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Chapter 1
INTRODUCTION

One of the most important representative traits of crop performance is biomass
production. The biomass production directly shows the plants ability to grow and is
associated with crop growth, yield, Harvest Index (HI), Radiation Use Efficiency
(RUE), Water Use Efficiency (WUE), Nutrient Use Efficiency (NUE), fodder
availability, carbon capture etc. Yield is product of crop biomass and harvest index.
As harvest index of wheat is approaching ceiling, further increases in yield potential
will require enhancing the biomass (Sharma Natu and Ghildiyal 2005, Hawkesford et
al. 2013, Reynolds et al. 2012). Crop growth represents increase in biomass and leaf
area and it is one of the most important representative traits of crop performance.
Better canopy growth in term of biomass accumulation and leaf area production is
visible through extent of ground cover (Mullan and Reynolds, 2010). Estimation of
biomass and canopy growth by traditional method requires destructive sampling,
more time, expenses and labour. It is therefore highly desirable that biomass can be
measured rapidly, non-destructively and precisely so that high breeding efficiency is
achieved for crop improvement through conventional, molecular or transgenic
approaches (Araus and Cairns 2014). Therefore, there is need for developing non-

destructive and rapid methods for field phenotyping using image based techniques.

High throughput phenotyping involves the use of visible, infrared, thermal,
LiDAR, laser based scanners and other sensors along with software for image
processing and analysis. For this purpose, there is availability of high throughput
automated plant phenotyping platforms under controlled conditions. In general these
are highly efficient systems in terms of precision and throughput but are expensive
due to the type of hardware required for robotics, conveyor belts, cameras, computing
infrastructure and greenhouse conditions (Fiorani and Schurr 2013). Leister et al.
(1999) were the first to study plant growth in Arabidopsis thaliana by non-invasive
image analysis under controlled environment. Top view of plant trays were used for
plant area estimation. Fresh weight and plant area were correlated. Tackenberg (2007)
studied biomass, growth rates, vertical biomass distribution and dry matter content

using scaled digital images under controlled greenhouse in twenty-seven annual and



perennial grass species (Poaceae). Projected area and the proportion of greenish pixels
were calculated. They observed a high correlation between log-log relation of dry
matter and projected area. Golzarian et al. (2011) estimated shoot biomass of cereal
plants from their two dimensional images as a linear function of the projected shoot
area of plants in the images. However estimation of crop biomass under field
conditions in terms of faster and non-destructive approaches is still difficult and there

is need to study this aspect.

Under field conditions, the most widely used image based method involves
capture of top view of the canopy for non-destructive and rapid phenotyping of
canopy cover and biomass (Mullan and Reynolds 2010). However, the method is not
suitable after full ground cover by the canopy. Another useful approach involves the
side view profile of isolated plants (Takenberg 2007). But, there is no imaging
method available for capturing sided view images from crop rows under field

conditions.

In this context the visible imaging can offer simple solutions due to ready
availability of digital cameras. Therefore, the present research work proposal has been
formulated to study and develop image based methods for field phenotyping of
biomass and crop growth in wheat by capturing side view image profiles from wheat

crop rows in field with a new method and apparatus.
The proposed objective of the study is as follows —

Developing rapid and non-destructive image based methods for field

phenotyping of biomass and crop growth in wheat.



Chapter 2

REVIEW OF LITERATURE

Image based phenotyping of biomass and canopy growth in plants

Introduction

Plant phenotype represents the observable structural and functional plant
characteristics or traits in a given environment. The phenotype includes growth,
development, physiology, tolerance to stress, yield etc. and should be selectable for its
application in crop improvement. It is highly desirable that particular phenotype can
be measured rapidly, non-destructively and precisely so that high breeding efficiency
is achieved in conventional, molecular or transgenic approaches (Araus and Cairns
2014). Phenotyping has been defined as the set of methodologies and protocols used
to measure a specific trait related to plant structure or function (e.g. plant growth,
architecture and composition) with a certain accuracy and precision at different scales
of organization, from organs to canopies (Fiorani and Schurr 2013, Ghanem et al.
2014, Lietal. 2014).

Out of the various plant morphological traits used in phenotyping e.g. plant
height, leaf area, architecture, branches and tillers etc., the biomass production is the
most important parameter. The biomass production directly shows the plants ability to
grow and is associated with yield which is product of crop biomass and harvest index.
As harvest index is approaching ceiling, further increases in yield potential will
require enhancing the biomass (Sharma Natu and Ghildiyal 2005, Hawkesford et al.
2013, Reynolds et al. 2012). Crop growth represents increase in biomass and leaf area
and it is one of the most important representative trait of crop performance. Better
canopy growth in term of biomass accumulation and leaf area production is visible
through extent of ground cover (Mullan and Reynolds, 2010). Estimation of canopy
growth by traditional method requires destructive sampling for biomass and leaf area.
It requires more time, labour and one can't measure any parameter again. During
germplasm evaluation experiments a lot of material needs to be compared for
physiological traits related to crop growth and stress tolerance. The plants also may be

limited and destructive sampling becomes a majar limitation.



The present review describes the different image based methods employed in
the non destructive phenotyping of plant biomass and growth parameters under field
and controlled conditions. The outline of review with recent advances is as follows —

I.  Image based methods of biomass and growth estimation in plants under

controlled conditions

Il. Image based methods of biomass and growth estimation in plants under

field conditions

I11. Different platforms for deployment of sensors under field conditions

IV. Ground cover and leaf area index estimation from images

2.1. Image based phenotyping of biomass and growth in plants under controlled

conditions
2.1.1. Visible image (RGB) based estimations

RGB images in the controlled conditions are very useful because there are no
fluctuating light conditions and also the background can be controlled to a great
extent. Moreover, measuring plant growth in the field requires careful note of
variables particularly light condition and camera calibration which is not a problem
under controlled conditions. Therefore RGB imaging is the basic component of
presently available high throughput phenotyping platforms. Some studies depicting
the use of RGB images under controlled environments are as follows. Leister et al.
(1999) were the first to study plant growth in Arabidopsis thaliana by non-invasive
image analysis under controlled environment. Top view of plant trays were used for
plant area estimation. Fresh weight and plant area were correlated. Tackenberg (2007)
studied biomass, growth rates, vertical biomass distribution and dry matter content
using scaled digital images under controlled greenhouse in twenty-seven annual and
perennial grass species (Poaceae). Projected area and the proportion of greenish pixels
were calculated. They observed a high correlation between log-log relation of dry
matter and projected area. Walter et al. (2007) used GROWSCREEN for quantifying
the dynamics of seedling growth from images in tobacco and Arabidopsis thaliana
under controlled environment. Rapid detection of genetic and environmental
parameters regulating plant growth was made possible. Golzarian et al. (2011)
estimated shoot biomass of cereal plants from their two dimensional images as a

linear function of the projected shoot area of plants in the images. They proposed a



method based on plant specific weight for improving the accuracy of the linear model

and reducing the estimation bias.
2.1.2. Visible, Near-Infrared and Fluorescence image based estimations

The measurement of side view projected areas as done in the earlier approach has
been currently complemented with the multiple angle views including top view
(Fiorani and Schurr 2013) to measure the digital volume of plant. In these
measurements, fluorescence images and near-infrared images were also used in
addition to RGB images. The digital volume of plant has been found highly correlated
with shoot biomass. Klukas et al. (2014) have described a new platform called
Integrated Analysis Platform (IAP) which is an open-source framework for high-
throughput phenotyping. They validated its performance from maize plants with non-
destructive imaging. Using the IAP platform, they compared four different formulas
based on the parameters of visible and fluorescence imaging. These formulas were as
follows — IAP volume (Viap), KeyGene volume (Vkeygene), LemnaTec volume

(VLemaTec), Prlsm VO|Ume (VPrism)

Viap = V’IA’

s.average

XA taverage

ViemnaTec = \/A.s.ﬂ“ X As')ﬁ X Ay

A
VKeygcne i A; o As‘?ﬂ' T 1(’3 (?L)

s Ae X Agys X Agor ."I.l il Al + ALy — Ai’n)
Prism = 2 v 2K A X Asor

Where,

A = projected areas from side-view

A = projected areas from top-view images (at different angles)

ViemnaTec IS formula used in the LemnaTec software to estimate plant volume
Vkeygene 1S formula used in the KeyGene

Vprism 1S formula used in the Prism

It was observed that in general the correlation of fluorescence image based

digital volume showed a higher correlation with fresh weight (0.9685-0.9770)



compared to visible image based digital volume (0.9507-0.9637). Similarly, the
fluorescence image based digital volume showed a higher correlation with dry weight
(0.8994-0.9281) compared to visible image based digital volume (0.8277-0.8370).

Arvidsson et al. (2011) described a growth phenotyping pipeline for
Arabidopsis thaliana with platform Scanalyzer HTS, LemnaTec, Wuerselen,
Germany. Phenotypic parameters - area, convex hull and compactness provided
quantification of genotype effects with respect to growth. The system was able to
phenotype rosette area of 7000 plants/day by RGB image using the parameters of
area, convex hull and compactness. The study quantified genotype effects on total
rosette area and relative leaf growth rate (RLGR). Berger et al. (2012) has provided
protocol to estimate biomass and growth assuming relation between biomass and
projected area for a growth phenotyping pipeline for Arabidopsis thaliana using with
platform of LemnaTec 3D Scanalyzer system, Germany. Honsdorf et al. (2014) used
a high-throughput phenotyping platform (The Plant Accelerator, Australia) equipped
with LemnaTec 3D Scanalyzer (LemnaTec, GmbH, Germany) to capture RGB top
view image and two side views in barley under controlled environment. A high
correlation (r = 0.98) was observed between image based biomass estimates and
actual biomass. Neilson et al. (2015) used a shoot imaging system (The Plant
Accelerator, The University of Adelaide, Australia - Scanalyzer 3D imaging system,
LemnaTec). A strong positive correlation was found between projected leaf area and
above-ground biomass, height, and true leaf area. The RGR output showed significant
correlation with the RGR by traditional destructive harvests. Parent et al. (2015) used
The Plant Accelerator controlled greenhouse facilities (Australia). The plants were
imaged using a LemnaTec 3D Scanalyzer to study genetic control of growth and
transpiration. The biomass and leaf area were estimated from images and growth rate
was calculated. The observed and measured biomass were highly correlated
(P<0.001). Neumann et al. (2015) used a high-throughput genotyping platform
(LemnaTec 3D Scanalyzer, Germany) to image top view image side view images for
estimation of plant volume in barley under controlled environment. High correlation
was observed between destructively measured plant fresh weight and digital biomass
(R?>0.9).



