameras.

The aperture value is given in APEX96 format. The second value sets the ISO speed

to 800 for all cameras. Througnout the shooting, these parameters need not be

changed. The third and the fourth values set the exposure time (or shutter speed)

for Canon S110 and Canon G1X cameras respectively. The exposure time units are

specified in APEX96 format. The conversions between APEX96 format to seconds

for exposure time is given in the Table A.1. Depending on the sunlight, we can adjust

the shutter speed. When sunlight is bright and when the setup box is not completely

isolated from external lighting, then we need to increase the APEX96 value of the

exposure times. When it is getting dark, we need to decrease the APEX96 values of

the cameras. Once, the cameras are initialized to the parameters above, we have to

restart the cameras if we want to change the camera parameters. Hence, we need to

manually turn off and turn on the cameras and type the command initc command
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again. Now if it is getting dark in the field, we may want to change the exposure

time, by typing the following command:

___> !mc:initc(768, 800, 608, 448)

The above command changes the exposure time of Canon S110 cameras from

1/101 s to 1/80 s and that of Canon G1X from 1/40 s to 1/32 s. We now have a

brighter image taken at dark lighting. When the day becomes too dark, decreasing

the APEX96 values to too low would affect the quality of images. In such a case,

we turn on the lamps to increase the lighting in the setup box. A suitable range of

APEX96 values of exposure time for Canon S110 cameras is 640, 608, 576, 544 and

a suitable range of APEX96 values of exposure time for Canon G1X cameras is 512,

480, 448, 416.

Usually after running the initc command, we check if all the cameras are focusing

the center of the plant root. That is the center of the root should be present in the

’white’ rectangle on the camera screens. Hence, we adjust the cameras until all the

cameras (including the camera located at the bottom of the setup box) are focusing

the center of the root. Once the camera adjustment is complete we start shooting

each root.

Each plant root comes from a plot having a plot number (for example 1001). Each

plot may have 5 or 10 plant roots. To shoot each root, we implemented a command

for this study that takes the following syntax:

___> !mc:shoot(1001, 1)

The shoot command makes each camera take two photos of the same root. The

first value for the command is the plot number and the second value is the plant
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Table A.1: Table for converting exposure time in APEX96 format to exposure time
in seconds.

Exposure time in APEX96 format Exposure time in seconds

-576 64

-544 50.8

-512 40.32

-480 32

-448 25.4

-416 20.16

-384 16

-352 12.7

-320 10.08

-288 8

-256 6.35

-224 5.04

-192 4

-160 3.17

-128 2.52

-96 2

-64 1.59

-32 1.26

0 1

32 1/1.26

64 1/1.59

96 1/2.00

128 1/2.52

160 1/3.17

192 1/4.00

224 1/5.04

256 1/6.35

288 1/8.00

320 1/10.08

352 1/12.70

384 1/16.00

416 1/20.16

448 1/25.40

480 1/32.00

512 1/40.32

544 1/50.80

576 1/64.00

608 1/80.63

640 1/101.59

672 1/128.00

704 1/161.27

736 1/203.19

768 1/256.00

800 1/322.54

832 1/406.37

864 1/512.00

896 1/645.08

928 1/812.75

960 1/1024.00
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number. The shot images from all the cameras are downloaded to the directory

specified by download folder variable. We may wish to write a simple python script

that watches the folders for new images from these cameras. Once the script finds

a new image, we can implement the script to segment the image. That way, we can

find the segmented image as we are collecting the images in the field and retake a

plant root again if we observe that the quality of the image is not good.

Once we take images of 4 roots in a plot, the photos of 5th root in the plot is

taken as follows:

___> !mc:shoot(1001, 5)

Once the plot is completed, we go to another plot to take the images. The first

root in the next plot is taken as follows:

___> !mc:shoot(1002, 1)

We continue imaging as new plant roots are dug from the field. The shoot com-

mand makes the cameras to shoot two times the same root. The cameras then rename

the newly created images based on the plant root number and the plot number. Hence,

the images generated by each camera from the command above are I1002 11.JPG and

I1001 12.JPG.
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