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I. MAIN RESEARCH GOALS

1. High throughput phenotyping for breeding drought resistance cultivars

Erratic climate change due to global warming is deriving frequent and

severe drought. Drought especially affects as a crucial threat to the

agricultural industry, therefore, drought solutions such as improving irrigation

systems, rainwater harvesting, damming, cloud seeding, changing cultivation

methods, and breeding resistance cultivars are developed and applied. Among

all the current drought solutions, breeding resistance cultivar is the most

efficient, effective method. However, conventional plant breeding requires an

amount of time and resources during all processes. This led to the high

throughput phenotyping (HTP), which is rapid, massive, accurate,

non-invasive, automated, and reliable breakthrough in the plant breeding cycle

researches by the combination of latest computing and sensor technologies.

Applying HTP methods in developing drought resistance cultivar must choose

the sensors and platforms that are appropriate to evaluate drought related

traits. Therefore, the current chapter will introduce various methods of HTP

in drought stress detection and possibilities to provide helpful guidelines for

breeders and researchers under their circumstances.

2. Sensor based drought evaluation method in soybean (Glycine max

L.)

Soybean (Glycine max L.) is one of the major food crops worldwide.

Affected by the drought impact, existing soybean cultivars might resist some

degrees of drought stresses. However, increased drought frequency and
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severity under global warming are now forcing rapidly responded solutions

through accelerated breeding cycles for more powerful resistance cultivars.

Conventional methods for drought evaluation in soybean are non-repeatable or

not fast enough to shorten the selection process. Manageable and reliable

drought-related traits are required in HTP methods for the acceleration.

Recent researchers found out that biomass and yield correlate positively with

the number of nodes and green area of canopy. Thus, we applied the RGB

sensor for fast and reliable screening green area of drought-stressed

soybeans and compared with other drought related traits. The goal of the

current chapter is to develop a fast and cost-effective method of screening

drought tolerance by means of image analysis in the early vegetative stages.

This thesis will focus to provide a useful tool for drought evaluations and the

basis for selection criteria in further drought tolerance experiments and

breeding processes.
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II. Chapter I: Literature review: Comparisons of

High-Throughput Phenotyping Methods for Detecting

Drought Tolerance

Abstract

Drought is crucial threat worldwide for crop production, especially present

rapid climate changing situation. Current drought solutions: improving

irrigation system, rainwater harvesting, damming, cloud seeding, and some

changes of cultivation methods, although they are effective each has their

economic, environmental, and temporal drawbacks. Among all solutions, the

most effective, inexpensive and manageable method is the use of drought

resistance cultivars, via plant breeding. However, conventional plant breeding

is a time-consuming and laborious task especially for the phenotypic data

acquisition of the targeting traits of numerous progenies. The recently

emerged method, high-throughput phenotyping (HTP), has potential to

overcome the foresaid issues. Its massive, accurate, rapid, and automatic data

acquisition in breeding procedure can be the breakthrough for developing

drought resistant/tolerant cultivar to solve current drought problems. Thus,

the current article will introduce various methods of HTP to detect drought

stress, which can accelerate the drought resistance cultivar breeding processes

in order to provide helpful guidelines for to choose the appropriate methods

for breeders and researchers under their circumstances.
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1. Introduction

Expanding global population demands the doubled crop production by

2050, which will be a significant challenge to achieve the goal (Araus and

Cairns, 2014). However, recently variation of drought frequency and location

are increasing tremendously due to the global warming and climate change

causing severe yield loss (Spinoni et al., 2014). Severe and frequent drought

would decrease yield significantly causing global food security.