Chen et al. (2014) used a LemnaTec HTS-Scanalyzer 3D platform for
dissecting the phenotypic components of crop plant growth and drought responses in
barley under controlled environment. Three types of image data - near-infrared (NIR),
visible (color), and fluorescence were acquired daily from different views. Phenotypic
features (54 nos.) of the drought responses of 18 different barley genotypes were
studied and color imaging was used for biomass accumulation and growth. Digital
volume showed the best correlation with manually measured fresh weight and dry
weight and logistic model simulated biomass accumulation better (r = 0.89). Junker et
al. (2014) observed significant correlation between fresh biomass and estimated
volume of 63 maize inbred lines grown in various growth conditions. Top and side
view RGB images, fluorescence signals (FLUOR) and broad band near infrared (NIR)
images were taken with the IPK LemnaTec Scanalyzer systems for small and for large
plants under controlled environment. Fahlgren et al. (2015) phenotyped wild Setaria
viridis and domesticated Setaria italica under controlled-environment. The platform
(The LemnaTec Scanalyzer 3D) recorded fluorescence, near-infrared, and visible
images to measure biomass and growth rates. Chen et al. (2016) predicted barley
plant biomass from image-derived parameters using automated phenotyping and
imaging platform LemnaTec-Scanalyzer 3D. Plants were phenotyped using visible (or
color), fluorescence (FLUQO) and near-infrared (NIR) sensors. Plant biomass was
accurately predicted from images using a random forest model. Hairmansis et al.
(2014) used image-based phenotyping for non-destructive screening in rice for
salinity tolerance under controlled conditions. The platform was called Plant
Accelerator (Australian Plant Phenomics Facility) and images were taken using the
LemnaTec 3D Scanalyzer system (Germany). Total shoot area and senescent shoot
area, calculated from visible red-green-blue (RGB) and fluorescence images helped in

biomass estimation.

Dhondt et al. (2014) studied time-resolved imaging of in vitro Arabidopsis
rosette growth under controlled environment. Petri dishes were placed on a rotating
disk and top view images were taken. Analysis of several growth-related parameters
over time in mutants revealed specificities in growth behavior. Humplik et al. (2015)
made high-throughput phenotyping of plant shoots for study of the cold-tolerance of
pea using Plant ScreenTM phenotyping platform (Photon Systems Instruments, Brno,

Czech Republic). Digital RGB image analysis helped in correlation between green



area and biomass. Bac-Molenaar et al. (2015) used PHENOPSIS phenotyping
platform for genome-wide association mapping of growth dynamics in Arabidopsis
under controlled environment. Rosette growth was measured by top-view imaging.
Fresh weight was positively correlated with projected leaf area (PLA) after 14 days
(r>0.95). Edlich-Muth et al. (2016) worked on phenomic prediction of maize hybrids
using automated greenhouse facility (Leibniz Institute of Plant Genetics and Crop
Plant Research (IPK), Germany). Twenty image features explained 73% of the
variance in hybrid fresh weight. Flood et al. (2016) studied growth and reflectance in
Arabidopsis thaliana using an automated high-throughput phenotyping platform, the
Phenovator, capable of screening 1440 Arabidopsis plants multiple times per day at
Wageningen University, The Netherlands. Growth rates were estimated from
projected leaf area (PLA). Fluctuation in PLA between day and night were captured
emphasizing the importance of frequent measurements and change in leaf angle in
light and dark. Cabrera-Bosquet et al. (2016) studied radiation-use efficiency of
thousands of plants in a phenotyping platform using PHENOARCH platform based
on a PhenoWareTM system Lyon, France. Leaf area and fresh plant weight of
individual plants were estimated from images and a high correlation between biomass

accumulation and intercepted PPFD was observed.

2.2. Image based phenotyping of biomass and growth in plants under field

conditions
2.2.1. Digital Camera based biomass estimation - Visible images

Earlier workers e.g. Weiner et al. (1998) have lamented that "plant ecology suffers
from lack of an efficient technology for measuring plant size non-destructively and
non-invasively". However, the advent of digital cameras lead to promising solutions
for estimation of green biomass, soil cover, plant color etc Casadesus et al.. (2007).
Paruelo et al. (2000) studied above-ground plant biomass using a photographic
technique. Photographs of 0.25 m? circular plots were taken from a SLR camera
mounted 1.4 m above the ground. The percentage of "green pixels" in the digital
image and green grass biomass showed a correlation of 0.87. Tomasel et al. (2001)
studied chromaticity-based technique for estimation of above-ground plant biomass
from a short-grass steppe. Quantitative estimates of green or dry biomass were made

using colour information from digital pictures which showed high correlation between



pixel count and measured values of green biomass (r = 0.95). Mullan and Reynolds
(2010) and Mullan et al. (2012) described estimation of digital ground cover (DGC)
using color digital camera. The crop ground cover or the percentage of soil surface
covered by plant foliage was estimated from images in Photoshop. DGC was related
to biomass (R? = 0.63). Lee et al. (2013) used digital camera image analysis for
estimation of rice growth and nitrogen nutrition status. Canopies cover (CC) and ten
color indices were calculated from digital camera images and a high correlation was
observed between CC and shoot dry weight (0.81). Casadests and Villegas (2014)
estimated leaf area index and biomass using conventional digital cameras. The image
derived index pertaining to the fraction of green pixels over the total pixels of the
image showed good correlations with all biomass variables and was robust to lighting
conditions. Jia et al. (2014) used digital images to monitor the growth of cotton crop
in field. The green and red values from the digital images were used to estimate
canopy cover. The canopy cover and above-ground biomass were closely related (R
= 0.74-0.94). Hunt et al. (2015) used a custom-made high-throughput image analysis
tool for estimation of dry matter production of individual perennial ryegrass in field.
The image analysis tool was faster and estimates of plant area were more highly
correlated with measured DM values, potentially capturing 25% more of the variation,
than those from visual growth scores. Kefauver et al. (2015) measured RGB picture
vegetation indexes from field grown maize. The RGB picture vegetation indexes
outperformed NDVI with R? values up to 0.65, compared to 0.56 for NDVI. Hoyos-
Villegas et al. (2014) used common digital cameras for phenotyping soybean growth
and yield. They took weekly digital images of each plot to estimate canopy cover,
total above-ground biomass, leaf biomass, photosynthesis, and grain yield. High
correlation between the ground cover data (image analysis) and crop growth rate was
observed (R?= 0.69). Sieling et al. (2016) measured dry matter partitioning and
canopy traits in wheat and barley using digital pictures under field conditions. Green
Area Index (GAI) was estimated from digital pictures. Lootens et al. (2016) studied
lateral expansion and regrowth of spaced Lolium perenne plants using top view
images with a DSLR camera. High-throughput phenotyping for image based plant’s
base area, tiller number, image based regrowth after cutting and leaf growth two

weeks after cutting showed r values up to 0.792 and 0.824.
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2.2.2. Digital Camera based biomass estimation — Visible and NIR images

Use of both the Visible and NIR images from digital cameras can be helpful in
estimation of NDVI which is associated with biomass and crop growth. Recently,
Greider et. al. (2015) estimated RGR in wheat non-destructively under field
conditions using NDVI canopy cover images. Sakamoto et al. (2012) used camera
observation system called Crop Phenology Recording System (CPRS) for monitoring
crop growth of maize and soybean in field. It consisted of two digital cameras for
visible and near infrared (NIR) imaging. The camera-derived vegetation indices and
the satellite spectral reflectance observations (SKYE and MODIS) were used. The
analysis showed that a vegetation index (night time relative brightness index of NIR)
was closely associated with total above-ground biomass for both maize and soybean.
Dammer et al. (2016) made on-the-go phenotyping in field potatoes using camera
vision. Measurements of NDVI were made using camera and reflected light under
field conditions. The study helped in identifying areas showing different plant growth
and differences in the temporal development of the crop. Schirrmann et al. (2016)
studied wheat biomass by combining image clustering with crop height. They
measured Plant coverage percentage, NDVI and NIR images using a multisensory
approach combining a digital camera system with an arbitrary crop height measuring
platform under field conditions. Clustering yielded more accurate estimates of fresh
and dry biomass (R? = 0.79/0.68) than NDVI image clustering (R* = 0.66/0.56). The

combination of image clustering with crop height increased model quality.

2.3. Different platforms for deployment of biomass and growth sensing systems

under controlled and field conditions
2.3.1. Automated plant phenotyping platforms for controlled conditions

There are many high throughput plant phenotyping platforms operation under
controlled conditions. In general these are highly efficient systems in terms of
precision and throughput but are expensive due to the type of hardware required for
robotics, conveyor belts, cameras, computing infrastructure and greenhouse
conditions (Fiorani and Schurr 2013). Many of the studies reported in literature have
been done with the help of commercially available platforms available from
LemnaTec Systems, Germany [Arvidsson et al. (2011), Berger et al. (2012), Honsdorf
et al. (2014), Neilson et al. (2015), Parent et al. (2015), Neumann et al. (2015), Chen
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et al. (2014), Junker et al. (2014), Chen et al. (2016) and Hairmansis et al. (2014)]. It
is a highly automated, high throughput plant phenotyping platform (HTPP) which can
perform fast imaging in time series under controlled conditions. It can phenotype
multiple point plant growth in plants by quantitative area measurement and colour
classification. LemnaTec has developed systems for phenotyping individual plants in
large, robotic greenhouses. Using technologies combining photography, fluorescence
imaging, 3D image analysis, and data handling, thousands of individual plants can be
grown and automatically tracked through their development. A conveyor constantly
moves potted plants around the greenhouse and through a series of scanning
chambers. Studies on other important HTPP are as follows - Humplik et al. (2015)
used Plant ScreenTM phenotyping platform (Photon Systems Instruments, Brno,
Czech Republic). Bac-Molenaar et al. (2015) used PHENOPSIS phenotyping
platform. Edlich-Muth et al. (2016) used automated greenhouse facility (Leibniz
Institute of Plant Genetics and Crop Plant Research (IPK), Germany). Flood et al.
(2016) worked with automated high-throughput phenotyping platform, the Phenovator
at Wageningen University, The Netherlands. Cabrera-Bosquet et al. (2016) studied
radiation-use efficiency of thousands of plants in a phenotyping platform using
PHENOARCH platform based on a PhenoWareTM system Lyon, France. To
overcome the difficulty in phenotyping taller plants such as tall pepper (over 3m high)
which couldn't be transported to imaging chambers, van der Heijden et al. (2012)
made a new system. The device was equipped with several cameras positioned along
the height to capture images upwards at intervals. The set-up could find the three

QTLs by image analyses which were earlier observed from manual measurements.
2.3.2. Vehicle based platforms for field (hand trolleys and tractor driven)

The biomass estimation in crops can be done in more efficient and rapid manner by
installing the sensors on moving platforms which may be manual driven cart or
sensors mounted on tractor. The vehicle based platforms may be normal or
multisensor based and such ground based vehicles with GPS navigation devices are
also called phenomobiles (Araus and Cairns 2014). An example of manual cart is
provided by White and Conley (2013) where they evaluated a low cost cart for crop
phenotyping. It consisted of sensors - radiometers and infrared thermometers. Hunt et

al. (2015) estimated dry matter production of individual perennial ryegrass plants in
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field using a custom-made high-throughput image analysis tool. Estimates of plant
area were highly correlated with measured dry matter however the accuracy lowered
for dry matter above 15 g. Crain et al. (2016) developed a low-cost phenotyping
platform named Phenocart. It consisted of a GreenSeeker for spectral reflectance, an
infrared thermometer (IRT), and a global navigation satellite system (GNSS) receiver.

The CT and NDVI were significantly correlated to yield.

One of the tractor operated multisensory platform for non-destructive field-
based phenotyping e.g. biomass estimation is Breedvision (Busemeyer et al. 2013a,
b). It was used for precision phenotyping of biomass accumulation in Triticale.
BREEDVISION is equipped with two light curtains, three laser distance sensors, two
3D-Time-of-Flight cameras and a hyperspectral imaging system equipped with a 120
W halogen lighting system. It extracts different parameters (Plant height, Penetration-
depth-sidewise-3D, Penetration-depth-top-3D, Coverage density) from sensor data.
Sensor fusion helped to accurately predict biomass under field conditions (R? values
of 0.93 and 0.84). Ehlert et al. (2003) made a vehicle based mechanical sensor for
determination of wheat plant mass under field conditions. Correlation between plant
biomass and pendulum angle was observed. Kipp et al. (2014) studied early plant
vigour of winter wheat using a vehicle based multispectral active sensor and two
commercially available active sensors (GreenSeeker and CropCircle). Early Plant
Vigor Index (EPVI) was measured. They found that EPVI and the relative amount of
green pixels (RAGP) derived from digital images were significantly related to each
other (R* = 0.98). Erdle et al. (2013) studied phenotypic differences in biomass in
relation to Water Index (R970/R900) and NIR/NIR-based index (R760/R730). A
tractor-based high-throughput canopy reflectance measurement platform was used.
They observed good association between biomass and spectral indices. Svensgaard et
al. (2014) developed a mobile multispectral imaging platform, PhenoField (PF)
mounted on a jib crane for precise field phenotyping in wheat. % vegetation coverage
and NDVI were correlated. Sharma et al. (2015) performed high-throughput
phenotyping of cotton crop using a ground-based platform mounted on a research
sprayer. Measurements of ground cover fraction (GCF) and NDVI were useful in

determining growth and yield.
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The disadvantage with vehicle operated platform is that they are difficult to
operate in the crop at later stages even crop height is more. Recently a vehicle based
platform with high clearance was reported. Murray et al. (2016) made self-propelled
ground vehicles with adjustable heights for high clearance (over three meters of
clearance) phenotyping in mature corn and sorghum without damage. It has sensors
for RGB image capture, plant height estimation, vegetation indices, canopy
temperature and PAR. These vehicles will be useful for monitoring growth in taller

corn and sorghum plants that could be damaged by a tractor passing over them.
2.3.3. Unmanned Aerial Vehicles based systems

Unmanned aerial vehicles (UAV) equipped with camera and sensors can cover a large
area in less time. Chapman et al. (2014) developed Phenocopter: a robotic helicopter
for high-throughput field-based phenotyping over 0.5 to 3 ha experimental fields.
Images were taken by three cameras - a normal camera, a camera with red-edge
transmitting filter and a thermal (far-infrared) camera. The UAV could estimate
variation in ground cover in sorghum (early season) and three-dimensional measures
of crop lodging in wheat (late season). Bendig et al. (2014) provided method for
estimating biomass of barley using crop surface models (CSMs) derived from UAV-
based RGB imaging. They used multi-rotor MK-Oktokopter for taking RGB imagery
with a digital camera from 50 m above. A high correlation was found between plant
height from CSMs and fresh biomass (R? = 0.81) and dry biomass (R? = 0.82). Bendig
et al. (2015) combined UAV-based plant height and vegetation indices for biomass
monitoring in barley. UAV captured images at 2 frames per second (fps) at 50 m
above ground level (AGL). Robust estimate for biomass were obtained from the plant
height models (R? = 0.80-0.82). Liebisch et al. (2015) conducted aerial phenotyping
of maize traits with a mobile multi-sensor approach using a Zeppelin NT aircraft as an
experimental sensor platform. Measurements of canopy cover (CC) and its NDVI
value and thermal images were done. Remotely sensed CC correlated well with plant
density and early vigour. Sugiura et al. (2016) studied phenotyping system for potato
late blight resistance using RGB imagery from an unmanned aerial vehicle (UAV)
under field conditions. Area under the disease progress curves (AUDPCs) calculated
from the time series of images was measured. They observed good correlation with

biomass (R? = 0.73). Liebisch et al. (2016) reported a platform - Flourish for a robotic
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approach for automation in crop management. The Flourish project - combined the
aerial survey from small autonomous Unmanned Aerial Vehicle (UAV) with a multi-
purpose Unmanned Ground Vehicle (UGV). RGB data using the excess green index
and NDVI were used to estimate Crop canopy cover. Rasmussen et al. (2016)
measured vegetation indices derived from cameras mounted on UAVS in winter
barley and spring wheat. Excess green index (ExG) and Normalized green-red

difference index (NGRDI) were closely correlated to biomass.
2.4. Ground cover and leaf area index estimation from images

The primary function of leaves is radiation interception and photosynthesis. This need
of plant is achieved by an increase in leaf area. The growth of canopy is mostly
visible due to the increase in numbers and expansion of leaves. The leaves then tend
to cover the nearby space and the ground is shaded. The proportion of shaded ground
is called ground cover. The canopy growth can be quantified in terms of increase in
leaf area per unit land area called leaf area index (Watson 1947). With the increase in
leaf area there is increase in radiation interception and crop growth. The radiation
interception follows Lambert Beer's law (Monsi and Saeki 1953). Maximizing the
interception of solar radiation by the canopy is an important component of biomass
production and it is achieved by increase in leaf area as well as leaf architecture
(Gardner et al 1985). Therefore estimates of leaf area index are important and are

associated with the biomass production.

The direct measures of leaf area estimation are is destructive sampling. It is
undesirable for estimation of large population of crop or canopy size such as forest
trees. Therefore indirect measures have been used (Welles and Norman 1991).
Jonckheere et al. (2004) have reviewed the methods for in situ leaf area index
determination. The indirect methods include - inclined point quadrat (Wilson 1960,
63), allometric techniques especially for forests e.g. relation between sapwood area
and leaf area (Gower and Norman 1991), stem basal area and leaf area (Bartelink
1997), diameter at breast height and leaf area (Le Dantec et al 2000) and optical non
contact methods based on gap fraction analysis. Weiss (2004) has also reviewed the
theoretical aspects of modeling the gap fraction and the leaf distribution profile.

Therefore, indirect approaches related to radiation interception and its passage
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through the canopy is useful for estimation of canopy growth (Welles 1990, Andrieu
and Baret 1993, Welles and Cohen 1996).

One of the important and most widely used methods of estimating canopy
growth is estimation of gap fraction. The gap fraction of a canopy is the fraction of
view that is unobstructed by canopy in any particular direction (Welles and Cohen
1996). Alternatively, the gap fraction of a canopy is the fraction of view in some
direction from beneath a canopy that is not blocked by foliage. Canopy gap fraction
(Po) is related to total plant area index (Lt) in accordance with the Beer-Lambert law
(Nilson, 1971), Po(0) = exp((-G(0)Q(0)Ly)/cos(0)). Warren Wilson (1960) made an
analytical study on inclined point quadrats and found that when the quadrat
inclination was 32.5° the variation in the relative frequency resulting from differences
in foliage angle was lowest. Thus, the quadrat inclined at 32.5 degree resulted in
greatly reduced errors. Wilson (1963) showed that at zenith angle 57.5°, the gap
fraction is almost independent of leaf inclination simplifying the LAI retrieval
process. This has therefore become the basis for deriving plant area index from the
57.5- gap fraction (Weiss et al., 2004). At zenith angle 57.5°, the gap fraction
approaches 0.5, and effective LAl can be estimated as LAI = -
InT(57.5°.c0s(57.5%)/0.5, or, L = In(Po(57.5°))/0.931.

There have been many studies to estimate the plant area index from gap
fraction measurements at a particular view angle or with hemispherical views. Some
of the studies are as follows - Gardingen et al. (1999) made LAI estimates from
clumped canopies using hemispherical view images. The estimates of LAI could be
improved by segmented analysis compared to the conventional method. Garrigues et
al. (2008) made comparative analysis of LAI retrieval from different methods (viz.
LAI 2000, AccuPAR and hemispherical photography. They found that the effective
Plant Area Index retrived from downward pointing digital hemispherical photographs
was better than the optical instruments LAl 2000 and AccuPAR for short canopy.
They concluded that the digital hemispherical photography is more robust in terms of
sensitivity to illumination conditions, spatial sampling and ability to capture gap
fraction from short canopy. Demarez et al. (2008) estimated leaf area of wheat,
sunflower and maize canopies with hemispherical photographs. LAl was computed

with Poission law from measurements of unidirectional gap fraction. There was a
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good correlation (r = 0.95) for the overall LAI estimates in these crops versus
destructive LAI estimation. Liu and Pattey (2010) estimated the vertical gap fraction
with the help of top of the canopy digital colour photography in maize, soybean and
wheat canopies. They observed that the LAI estimates from photographs were
comparable to LAI2000 estimates (R? = 0.83). Baret et al. (2010) made green area
index estimates in wheat crop from downward looking digital photos taken at 57.5°
angle. There was a good agreement between the LAI estimates between the images
and LAI12000 Canopy Analyzer estimates. Liu et al. (2013) made LAl measurements
using the quantification of gap fraction at nadir or at 57.5° view angle. They found a
good association between destructive and observed LAl estimates (R? > 0.83).
Confalonieri et al. (2013) made an app for leaf area index estimation using a
smartphone based on the estimation of gap fraction at 57.5°. The performance was

similar to LAI2000 although less precise.