Developing drought tolerant cultivar is an effective method to deal

with current situation by providing farmers to relatively inexpensive and

manageable plantation (Cattivelli et al., 2008). However, only few drought

tolerance cultivars of crops have been developed so far. Moreover,

conventional breeding takes many years even with the modern breeding such

as marker-assisted selection (Collard and Mackill, 2008; Tester and Langridge,

2010). To enable shorter breeding cycles, great rates of genetic gain with the

sufficient number of samples and reliable data set are required. This led the

advent of new field, high throughput phenotyping (HTP) (Rutkoski et al.,

2016). HTP is based on various kinds of sensors and computing technology

in order to accelerate phenotypic data acquisition process in accurate, fast,

non-invasive, automated, and reliable manners. Therefore, it would be worth

to reviewing various methods of HTP to evaluate drought stress in crop

plants so that researchers who want to phenotype drought tolerance level

could compare them to utilize in their own purposes under their

circumstances.

In order to monitor plant performance and identify traits under

drought condition, defining phenotypes of drought stresses are crucial.
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Dehydration under drought condition results in critical damage to plant, by

changing leaf and canopy temperature, transpiration rate and biomass

distribution decreasing growth rate and production (Khodarahmpour, 2011;

Passioura, 1983). Thus, there should be various ways to screen drought stress

level with various kinds of sensors to screen each of those components

mentioned above. This article will focus on reviewing high throughput

phenotyping methods and platforms.
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2. High throughput phenotyping methods for drought stresses in

plants

1) Red, green, and blue (RGB) image

Multispectral sensors generally comprise several bands including RGB

channels and near infrared (NIR) channels (Kelcey and Lucieer, 2012).

Relatively insensitive accessibility of spectral imagery made various forms of

its usage. RGB (Red, green, blue) band sensor is the most affordable and

accessible instrument because it takes images of most all of the

morphological features of plants, such as whole image or partial image of

plant, plant structure, shoot biomass, leaf density, leaf area, height, and color.

Due to its rapid measurement and affordable access, it has various

applications. For example, plant density of wheat was estimated with light

platform fixed RGB camera (Liu et al., 2017), time series of plant penology

was monitored with an automated time-lapse photography (Crimmins and

Crimmins, 2008), and leaf segmentation of sorghum was estimated by RGB

camera on UAVs (Chen et al., 2018). RGB images also can be applied to

acquire sophisticated information of water stress responses based on its

shape, compactness, solidity, and other visible parameters (Deery et al., 2014).

2) Infrared imaging

In the 700 nm to 1300 nm near infrared (NIR) wavelengths, its

reflectance on plant green area shows highest rates (Broge and Mortensen,

2002). It also shows relatively low reflection at the wavelength beyond 1300

nm. The former causes the scattering wave within the leaf mesophyll, and
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later is absorbed by water strongly (Knipling, 1970). Consequently, these

characteristics verifies compatibility on meaningful parameters against drought

stresses. Bei et al. (2011) measured grapevine water potentials using

custom-made spectrophotometer and handheld spectrometer to have significant

correlation with the results of pressure chamber in fields and glasshouses. In

addition, vegetation indices requires NIR channel shows significant correlation

on vegetation statuses. Bendig et al. (2015) and Yang et al. (2017) estimated

normalized difference vegetation index (NDVI) in order to monitor biomasses

in projected area expeditiously easily with combination of RGB and NIR

imagery on Unmanned Aerial Vehicles (UAVs). These sensors can be adapted

on not only UAVs but also on other platforms such as ground vehicles and

chambers to produce images of wide range and continuous images at each

platform (Chapman et al., 2014; Deery et al., 2014; Gago et al., 2015).

3) Hyperspectral imaging

Hyperspectral sensors consist of hundreds and thousands of bands per

one pixel compared to the multispectral sensors (Thenkabail et al., 2002). By

its narrow and numerous bands, band selection is relatively complicated for

imaging than the multispectral sensors. Nevertheless, it can differentiate

various stress responses by its feasibility in acquiring images in high

resolution and narrow spatial range. Thereby, generally it is used on indoor

imaging and high altitude aerial platforms based on the high level of details

in hyperspectral imagery. Due to its narrow ranges vegetation and water

indices, soil coverage status, photosynthesis rates, and levels of

phytochemicals such as nitrogen, cellulose, lignin, and pigments can be

derived (Hamada et al., 2007; Stagakis et al., 2010; Zhao et al., 2013).