Another approach for canopy growth estimation is to measure the proportion
of ground covered by the crop or the percentage of soil surface covered by plant
foliage from digital images. Digital image analysis of photographs helps in
quantitatively measuring the green vegetation from the total ground area. This
parameter is also called digital ground cover (DGC). High early DGC helps in better
interception of incident radiation, increases soil shading, decreases soil evaporation,
increases water use efficiency, reduces weeds and soil erosion. Mullan and Reynolds
(2010) and Mullan et al. (2012) described estimation of DGC in wheat using color
digital camera with the help of Photoshop software. This method is most efficient till
the ground cover is not complete. Campillo et al. (2010) estimated the LAI in
vegetable crops by using digital images. The percentage of ground cover (PGC) and
measured LAl were highly correlated (R > 0.88). Kirk et al. (2009) provided a
method for LAI estimation based on the red-green images taken from above the crop
canopy in cereal crops. The method was found useful for initial as well as later stages
of crops whereas the Canopy Analyzer is not useful for initial crop growth. Under
controlled conditions the progress in leaf area development was studied by van der
Heijden et al. (2012) and Horgan et al. (2015). They measured the progress of leaf
area development over a height of 3 m in tall pepper (Capsicum annuum L.) plants in

the greenhouse. The device was equipped with several cameras to capture images
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upwards at intervals. With this approach they could find an earlier identified QTL

related to leaf area growth.



Chapter 3

MATERIALS AND METHODS

The present study was conducted in the Division of Plant Physiology, Indian
Agricultural Research Institute (IARI), New Delhi, during 2015-2016. The crops were
sown in the Plant Physiology Field no. Genetics G, IARI, New Delhi.

3.1. Plant material and field experiment layout

Six genotypes of wheat namely- HD2967, Pusa Gold, HD2932, WH542, C306 and
Kalyansona differing in their growth habit (e.g. tall, dwarf, early, late types) were
sown in field. Sowing was done on 24" November and seed rate of 100 Kg/ha was
used. Field experiment layout was in RBD with 3 replications (18 plots). Each plot
(2.5 m x 7 m size) consisted of one genotypes sown in 10 rows at spacing of 25 cm
(Fig.1). Plant population was maintained @ 17 plants per 30 cm row length based on
the seed weight and spacing considerations. The 30 cm row length containing 17
plants was marked with aluminum labels for identification during sampling. The
fertilizers were applied @ 120 Kg N/ha, 60 kg P.Os/ha, 60 K,O/ha as per

recommended practices. Five irrigations were applied during entire crop period.
3.2. Dry Weight Sampling and Image Acquisition

All field observations (growth parameters, biochemical) were taken in three
replicates. Samples were taken from 30 cm row length of crops consisting 17 plants.
Destructive sampling for leaf area and dry weight measurement was done at 9 to 14
days intervals starting from 22 DAS to 96 DAS (Plate 1 and 2). Dry weight sampling
and processing was done within 24 hours of imaging. Collected shoot and leaves were
dried in hot air oven at 70°C for 4 hours and then at 60°C till constant weight were

reached and then dry weight recorded.

Before dry matter sampling, images of crop samples were taken. Images of
side view of canopy (Plate 3) were taken from the space between the rows. The
concept of side view in relation to biomass estimation has been provided earlier by
Takenberg (2007), Golzarian (2011) and also reviewed by Fiorani and Schurr (2013).

Side view was taken using a DSLR camera (Nikon D5200) attached to a customized
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imaging set-up. The description of the imaging system is not presented here due to the
IPR application issues. Top view images (Fig.2) were taken as described by Mullan
and Reynolds (2010) and Mullan and Garcia (2012).

3.3. Leaf Area measurement

For leaf area measurement the samples were taken from 30 cm row length of crops
consisting 17 plants. Leaves were detached and the leaf area was measured by using
leaf area meter (L1-3100).

3.4. Leaf Chlorophyll content

Chlorophyll content was estimated at 22, 32, 42, 53, 63, 73, 82 and 96 days after
sowing (DAS). Chlorophyll extraction was done as per the method described by
Hiscox and Israelstam (1979). 50 mg fresh leaf samples were added to the test tubes
containing 10 ml DMSO with 3 replications per sample. Tubes were kept in dark for 4
hours at 65 °C. After then the samples were taken out from dark and cooled at room
temperature and the absorbance of known volume of solution containing known
quantity of leaf tissue at five respective wavelengths (480, 645, 649, 663 and 665 nm)
were taken and using DMSO as blank. Chlorophyll a, chlorophyll b, total chlorophyll
and carotenoids content were estimated using the formula given by Wellburn, (1994)

and expressed as mg g™ fresh weight.
Chlorophyll “a’ (C)= (12.19 x Agss — 3.45 x Agsg) X V/W x 1000
Chlorophyll ‘b’(Cp)= (21.99 x Agsg — 5.32 x Aggs) x V/W x 1000
Total Chlorophyll= C, +C,
Total carotenoids= (1000 X Asgp — 2.14 x C,— 70.16 x Cp) x /220 x W x 1000
Where, Aggs = Absorbance values at 665 nm
Aga9 = Absorbance values at 649 nm
Augo = Absorbance values at 480 nm
W = Weight of the sample (g);

V = Volume of solvent (ml)
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Fig.1: Crop experiment layout in field.
Note: 1. Design - Randomized Block Design with 3 replications.
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Fig.2: Diagram to capture the top view image of wheat crop rows.



Plate.2: Wheat crop field view at 95 DAS.

Plate.1 & 2: Experimental set up of six wheat genotypes in the field. (Sowing date:
24 Nov., 2015).



Plate.4: Bottom to top image of canopy at 57° angle.



20

3.5. Calculation of growth parameters

Calculation of different growth parameters of six genotypes of wheat was done

according to the following methods -

Growth parameters (unit) Formula Reference
Average growth rate AGR = (W2 — Wq)/(T2—Ty) Evans (1972)
(g day™)

Relative growth rate RGR = (InW3— InW4)/(T2- T1) Blackman (1919)
(mg g™ day™)

Crop growth rate CGR =1/Ga % (W— W1)/(T—T1)  Watson (1952)
(g m* day™)

Leaf area index (unit less) LAI = LA/Ga Watson (1947)
Leaf area ratio (cm® g™) LAR = La/W Evans (1972)

Where, W;= Dry weight at time T,
W, = Dry weight at T
Ga= Ground area occupied by canopy
La= Leaf area
3.6. Images processing
3.6.1. Measurement of Projected Area from side view of crops

Side view images were processed by ‘ImageJ’ software. It is an open source software
developed by NIH, USA. The color image was converted to grayscale (8 bit). The
background subtraction was done depending on the type of background. Image
thresholding helped in the identification of crop projected area in comparison to the
background (Zack, 1977). After that, image analysis was done to get the % area of
image occupied by plants. From this actual projected area (cm?) was estimated based

on the reference frame.
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3.6.2. Digital ground cover (%) - top view of crops

Top view images (Fig.2) were taken as described by Mullan and Reynolds (2010) and
Mullan and Garcia (2012). The reference frame was set to 30 cm row length for the
present work. Processing of digital ground cover images was done using ‘Adobe
Photoshop CS5’ software. The analysis includes - opening the image in Photoshop,
picking the green pixels from the plant canopy and transforming the image into black
and white with white indicating canopy and black indicating background. Then, the
black and white image is used to estimate the % canopy area (i.e. the proportion of
white pixels) as per Mullan and Reynolds (2010). The percentage ground cover

(%GC) for the photograph is calculated using the equation-
%GC = (Mean Grey Value/ 255) x 100
3.7. Estimation of biomass and growth based on projected area

The biomass is positively related with the image projected area (Leister et al. 1999,
Tackenberg 2007); therefore biomass was indirectly estimated from the side view
image projected area. Also, Greider et. al. (2015) estimated RGR in wheat non-
destructively under field conditions using NDVI canopy cover images. So the crop
growth parameters viz. AGR, RGR and CGR can be calculated using image based

projected area by following formulas:

Formula Unit
AGR = (PA2-PA;) / (T2 = Ty) cm?PA day™
RGR = [In(PA,) — In(PA)] / (T2 - Ty) cm? PA cm? PA day™
CGR = 1/GA x(PA; - PA) / (T2 - Ty) cm? PA cm? GA day™

Where, PA; = Projected area at time T,
PA;= Projected area at time T, and GA = Ground area occupied by canopy
3.6.3. Bottom to top image of canopy at 57° angle

In another experiment, images of bottom to top view of canopy (Plate 4) were taken
in 47 wheat genotypes at 63 DAS stage by a mobile phone at 57° angle from zenith as
per Weiss et al. (2004). Foliage area projected to the 57.5° direction is approximately

equal to 0.5 regardless of leaf angle distribution. This is the basis for deriving plant
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area index from the 57.5° gap fraction (Weiss et al., 2004). The same samples were
cut and observation on total leaf area and dry weight were taken. LAl was also

measured using plant canopy analyzer instrument (LAI-2000).

Processing of images was done by ImageJ software to estimate gap fraction or
the visible sky area. The gap fraction is the fraction of view in some direction from
beneath a canopy that is not blocked by foliage (Welles and Cohen 1996). The
effective LAI can be derived with the following equation (Weiss et al., 2004):

LAI = - InP, (57.5°) / 0.931
Where, LAl = Leaf area index
Po,= canopy gap fraction
3.8. Statistical analysis

All statistical analysis was performed for RBD design as per the procedures described
by Gomez and Gomez (1984). In one instance a missing replication was analyzed as
per Gomez and Gomez (1984). The statistical parameters such as CD, SEM, CV were
computed by using OPSTAT, open source statistical software developed by O.P.
Sheoran Programmer, Computer Section, CCS HAU, Hisar Statistical were followed.

Graphs were prepared from the mean value with +SEm values.



Chapter 4
RESULTS

4.1. Dry matter production, partitioning and its relationship with side view

image based projected area.
4.1.1. Above-ground crop dry weight

The progress of above-ground plant dry weight (g) increase at different DAS from (30
cm row length of crop) in six wheat genotypes is shown in (Fig.3) and each mean
value in the graph is provided with +SEm. The mean above-ground crop dry weight
was found highest at 96 DAS stage (Tablel). The highest above-ground plant dry
weight was observed in wheat genotype C306 at 96 DAS stage. This genotype was
significantly different over the genotypes HD2967, Pusa Gold, HD2932, WH542 and
Kalyansona. There was significant difference between the genotypes for plant dry
weight at 42, 63, 73, 82 and 96 DAS. But, there was no significant difference between
the genotypes for plant dry weight at 22, 32 and 53 DAS.

4.1.2. Leaf dry weight

The leaf dry weight (g) at different DAS from 30 cm row length of crop in six wheat
genotypes is shown in (Fig.4). The mean leaf dry weight was found highest at 82
DAS stage. The highest leaf dry weight was observed in wheat genotype C306 at 73
DAS stage. This genotype was significantly different over the genotypes HD2967,
Pusa Gold, HD2932, WH542 and Kalyansona. There was significant difference
between the genotypes for leaf dry weight at 32, 42, 73, 82 and 96 DAS (Table2).
But, there was no significant difference between the genotypes for leaf dry weight at
22 and 53 DAS.

4.1.3. Progress of dry matter production, image based projected area and dry

matter partitioning with time in wheat genotypes.

The data on the dry matter production and image based projected area is given in
Table 1 and 3 respectively.
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4.1.3.1. Wheat genotype HD2967

The dry matter production and image based projected area followed similar pattern
from 22 DAS to 96 DAS in wheat variety HD2967 as shown in (Fig.5). Dry matter
partitioning between leaves and shoot in HD2967 is given in (Fig.6). Leaf dry matter
was highest at 82 DAS and consisted of 40.3% of total plant above-ground dry
weight; whereas the shoots dry weight (including ear) was 59.7%. At 96 DAS the leaf
dry matter decreased and it was 25.5% of total dry matter of plant whereas the shoot
dry matter increased to 74.5%.

4.1.3.2. Wheat genotype Pusa Gold

Progress of dry matter production and image based projected area followed similar
pattern of growth in Pusa Gold genotype from 22 DAS to 96 DAS as given in (Fig.7).
Dry matter partitioning between leaves and shoot in Pusa Gold is given in (Fig.8).
Leaf dry matter was highest in Pusa Gold genotype at 73 DAS that was 23.6% of total
plant above-ground dry weight at same time shoot dry weight (including ear) was
76.4%. At 96 DAS leaf dry matter decreased to 11.4% of total dry matter of plant and

the shoot dry matter increased to 88.6%.
4.1.3.3. Wheat genotype HD2932

Progress of dry matter production and image based projected area followed similar
pattern of growth in HD2932 genotype from 22 DAS to 96 DAS as given in (Fig.9).
Dry matter partitioning between leaves and shoot in HD2932 is given in (Fig.10).
Leaf dry matter was highest in HD2932 genotype at 63 DAS that was 40% of total
plant above-ground dry weight at same time shoot dry weight (including ear) was
60%. At 96 DAS, leaf dry matter decreased to 12.7% of total dry matter and the shoot
dry matter increased to 87.3%.

4.1.3.4. Wheat genotype WH542

Progress of dry matter production and image based projected area followed similar
pattern of growth in WH542 genotype from 22 DAS to 96 DAS as given in (Fig.11).
Dry matter partitioning between leaves and shoot in WH542 is given in (Fig.12). Leaf
dry matter was highest in WH542 genotype at 82 DAS that was 35.1% of total plant

above-ground dry weight at same time shoot dry weight (including ear) was 64.9%.



Table 1: Above-ground crop dry weight (g) at different DAS from 30
cm row length of crop in six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 63 73 82 96

HD2967 1.149 2.900 7.124 12557 18.733 24.200 36.987 54.120
Pusa Gold 1.025 3.468 6.887 14.083 24.220 44.427 45333 62.467
HD2932 1.046 2.761 9.497 15.020 31.090 30.187 41.930 66.790
WH542 0.837 2,701 4134 11.297 14917 32970 42497 59.133
C306 1.009 3.162 9.005 21.773 35.281 65.832 78.877 102.060
Kalyansona 0.784 1956 4728 12.140 23.583 37.533 50.633 63.740
Mean 0.975 2.825 6.896 14478 24.637 39.192 49.376 68.052
CD at 5% N/A N/A 1.906 N/A 6.773 19.214 12933 20.627
CV (%) 19.311 18.201 14997 28.742 14918 26.604 14.214 16.449

Table 2: Leaf dry weight (g) at different DAS from 30 cm row length of
crop in six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 73 82 96
HD2967 0.820 1.941 4.454 7.553 12.697 14.923 11.020
Pusa Gold 0.763 2.359 4.278 7.160 10.487 7.687 7.183
HD2932 0.777 1.886 5.822 7.567 8.780 10.353 8.487
WH542 0.598 1.809 2.735 6.663 14.707  14.953 10.850
C306 0.800 2.234 6.170 12.633 23.046  21.656 14.500
Kalyansona 0.614 1.338 2.988 7.177 15.320 15.873 10.477
Mean 0.729 1.928 4.408 8.126 14173  14.241 10.419
CD at 5% N/A 0.595 1.307 N/A 6.214 4.865 3.598

CV (%) 17.104 16.742 16.086 27.843 23.794 18.538 18.741
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Table 3: Projected area of image (cm?) at different DAS from 30 cm

row length of crop in six wheat genotypes

Wheat Day after sowing
genotypes 22 42 53 63 73 82 96
HD2967 134.096 267.809 356.199 512.021 568.687 717.415 993.534  1390.682
Pusa Gold  122.889 282.128 397.564 603.480 803.323 792.703 1027.009  1160.785
HD2932 137.474 261.622 564.560 751.198 929.054 823.561 921.793  1543.006
WH542 103.068 214.061 245.475 570.601 576.470 1077.388 1175.903 1458.564
C306 126.127 222.398 495.728 892.816 1031.649 1656.891 1813.528 2161.184
Kalyansona 104.948 166.868 321.699 570.580 815.089 1105213 1135.996 1627.779
Mean 121.434 235.814 396.871 650.116 787.379 1028.862 1177.961 1557.000
CD at 5% 22677 N/A 63300 172430 144.822 220.131 240.408  261.368
CV (%) 10.151 25521 8655 14.393 9981 11611  11.075 9.109
Table 4: LAR (cm?g™) at different DAS from 30 cm row length of crop

in six wheat genotypes
Wheat Day after sowing
genotypes 22 32 42 53 73 82 96
HD2967 131.642  117.149  119.863  108.657 94.610 63.249  31.924
Pusa Gold 138.634  125.843  122.516 94.059 41579 25.011  18.554
HD2932 145139  136.330  139.204  106.345 52.341 38.014  22.805
WH542 121.616 122427 124321  102.095 81.836 55.538  26.967
C306 148976 125490  130.657  124.178 70.303 44470  24.153
Kalyansona 128.219 129141 122982  112.875 75.425 43236  27.128
Mean 135.704  126.063  126.590  108.035 69.349 44,920  25.255
CD at 5% 15.590 6.993 8.198 12.035 9.023 5.339 6.383
CV (%) 6.214 3.013 3.514 6.044 7.055 6431  13.582
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At 96 DAS leaf dry matter decreased to 18.3% of total dry matter and the shoot dry

matter increased to 81.7%.
4.1.3.5. Wheat genotype C306

Progress of dry matter production and image based projected area following similar
pattern of growth in C306 genotype from 22 DAS to 96 DAS is given in (Fig.13). Dry
matter partitioning between leaves and shoot in C306 is given in (Fig.14). Leaf dry
matter highest in C306 genotype at 73 DAS that was 35% of total plant above-ground
dry weight at same time shoot dry weight (including ear) was 65%. At 96 DAS leaf
dry matter decreased and it was 14.2% of total dry matter of plant. At 96 DAS shoot

dry matter increased and it was 85.8%.
4.1.3.6. Wheat genotype Kalyansona

Progress of dry matter production and image based projected area followed similar
pattern of growth in Kalyansona genotype from 22 DAS to 96 DAS as given in
(Fig.15). Dry matter partitioning between leaves and shoot in Kalyansona is given in
(Fig.16). Leaf dry matter was highest in Kalyansona genotype at 82 DAS that was
31.3% of total plant above-ground dry weight at same time shoot dry weight
(including ear) was 68.7%. At 96 DAS leaf dry matter decreased to 16.4% and the

shoot dry matter increased to 85.6%.
4.1.4. Leaf area ratio

The LAR at different DAS from 30 cm row length of crop in six wheat genotypes in
which LAR was found highest at 22 DAS stage (Table4). The highest LAR was
observed in wheat genotype C306 at 22 DAS stage. This genotype was significantly
different over the genotypes HD2967, WH542 and Kalyansona. There was significant
difference between the genotypes for LAR at 22, 32, 42, 53, 73, 82 and 96 DAS.

4.1.5. Correlation between measured dry weight and image based projected area

The correlation between measured dry weight (Tablel) and image based projected
area (Table3) parameter is given in (Fig.17a,b,c). It shows a highly significant
correlation (r = 0.972**) between these parameters. Also, linear relationship between
these parameters has a high R? value (0.945, y = 0.047x - 9.35) which can be useful
for prediction of biomass from image based projected area [Fig.17(a)]. Similarly

nonlinear relationship between these has a high R? value (0.952, y = 0.0000069x2 +
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0.034x - 5.508) [Fig.17(b)] and log-log relationship showed highly significant
correlation (0.990**) with a high R? value (0.980, y = 1.6667x - 1.08) [Fig.17(c)].