However, the illumination issues on close range and the inconstant imaging

by environmental changes could be problematic for high-throughput
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phenotyping (Mishra et al., 2017). Nonetheless, physiological and

phytochemical parameters with hyperspectral imaging to detect drought stress

responses in crop plants is highly effective (Behmann et al., 2014).

4) Thermal imaging

Thermography, also known as infrared thermography, produces images

using the emitted radiation of object that increases with the object

temperature above absolute zero (Shekhawat, 2016). Thermal sensor can

detect temperature changes cause by transpiration occurrence due to the

stomatal closure with visualized image data (Peñuelas et al., 1992). Thereby,

temperature related traits such as water content, transpiration rate, and

stomatal conductance could be measured through the thermal imaging

(Prashar et al., 2013; Tattaris et al., 2016). For examples, stomatal

conductance in grapevine (Vitis vinifera) was estimated with a handheld

thermometer camera (Leinonen et al., 2006), and water stress in olives was

evaluated through correlation between soil and tree water status and thermal

imagery (Ben-Gal et al., 2009). HTP methods with thermal imagery are often

applied with other sensors to have comprehensive data. For instance, applying

thermal and multispectral sensors on UAVs for vegetation monitoring (Berni

et al., 2009) and water status was assessed in vineyard (Baluja et al., 2012;

Gago et al., 2015). Since thermal images have significant correlation with

water stress indicators, it may be one of the most useful sensors to

phenotype drought tolerance. However, various environmental factors such as

solar radiation, air temperature, wind speed, and background temperature can

easily influence the field measurement, which requires technical expertise to

overcome this limitation (Sugiura et al., 2007)
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5) Fluorescence imaging

Fluorescence is luminescence of longer wavelength photons of

fluorescence lifetime after photon absorption by certain susceptible atom or

molecule. These longer wavelength and lower energy photon decays slow, so

that it can be measured by the sensors for 10E-12 seconds (picoseconds)

(Berezin and Achilefu, 2010). Thereby, plant fluorescence can be obtained

through those response of fluorescence by irradiating chloroplasts with blue

or actinic light. As fluorescence and chlorophyll contents are strong indicators

of drought tolerance to determine the metabolic status of plants, fluorescence

imaging can be effective for dissecting drought related traits such as

photosynthetic rate changes and pigment proportion changes (Li et al., 2006;

Ögren and Öquist, 1985; Zlatev and Yordanov, 2004). However, impropriety

for the early water stress detection, inadequacy on broad range imagery,

inconsistent illumination, environmental disruptions under field conditions for

remote sensing, and high-power requirements is its limitation (Jansen et al.,

2009; Shakoor et al., 2017). Despite fluorescence sensor applicable platforms

are limited, efficiency of fluorescence imaging is proved under drought

conditions by the combination with other sensors or automated facilities to

screen photosynthetic rates (Chaerle et al., 2006).

6) Light Detection and Ranging (LiDAR)

Lidar is newly emerged remoted sensing technology that measures

distance of target objects by analyzing the reflected light (Lefsky et al.,

2002). Various parameters of canopy and leaves, such as vegetation cover,

height, canopy structure, leaf area index, and nitrogen status are acquirable

(Eitel et al., 2014; Lin, 2015; Madec et al., 2017; Omasa et al., 2006; Zhang

and Grift, 2012). Furthermore, LiDAR measuring via 3D structuring can be
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done in only several minutes. It is generally applied in aerial platforms,

ground vehicles, and ground fixed & stationary platforms. Among them,

UAVs shows a highest potential and efficiency than the other platforms for

3D LiDAR mapping. However, this method has limited application for drought

stress study. One such application could be biomass, which results from slow

growth and wilting due to drought stress based on 3D images of canopy. In

summary, aerial platforms with LiDAR are effective for measuring canopy

area, while rough images might be unsuitable for accurate data for drought

tolerance. To overcome this, ground based platforms are suggested with

current image resolution of LiDAR.