4.1.6. Correlation between dry weight based RGR and projected area based
RGR

The correlation between dry weight based RGR (measured by destructive sampling)
and projected area based RGR parameter is given in (Fig.18). The RGR values were
taken for the points satisfying the exponential growth. A highly significant correlation
(r = 0.898**) between these parameters. Also, there is a linear relationship between
these with a high R? value (0.807, y = 1.0512x + 0.0294) which can be useful for
prediction of RGR from projected area based RGR.

4.1.7. Correlation between dry weight based AGR and projected area based
AGR

The correlation between dry weight based AGR and projected area based AGR
parameter is given in (Fig.19). It shows a highly significant correlation (r = 0.520**)
between these parameters. Also, the linear relationship between these have a high R?
value (0.271, y = 0.025x + 0.4176) which can be useful for prediction of AGR from
projected area based AGR.

4.1.8. Correlation between dry weight based CGR and projected area based
CGR

The correlation between dry weight based CGR and projected area based CGR
parameter is given in (Fig.20). It shows a highly significant correlation (r = 0.520**)
between these parameters. Also, there linear relationship between these have a high
R? value (0.471, y = 0.4597x + 0.9606) which can be useful for prediction of CGR

from projected area based CGR.
4.2. Canopy growth and its relation with digital ground cover
4.2.1. Correlation between measured CGR and measured LAI.

The correlation between measured CGR and measured LAI parameter is given in
(Fig.21). It shows a highly significant correlation (r = 0.719**) between these
parameters. Also, there linear relationship between these have a high R? value (0.517,
y = 4.8468x + 2.702).
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4.2.2. Leaf area index

The LAI at different DAS from 30 cm row length of crop in six wheat genotypes is
shown in (Fig.22). The LAI was found highest at 73 DAS stage. The highest LAl was
observed in wheat genotype C306 at 73 DAS stage. This genotype was significantly
different over the genotypes HD2967, Pusa Gold, HD2932, WH542 and Kalyansona
(Table5). There was significant difference between the genotypes for LAI at 22, 42,
53, 73, 82 and 96 DAS. But, there was no significant difference between the genotype
for LAl at 32 DAS.

4.2.3. % Digital ground cover

The % digital ground cover at different DAS from 30 cm row length of crop in six
wheat genotypes is shown in [Fig.23(a)]. The % digital ground cover was found
highest at 53 DAS stage. The highest % digital ground cover was observed in wheat
genotype C306 at 53 DAS stage. However, this genotype was not significantly
different over the other genotypes (Table 6). There was significant difference
between the genotypes for % digital ground cover at 42 DAS. But, there was no
significant difference between the genotypes for % digital ground cover at 22, 32 and
53 DAS.

4.2.4. Correlation between measured leaf area and % digital ground cover

The correlation between measured leaf area and % digital ground cover parameter is
given in [Fig.23(b)]. It shows a highly significant correlation (r = 0.919**) between
these parameters. Also, there linear relationship between these have a high R? value
(0.845, y = 32.737x - 319.65) which can be useful for prediction of leaf area % from

digital ground cover.
4.2.5. Correlation between measured dry weight and % digital ground cover

The correlation between measured dry weight and % digital ground cover parameter
is given in [Fig.23(c)]. It shows a highly significant correlation (r = 0.901**) between
these parameters. Also, there linear relationship between these have a high R? value
(0.812, y = 0.282x - 2.8249) which can be useful for prediction of dry weight from %

digital ground cover.



28

4.3. Canopy growth from gap fraction analysis with mobile phone
4.3.1. Correlation between actual LAI and gap fraction based LAI

The correlation between actual LAl and projected area based LAI parameter is given
in [Fig.24(a)]. It shows a high correlation (r = 0.725**) between these parameters.
Also, there linear relationship between these have a high R? value (0.527, y = 1.7483x
+ 0.7945) which can be useful for prediction of actual LAI from projected area based
LAL

4.3.2. Correlation between LAI with canopy analyzer and gap fraction based
LAI

The correlation between LAI with canopy analyzer and gap fraction based LAl
parameter is given in [Fig.24(b)]. It shows a highly significant correlation (r =
0.736**) between these parameters. Also, there linear relationship between these have
a high R? value (0.542, y = 0.7331x + 0.4531) which can be useful for prediction of
LAI from projected area based LAI.

4.3.3. Correlation between LAI with canopy analyzer and actual LAI

The correlation between LAI measure with canopy analyzer and actual LAl parameter
is given in [Fig.24(c)]. It shows a highly significant correlation (r = 0.757**) between
these parameters. Also, there is a linear relationship between these with a high R
value (0.574, y = 0.3178x + 0.3978).

4.4. Leaf pigment estimation in wheat genotypes
4.4.1. Chlorophyll and carotenoid content on fresh weight basis
4.4.1.1. Total chlorophyll content

The total chlorophyll content at different DAS in six wheat genotypes is shown in
(Table7). The total chlorophyll was found highest at 96 DAS stage. The highest total
chlorophyll was observed in wheat genotype Pusa Gold at 96 DAS stage. This
genotype was however not significantly different over the other genotypes. There was
significant difference between the genotypes for total chlorophyll 73 DAS. But, there
was no significant difference between the genotypes for total chlorophyll at 22, 32,
42,53, 63, 82 and 96 DAS.
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Table 5: LAI at different DAS from 30 cm row length of crop in six
wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 73 82 96
HD2967 0.202 0.453 1.138 1.819 3.053 3.119 2.304
Pusa Gold 0.189 0.582 1.125 1.766 2.463 1512 1.545
HD2932 0.202 0.502 1.763 2.130 2.107 2.125 2.031
WH542 0.136 0.441 0.685 1.538 3.598 3.147 2.126
C306 0.200 0.529 1.569 3.605 6.171 4.677 3.287
Kalyansona  0.134 0.337 0.775 1.827 3.775 2.919 2.305
Mean 0.177 0.474 1.176 2.114 3.528 2.916 2.266
CD at 5% 0.054 N/A 0.304 1.15 1.659 0.495 0.685
CV (%) 16.576 18.115 14.048 29515 25527 9.206  16.397

Table 6: % Digital Ground Cover at different DAS from 30 cm row
length of crop in six wheat genotypes

Wheat Days after sowing

genotypes 22 32 42 53
HD2967 9.720 23.244 36.503 44.497
Pusa Gold 10.803 26.069 41.335 47.621
HD2932 10.978 23.725 63.235 58.882
WH542 9.305 23.485 28.345 42.710
C306 12.039 28.714 54.447 65.025
Kalyansona 9.162 17.227 39.025 50.018
Mean 10.334 23.744 43.815 51.459
CD at 5% N/A N/A 7.995 N/A

CV (%) 26.461 21.413 9.902 20.646
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4.4.1.2. Total Carotenoid content

The carotenoid content at different DAS in six wheat genotypes is shown in (Table8).
The carotenoids were found highest at 96 DAS stage. The highest carotenoids were
observed in wheat genotype Kalyansona at 96 DAS stage. This genotype was not
significantly different over the other genotypes. There was significant difference
between the genotypes for carotenoids at 63 and 82 DAS. But, there was no
significant difference between the genotypes for carotenoids at 22, 32, 42, 53, 73 and
96 DAS.

4.4.2. Chlorophyll and carotenoid content on dry weight basis
4.4.2.1. Total chlorophyll content

The total chlorophyll content at different DAS in six wheat genotypes is shown in
(Table9). The mean total chlorophyll was found highest at 42 DAS stage. The highest
total chlorophyll content was observed in wheat genotype C306 at 22 DAS stage.
Although this variety showed highest total chlorophyll but the varietal differences
were not significant. There was significant difference between the genotypes for total
chlorophyll at 53 DAS. But, there was no significant difference between the
genotypes for total chlorophyll at 22, 32, 42, 63, 73, 82 and 96 DAS.

4.4.2.2. Total Carotenoid content

The carotenoid content at different DAS in six wheat genotypes is shown in
(Table10). The mean carotenoid content was found highest at 42 DAS stage. The
highest carotenoid content was observed in wheat genotype HD2932 at 42 DAS stage.
However, this genotype was not significantly different over the other genotypes.
There was significant difference between the genotypes for carotenoids at 73 DAS.
But, there was no significant difference between the genotypes for carotenoids at 22,
32, 42,53, 63, 82 and 96 DAS.



Table 7: Total Chlorophyll content (mg g™ fw) at different DAS in
six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 63 73 82 9%
HD2967 1590 1571  2.065 1.683 1.654 2572 2419 2.639
Pusa Gold 1.700 1.325 2.195 1.601 1889 1.892 1.849 2.881
HD2932 1295 1311  2.092 1.727 1.766 2.227 2.528 2.155
WH542 1592 1328 1.779 1.239 1914 1883 2.606 2.453
C306 1290 1.686 1.891 1.439 1485 1960 2.114 2.596
Kalyansona 1.148 1411 2.293 1.751 1.662 2.043 2.744 2.836
Mean 1436 1.439 2.053 1.573 1.728 2.096 2.377 2.593
CD at 5% N/A N/A N/A N/A N/A 0.415 N/A N/A
CV (%) 13.594 11.723 13.657 11.340 15912 9.476 12.070 13.594

Table 8: Total Carotenoid content (mg g fw) at different DAS in
six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 63 73 82 96
HD2967 0.384 0.435 0.572 0.447 0473 0.663 0.633 0.666
Pusa Gold 0.411 0.356  0.583 0.438 0.579 0534 0449 0.677
HD2932 0.333 0.386  0.603 0.476 0.614 0580 0.614 0.542
WH542 0.389 0.3714 0.533 0.346 0.514 0491 0.658 0.575
C306 0.320 0.467 0.498 0.389 049 0563 0502 0.613
Kalyansona 0.296 0.386  0.588 0.457 0507 0.609 0.600 0.716
Mean 0.356  0.401 0.563 0.426 0531 0573 0576 0.631
CD at 5% N/A N/A N/A N/A 0.079 N/A 0.072 N/A
CV (%) 21412 14572 10.132 13.135 8.113 14261 6.758 12.943