Fig 1. Electromagnetic spectrum scheme (nm).
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Sensors Range Features Traits Reference
RGB
sensor

400~7
00nm

Images of visible
wavelengths are obtained.
Most easily accessible
sensor.

Vegetation indices, plant
height, plant structure, growth
rates, and morphological traits.

Crimmins and Crimmins (2008);
Deery et al. (2014); Liu et al. (2017)

NIR
sensor

700~1
400nm

Shows highest reflectance of
plant green area in
700~1300nm, while beyond
1300nm shows more
absorbance by water than
the visible spectrum.

Chlorophyll conductance, water
status, and vegetation indices.

Bei et al. (2011); Bendig et al.
(2015); Yang et al. (2017)

Hyperspe
ctral
sensor

- Consists thousands of bands
per one pixel. More detailed
images can be obtained than
the multispectral imaging if
the requirements are set.

vegetation and water indices,
soil coverage status,
photosynthesis rates, and
levels of phytochemicals.

Hamada et al. (2007); Stagakis et al.
(2010); Zhao et al. (2013)

Thermal
sensor

700~1
06 nm

Imaging sensor using the
emitted radiation of object
that increases with the object
temperature above absolute
zero. Suitable to image
temperature changes.

Canopy temperature,
transpiration rates, and water
stress responses.

Baluja et al. (2012); Berni et al.
(2009); Gago et al. (2015); Leinonen
et al. (2006)

Fluoresce
nce
sensor

180∼
800
nm

Capable to measure
fluorescence emitted by short
wave light absorption of
susceptible molecule.

Chlorophyll conductance,
photosynthetic rates, and
pigment composition.

Chaerle et al. (2006)

LiDAR 250 ~
2,000n
m

Distance measuring and
surface scanning of target
objects by analyzing the
reflected light.

Canopy and leaves, vegetation
cover, plant height, and
nitrogen status.

Lin (2015); Eitel et al. (2014); Madec
et al. (2017); Omasa et al. (2006);
Zhang and Grift (2012);

Table 1. Sensors for high throughput imaging and obtainable traits.
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3. Platforms for sensors to evaluate the drought tolerance

As mentioned above, various sensors can derive parameters for

high-throughput phenotyping. They are powerful imaging instruments that

allow accurate and massive phenotyping data at a glance off. However, it is

important to have appropriate platform such as aircrafts, vehicles, ground

fixed, and automated facilities to mount sensors in order to obtain visualized

parameters of plant response under drought conditions.

Traits from canopy and leaf area such as leaf area, transpiration

rates, canopy temperature, phytochemicals, and photosynthetic rates are highly

related with drought encounter. Among various platforms, aerial detection is

the most effective and most efficient way in terms of phenotyping speed. Its

rapid and accurate remote sensing allows to image massive amount of plant

in wide area within very short time. Visible traits of above canopy area

including plant height can be easily measured by aerial imaging with RGB

sensor (Bendig et al., 2014; Jin et al., 2017). Chlorophyll contents that can be

estimated by NIR and Red range by aerial imaging (Bendig et al., 2015; Yang

et al., 2017). Thermal sensor mounted on aerial vehicles is capable of aerial

water status detections (Baluja et al., 2012; Berni et al., 2009; Gago et al.,

2015). Also, aerial platform with high payload can apply hyperspectral sensor

for phytochemical and photosynthetic traits. However, application of thermal

and fluorescence sensors might be more appropriate to be mounted on ground

vehicles, ground fixed & stationary platforms, and indoor facilities for higher

resolution images due to formally mentioned issues (Busemeyer et al., 2013;

Deery et al., 2014; Shafiekhani et al., 2017; Tisné et al., 2013).

Although aerial platform has benefits for high throughput phenotyping,
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its detectable area is limited on canopy area only. Therefore, drought

influenced phenotypes below canopy area such as stem structure, biomass and

branching are remotely sensed by ground vehicles (Salas Fernandez et al.,

2017), ground fixed & stationary (Busemeyer et al., 2013; Shafiekhani et al.,

2017), and indoor (Hartmann et al., 2011) platforms. Ground vehicles are be

relatively less expensive than other two kinds of platforms, while its images

need analyzing process same as the aerial platform (Deery et al., 2014). They

are also very advantageous in term of much higher capacity for loading many

sensors with higher weights than aerial platform does. However, the

phenotyping speed is much slower than aerial platform. Indoor platforms have

benefits that can control the objective environment due to the inhibition of

other uncontrollable disturbances. By restricting interference of extrinsic

factors, almost all the sensors are available on this platform. Proper posture

rectified for each imaging sensor can make the measurement more accurate

and rapid with easier operation. Ground fixed & stationary platforms has

advantage that can produce time-lapsed image easily due to their fixed

imaging angle and constant imaging time although this must be durable

under the outdoor condition. Indoor facilities are also capable to phenotype

root whose formation under drought condition also provides important hints to

be tolerance to drought (Wasaya et al., 2018). However, restricted individual

numbers, high cost, and environmental settings are its limits. Cylinder growth

systems, hydroponic growth systems, aeroponic growth systems, X-rays,

nuclear magnetic resonance microscopy, magnetic resonance imaging, and

laser scanning are currently available for indoor root phenotyping (Clark et

al., 2013; Iyer-Pascuzzi et al., 2010; Marié et al., 2014; Taras et al., 2012).
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Platform
s

Categories Features Limits Reference

Aerial Satellites Rapid imaging of broad area
is available.
Payload limits.
Screening process is possible
irrespective of plant height.
Only orthoimages can be
obtained.

Relatively low resolution
images than platforms
on lower altitude.

Hamada et al. (2007); Stagakis
et al. (2010)

Aircrafts Manual control requires
expertise.

Chapman et al. (2014)

Easily influenced by
environmental factors.
Relatively low payloads.

Baluja et al. (2012); Bendig et
al. (2014); Bendig et al. (2015);
Berni et al. (2009); Gago et al.
(2015); Jin et al. (2017); Yang et
al. (2017)

Ground Tractors &
Buggies

Manually or remotely
controlled.
High resolution images
obtainable.
Sensor payload is irrespective.

Inappropriate to screen
very tall crops.

Deery et al. (2014); Salas
Fernandez et al. (2017)

Bicycles Liu et al. (2017)

Ground-Fixed &
Stationary

Suitable to time-lapsed
images.
More sensors are mountable
than the aerial platforms.

Requires durability
against outdoor
conditions.

Busemeyer et al. (2013);
Shafiekhani et al. (2017)

Indoor Facilities Environmental factors can be
controlled.
Uncontrollable disturbances
are inhibited.
Almost all sensors can be
applied.
Capable to root phenotyping.

Limited individuals. Clark et al. (2013);
Iyer-Pascuzzi et al. (2010);
Hartmann et al. (2011); Marié et
al. (2014); Taras et al. (2012);
Tisné et al. (2013); Wasaya et
al. (2018)

Table 2. Platforms for High Throughput Phenotyping.
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4. Conclusion

Present drought problems are one of the main casual factors of

incoming world food crisis, which can be overcome by developing drought

tolerance cultivars via plant breeding. Since drought occurs more often in

severe forms, the breeding cycle should be significantly shortened. To achieve

this, massive and accurate phenotypic data is crucial. Considering drought

stress responses are related with various morphological and physiological

traits, numerous methods could be applied using sensors such multispectral,

hyperspectral, thermal, fluorescence sensors, laser sensors on various

platforms. In the current article, currently developed methods were reviewed

to help researchers who need to do high throughput phenotyping for drought

responses. We sincerely hope that this article could help those who consider

to study drought response or to breed drought tolerance cultivars.
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III. Chapter II: Application of image analysis method to

study drought stress in soybean

Abstract

The steep increase of drought frequency under global warming has resulted

in massive losses to world crop production. Consequently, drought-tolerant

cultivars are required to overcome this crisis under the given circumstances.