Table 9: Total Chlorophyll content (mg g™ dw) at different DAS in
six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 63 73 82 9%
HD2967 13.554 6.711 12.608 12.067 8.478 11.018 8.786  9.275
Pusa Gold 15.621 6.188 15.172 9594 7.699 7951 8.622 8.934
HD2932 10.354 4961 13.944 11545 6.823 10.375 9.383  9.487
WH542 12.177 4.718 11517 9.780 9.800 7.918 10.093 9.886
C306 17426 4.793 13.742 11942 6.179 9.257 10.405 10.636
Kalyansona 9.509 5.392 16.014 15.029 8.884 8.809 10.373 10.438
Mean 13.107 5.460 13.833 11.659 7.977 9.221 9.610 9.776
CD at 5% N/A N/A N/A 2.867 N/A N/A N/A N/A
CV (%) 29.828 18.804 17.294 13.345 16.983 15.375 13.107 13.676

Table 10: Total Carotenoid content (mg g™ dw) at different DAS in
six wheat genotypes

Wheat Day after sowing

genotypes 22 32 42 53 63 73 82 96
HD2967 1494 1571 2.670 2.160 1864 2349 1978 1931
Pusa Gold 1817 1.267 2.836 2.012 2030 1906 1.637 1.698
HD2932 1502 1.276 2904 2.414 2.098 2214 1920 1.834
WH542 1623 1126 2.616 1.929 2.069 1.743 2.063 1.869
C306 1.062 1.180 2.467 1.965 1801 2201 1903 1.870
Kalyansona 1.342 1.258 2.889 2.230 2165 2243 1674 2.051
Mean 1474 1280 2.730 2.118 2005 2109 1862 1.876
CD at 5% N/A N/A N/A N/A N/A 0.283 N/A N/A
CV (%) 19.289 12949 12571 11.761 11.169 8.256 8.980 19.289




Chapter 5

DISCUSSION

5.1. Dry matter production and its relationship with image based projected area

Crop growth represents increase in biomass and leaf area and it is one of the most
important representative trait of crop performance. Better canopy growth in term of
biomass accumulation and leaf area production is visible through extent of ground
cover (Mullan and Reynolds, 2010). Estimation of canopy growth by traditional
method requires destructive sampling for biomass and leaf area. It requires more time,
labour and one can't measure any parameter again. Presently there are phenotyping
methods available for biomass estimation based on visible images, NIR images and
fluorescence imaging under controlled and field conditions [Fiorani and Schurr
(2013), Araus and Cairns (2014), Li et al. (2014)].

In the present study the above-ground plant dry weight (g) from 30 cm row
length from 20 to 96 DAS in six wheat genotypes was estimated by destructive
sampling and indirectly by projected area measurement. In general, there was a
similar pattern of increase in dry matter and projected area (Fig.5, 7, 9, 11, 13, 15).
For example, the biomass and projected area was less at initial stage and increased
later. Also at the 96 DAS the highest biomass and projected area was measured in the
variety C306. Similarly the lowest aboveground plant dry weight and projected area
was observed in genotype HD2967 at this stage (Fig.5). The reports on image based
phenotyping of biomass under field conditions also show that digital photography is a
promising approach that enables estimation of green biomass, soil cover, plant color
etc. Casadesus et al. (2007). Paruelo et al. (2000) studied above-ground plant biomass
using a photographic technique. Lee et al. (2013) used digital camera image analysis
for estimation of rice growth and nitrogen nutrition status. Hunt et al. (2015) used a
custom-made high-throughput image analysis tool for estimation of dry matter
production of individual perennial ryegrass in field. The image analysis tool captured
25% more of the variation, than those from visual growth scores. Use of both the
Visible and NIR images from digital cameras can be helpful in estimation of NDVI

which is associated with biomass and crop growth. Recently, Greider et. al. (2015)
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estimated RGR in wheat non-destructively under field conditions using NDVI canopy
cover images. Sakamoto et al. (2012) used camera observation system for monitoring
crop growth of maize and soybean in field. Dammer et al. (2016) made on-the-go
phenotyping in field potatoes using camera vision and showed that it helped
identifying areas showing different plant growth and differences in the temporal

development of the crop.

Similar use of visible image based projected area for biomass estimation has
been done earlier under controlled conditions by many workers. The RGB imaging is
the basic component of presently available high throughput phenotyping platforms.
These studies are as follows — Leister et al. (1999) were the first to study plant growth
in Arabidopsis thaliana by non-invasive image analysis under controlled
environment. Top view image based plant area estimation was correlated fresh
weight. Walter et al. (2007) studied the dynamics of seedling growth from images in
tobacco and Arabidopsis under controlled environment and rapid detection of genetic
and environmental parameters regulating plant growth was possible. Golzarian et. al.
(2011) estimated shoot biomass of cereal plants from their two dimensional images as
a linear function of the projected shoot area of plants in the images. Berger et al.
(2012) has also provided protocol to estimate biomass and growth assuming relation
between biomass and projected area for a growth phenotyping pipeline for
Arabidopsis thaliana using platform of LemnaTec 3D Scanalyzer system, Germany.
Arvidsson et al. (2011) described a growth phenotyping pipeline for Arabidopsis
thaliana with capacity to phenotype rosette area of 7000 plants/day by RGB image
using the parameters of area, convex hull and compactness. The study quantified
genotype effects on total rosette area and relative leaf growth rate (RLGR). Junker et
al. (2014) observed significant correlation between fresh biomass and estimated
volume of 63 maize inbred lines grown in various growth conditions. Fahlgren et al.
(2015) observed phenotyped biomass and growth rates in wild Setaria viridis and
domesticated Setaria italica under controlled-environment. Chen et al. (2016)
predicted barley plant biomass from image-derived parameters and they observed that
plant biomass could be accurately predicted from images using a random forest
model. Hairmansis et al. (2014) studied rice for total shoot area and senescent shoot
area, calculated from visible red-green-blue (RGB) and fluorescence images for

biomass estimation. Flood et al. (2016) studied growth and reflectance in Arabidopsis
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thaliana using an automated high-throughput phenotyping platform, the Phenovator,
capable of screening 1440 Arabidopsis plants multiple times per day. Fluctuations in
PLA between day and night were captured emphasizing the importance of frequent

measurements and change in leaf angle in light and dark.

Based on these associations, the present study could find a significantly higher
correlation between actual dry biomass and image based projected area. This
association was having a very high coefficient of determination for linear, non linear
and log-log relations. For instance, the correlation between measured dry weight and
image based projected area parameter was highly significant (r = 0.972**, Fig.17a)
with R? value (0.945) for linear relationship (y = 0.0476x - 9.352). For non linear
relationship (y = 0.0000069x° + 0.034x - 5.508) the R? value increased to 0.952
(Fig.17b). The correlation between log-log measured dry weight and image based
projected area parameters further increased to (r = 0.99**, Fig.17c) with R? value
(0.98) for log-log relationship (y = 1.6667x - 1.08). Therefore these equations can be

useful for prediction of biomass from projected area.

The projected area was further used to calculate Relative Growth rate (RGR),
Crop Growth Rate (CGR) and Average Growth Rate (AGR) based on the projected
area. The present study also found significant correlation between the estimates of dry
weight based relative growth rate (RGR) and projected area based RGR (r = 0.898**,
Fig.18). There was a linear relationship between these with a high R? value (0.807, y
= 1.0512x + 0.0294). A significant correlation was also observed between the
estimates of dry weight based Crop Growth Rate (CGR) and projected area based
CGR (r = 0.520**, Fig.20). There was a linear relationship between these with a high
R? value (0.471, y = 0.4597x + 0.9606). A significant correlation was also observed
between the estimates of dry weight based Average Growth Rate (AGR) and
projected area based AGR (r = 0.520**, Fig.19). There was a linear relationship
between these with a R? value (0.27, y = 0.025x + 0.417). These relations can be
useful for prediction of RGR, CGR and AGR from projected area. The prediction
would be best for RGR followed by CGR and AGR.

Some studies which have provided correlation coefficient and coefficient of
determination for their estimates of biomass and growth parameters are as follows.

Tomasel et al. (2001) studied chromaticity-based technique for estimation of
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above-ground plant biomass from a short-grass steppe and showed high correlation
between pixel count and measured values of green biomass (r = 0.95). Casadesus and
Villegas (2014) estimated leaf area index and biomass using conventional digital
cameras. The image derived index pertaining to the fraction of green pixels over the
total pixels of the image showed good correlations with all biomass variables and was
robust to lighting conditions. Jia et al. (2014) used digital images to monitor the
growth of cotton crop in field and observed that the canopy cover and above-ground
biomass were closely related (R? = 0.74-0.94). Kefauver et al. (2015) measured RGB
picture vegetation indexes from field grown maize. The RGB picture vegetation
indexes outperformed NDVI with R? values up to 0.65, compared to 0.56 for NDVI.
Hoyos-Villeg et al. (2014) used common digital cameras and estimated canopy cover,
total above-ground biomass, leaf biomass in soybean. High correlation between the
ground cover data (image analysis) and crop growth rate was observed (R*= 0.69).
Tackenberg (2007) studied biomass, growth rates, vertical biomass distribution and
dry matter content using scaled digital images under controlled greenhouse in twenty-
seven annual and perennial grass species (Poaceae). They observed a high correlation

between log-log relation of dry matter and projected area.

In many studies a combination of visible and fluorescence images has been
used for estimation of biomass based on the digital volume parameters which
combines top view and side view image parameters to improve the biomass
estimation. These studies include - Klukas et al. (2014) who found that in general the
correlation of fluorescence image based digital volume showed a higher correlation
with fresh weight and dry weight compared to visible image based digital volume.
Honsdorf et al. (2014) found a high correlation (r = 0.98) between image based
biomass estimates and actual biomass in barley under controlled environment.
Neilson et al. (2015) found a strong positive correlation between projected leaf area
and above-ground biomass, height, and true leaf area. The RGR output showed
significant correlation with the RGR by traditional destructive harvests. Parent et al.
(2015) also found that observed and measured biomass were highly correlated
(P<0.001). Neumann et al. (2015) imaged the top view and side view for estimation
of plant volume in barley under controlled environment and found good association
between destructively measured plant fresh weight and digital biomass (R? > 0.9).

Chen et al. (2014) studied the phenotypic components of crop plant growth and
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drought responses in barley under controlled environment. Digital volume showed the
best correlation with manually measured fresh weight and dry weight and logistic
model simulated biomass accumulation better (r = 0.89). Dhondt et al. (2014) studied
time-resolved imaging of in vitro Arabidopsis rosette growth and found that mutants
revealed specificities in growth behavior. Humplik et al. (2015) reported that digital
RGB image analysis helped in correlation between green area and biomass. Bac-
Molenaar et al. (2015) also reported that fresh weight in Arabidopsis was positively
correlated with projected leaf area (PLA) after 14 days (r>0.95). Edlich-Muth et al.
(2016) found that twenty image features explained 73% of the variance in hybrid
fresh weight. Cabrera-Bosquet et al. (2016) studied radiation-use efficiency of
thousands of plants in a phenotyping platform based on the estimation of leaf area and
fresh plant weight from images and found a high correlation between biomass

accumulation and intercepted PPFD.

5.2. Canopy growth and its relation with Digital Ground Cover (DGC) in wheat
genotypes

The leaf area from 30 cm row length of crop (or the equivalent LAI) measured by
destructive sampling was found highest at 73 DAS stage before anthesis. Fischer
(1983) also stated that leaf area increases progressively until flag leaf formation. At
this stage the highest leaf area was observed in wheat genotype C306. Also there was
significant difference between the genotypes for leaf area index at 22, 42, 53, 73, 82
and 96 DAS (Table 5, Fig.22). A high correlation was observed between CGR and
LAI (Fig.21). Fischer (1983) reported that CGR increases to maximum at LAI values
of 6. This was also observed in C306 as it had a highest LAI of 6.17 at 73 DAS and
also a highest CGR value of 31.56 g m™ day™ between 63-73 DAS (Table 5).

Digital image analysis of photographs to measure digital ground cover helps in
quantitatively measuring the green vegetation from the total ground area (Mullan and
Reynolds 2010 and Mullan et al. 2012). The % digital ground cover at different DAS
from 30 cm row length of crop in six wheat genotypes is shown in [Fig.23 (a)]. The
% digital ground cover was found highest at 53 DAS stage in wheat genotype C306
(Table 6). However, it was not significantly different over the other genotypes. There
was significant difference between the genotypes for % digital ground cover at 42

DAS. But, there was also no significant difference between the genotypes for %
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digital ground cover at 22 and 32 DAS. The correlation between measured leaf area
and % digital ground cover parameter [Fig.23(b)] was highly significant (r =
0.919**). Also, there linear relationship between these have a high R? value (0.845, y
= 32.737x - 319.65) which can be useful for prediction of leaf area % from digital
ground cover. Campillo et al. (2010) estimated the LAI in vegetable crops by using
digital images. The percentage of groundcover (PGC) and measured LAI were highly
correlated (R® > 0.88). Mullan and Reynolds (2010) also observed a R? of 0.80
between DGC and LAI in wheat. Similarly, there was high correlation between
measured dry weight and % digital ground cover [Fig.23(c)]. It shows a highly
significant correlation (r = 0.901**) and a linear relationship with high R? value
(0.812, y = 0.282x - 2.8249) which can be useful for prediction of dry weight from %
digital ground cover. Mullan and Reynolds (2010) also observed a R? of 0.63 between
DGC and dry matter production in wheat. Pandey et al. (2016) also observed a high

correlation between canopy cover and biomass at anthesis in juncea canola hybrids.
5.3. Canopy growth and estimation of LAI using gap fraction in wheat genotypes

One of the important and most widely used methods of estimating canopy growth is
estimation of gap fraction which can be described as the fraction of view that is not
blocked by foliage (Welles 1990, Andrieu and Baret 1993, Welles and Cohen 1996,
Weiss 2004). In the present study the images taken at zenith angle 57.5° with mobile
phone were analyzed for gap fraction. Comparisons of these with the LAl 2000
canopy analyzer lead to significant correlations. For instance, the correlation between
actual LAI and gap fraction based LAI [Fig.24(a)] was significant (r = 0.725**) and
there was a linear relationship between these having a high R? value (0.527, y =
1.7483x + 0.7945). Similarly, correlation between LAI with canopy analyzer and gap
fraction based LAI [Fig.24(b)] was also highly significant (r = 0.736**) with a linear
relationship and a high R? value (0.542, y = 0.7331x + 0.4531). The correlation
between LAl measure with canopy analyzer and actual LAI parameter measured by
destructive sampling [Fig.24(c)] was also highly significant (r = 0.757**) with a
linear relationship (R? = 0.574, y = 0.3178x + 0.3978). Some of the similar studies
using gap fraction analysis from images were Demarez et al. (2008), Liu and Pattey
(2010), Baret et al. (2010), Liu et al. (2013) and Confalonieri et al. (2013). These
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showed that images taken at zenith angle 57.5° can be very useful for non destructive

LAI estimation and are comparable to the estimations made by canopy analyzer.



Chapter 6

SUMMARY AND CONCLUSION

A study was conducted to estimatebiomass and crop growth in wheat with the help of
non-destructive image based phenotyping methods. Six wheat genotypes (viz.
HD2967, Pusa Gold, HD2932, WH542, C306 and Kalyansona) differing in growth
habit were grown in field with 3 replications in RBD design. Samples were taken
from 30 cm row length of crops containing 17 plants. For biomass and growth
estimation the images of side view as well as top view of canopy were taken by a
customized set-up/apparatus with digital camera. The side view images were analyzed
in ImageJ for estimation of projected area.The top view of canopy was used to
estimate Digital Ground Cover (DGC) with Photoshop software. In another
experiment, images of bottom to top view of canopy were taken by mobile at 57°
angle from zenith and analyzed for gap fraction. Samples from the same place were

cut and measured for leaf area.
The results from above experiments are summarized as follows -

o The dry matter production and image based projected area followed similar
pattern of increase from 22 DAS to 96 DAS in all six wheat genotypes.

o The correlation between measured dry weight and image based projected area
parameter showed a highly significant correlation (r = 0.972**). Also, linear
relationship between these parameters has a high R? value (0.945) which can
be useful for prediction of biomass from image based projected area. Similarly
the log-log transformed biomass and projected area was also highly correlated
(r = 0.99**, with linear relationship R*= 0.980).

o The correlation between dry weight based measured RGR and projected area
based RGR parameter shows a highly significant correlation (r = 0.898**).
Also, there was a linear relationship between these with a high R? value
(0.807) which can be useful for prediction of RGR from projected area based
RGR.
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The correlation between dry weight based AGR and projected area based
AGR parameter shows a highly significant correlation (r = 0.520**). Also,
there linear relationship between these have a high R? value (0.271) which can
be useful for prediction of AGR from projected area based AGR.

The correlation between dry weight based CGR and projected area based CGR
parameter shows a highly significant correlation (r = 0.520**). Also, there
linear relationship between these have a high R? value (0.471) which can be
useful for prediction of CGR from projected area based CGR.

The correlation between measured leaf area and % DGC parameter shows a
highly significant correlation (r = 0.919**). Also, there linear relationship
between these have a high R? value (0.845) which can be useful for prediction
of leaf area from %digital ground cover.

The correlation between measured dry weight and % digital ground cover
parameter shows a highly significant correlation (r = 0.901**). Also, there
linear relationship between these have a high R® value (0.812) which can be
useful for prediction of dry weight from % digital ground cover.

The correlation between actual LAI and gap fraction based LAl parameter
shows a high correlation (r = 0.725**). Also, there linear relationship between
these have a high R? value (0.527) which can be useful for prediction of actual
LAI from projected area based LAI.

The correlation between LAI with canopy analyzer and gap fraction based
LAI parameter shows a highly significant correlation (r = 0.736**). Also,
there linear relationship between these have a high R? value (0.542) which can
be useful for prediction of LAI from projected area based LAI.

The correlation between LAl measure with canopy analyzer and actual LAI
shows a highly significant correlation (r = 0.757**). Also, there is a linear

relationship between these with a high R? value (0.574).

From above results it can be concluded that -

The biomass of wheat can be estimated indirectly from image based projected
area of side view of crop.
The growth parameters (RGR, CGR and AGR) can be estimated from image

projected area.
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The digital ground cover from top view images is related to plant biomass and
leaf area.

Gap fraction analysis of bottom to top view images by mobile camera can be

used for LAI estimation.



Image based phenotyping of crop growth in wheat
ABSTRACT

Biomass production is one of the most important traits governing crop production.
Future increases in yield potential of wheat will require enhancing the biomass. The
present study investigated the image based non destructive estimation of biomass and
crop growth in wheat. Six wheat genotypes (viz. HD2967, Pusa Gold, HD2932,
WH542, C306 and Kalyansona) were grown in field with 3 replications in RBD
design. For biomass and canopy growth estimation, side view images as well as top
view (from 30 cm row) were taken by a customized set-up / apparatus with digital
camera. The images were analyzed in ImageJ to measure projected area. The results
showed that the dry matter production and image based projected area followed
similar pattern of increase from 22 DAS to 96 DAS in all six wheat genotypes. There
was a highly significant correlation between measured dry weight and image based
projected area (r = 0.972**, with linear relationship R* = 0.945). Similarly the log-log
transformed biomass and projected area was also highly correlated (r = 0.99**, with
linear relationship R? = 0.980). These relationships can be used for prediction of
biomass from image based projected area. There was also a high correlation between
dry weight and projected area based growth parameters i.e. Relative Growth Rate -
RGR (r = 0.8985**), Crop Growth Rate - CGR (r = 0.520**) and Average Growth
Rate - AGR (r = 0.520**). Based on the top view images analyzed in Photoshop, the
measured leaf area and dry matter showed a highly significant correlation with %
Digital Ground Cover - DGC (r = 0.919** and 0.901** respectively). In another
experiment, images of bottom to top view of canopy were taken by mobile at 57°
angle from zenith and analyzed for gap fraction. The actual Leaf Area Index (LAI)
and gap fraction based LAI showed a high correlation (r = 0.725**). The LAI
measured with canopy analyzer instrument (LAI 2000, LiCor) and gap fraction based
LAI parameter from mobile camera also showed a highly significant correlation (r =
0.736**). From the above results it can be concluded that the biomass of wheat can be
estimated indirectly from image based projected area of side view of crop. The growth
parameters (RGR, CGR and AGR) can be similarly estimated. The estimation of
digital ground cover from top view images can also be used to estimate to plant
biomass and leaf area. Also, the gap fraction analysis of bottom to top view images by

mobile camera can be used for LAI estimation.
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