In order to develop new drought-tolerant cultivars efficiently, it is crucial to

phenotype massive numbers of individuals in a fast, reliable, and precise

manner, which has led to the advent of high throughput phenotyping. In this

report, we demonstrate fast and reliable phenotyping methods to screen

drought tolerance in soybeans (Glycine max L.). Recent studies have revealed

that biomass and yield are positively correlated with the number of nodes and

canopy/green area. The results showed that green pixel percentage has a

significant correlation with the number of main nodes. This case study

demonstrates that the green pixel percentages would be useful for drought

evaluations in further experiments.
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1. Introduction

Climate change impacts on crop productivity and field water balance.

In particular, water scarcity during the early growing season and reproductive

stage poses a severe threat to crop yields (Spinoni et al., 2014). One of the

most sustainable methods to overcome the unpredictable occurrence of

drought is to introduce drought-tolerant cultivars within a short time frame

(Cattivelli et al., 2008). Consequently, quick and reliable phenotyping of the

correct traits is essential to achieve this.

Soybean (Glycine max L.) is one of the most important field crops

and requires sufficient water and temperature levels during its life cycle

(Wang et al., 2006). Nevertheless, studies of drought tolerance are heavily

focused on the reproductive stage. Furthermore, not many target traits were

developed for high throughput phenotyping, although Bai and Purcell (2019)

reported that the greenness intensity using vertical images demonstrated the

possibility for screening yields and responses under drought. While this

method is reliable and repeatable it is not fast enough to make breeding

cycles shorter. Most importantly, it requires expensive equipment.

There are several conventional yield components, such as root

formation, node formation, flowering, and pod formation (Dornbos et al., 1989;

Desclaux and Roumet, 1996; Fenta et al., 2014). Among those, biomass and

yield were found to be related to the number of nodes and canopy/green area

(Thomas and Raper, 1977; Cui and Yu, 2005). In addition, Kobraei et al.

(2011) reported that the number of nodes is associated with the number of

pods. This is possibly because the formation of main stem nodes results in

the formation of branches, which also increases the number of branch nodes
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(Nakano et al., 2019), having a positive effect on biomass and yield (Board,

1987; Cui and Yu, 2005). Therefore, it is possible to estimate biomass and

yield through the number of nodes by following the correlations.

Thus, we developed a fast and cost-effective method of screening

drought tolerance by means of image analysis in the early vegetative stages

using a commercial digital camera. To achieve this, the vertical images of the

green area of canopy were examined, which demonstrated a correlation

between the number of nodes and the number of pods.
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2. Materials and methods

1) Plant materials and experiments

The experiment was conducted between May 21, 2019 and September

20, 2019, at the greenhouse of Jeju National University, Korea (33°27′19.1″

N, 126°33′41.8″E, DMS). The average temperature of the greenhouse was

maintained at 29 ℃ during the day and 22 ℃ at night.

Parents of 28 nested association mapping (NAM) populations of

soybean (Glycine max L.) were provided by the Rural Development

Administration (RDA), Korea (Table 3). Each parent was planted using three

replications of individuals in each of the four pots, sized 38.5 × 28 cm. All

pots were randomly placed in 7 rows × 4 columns × 4 plots (total 112 pots)

at the greenhouse. Watering was evenly applied until June 9, 2019, 20 days

after planting (DAP), when 90% of the soybeans were in the 4th vegetative

stage (V4) and from June 24, 2019 to September 20, 2019 (35 DAP to 123

DAP). Drought stress with irrigation control was carried out from June 10 to

June 23, 2019 (21 DAP to 34 DAP). One pot of each parental line was fully

irrigated as a control sample, while the remaining three pots were irrigated

with 75ml once every three days.

At the end of drought treatment (June 23, 2019, 34 DAP) and after 14

days of recovery (July 6, 2019, 47 DAP), the number of main nodes was

counted and vertical RGB images of the whole plant were taken 120 cm

above ground with a Nikon COOLPIX A100 (Nikon, Japan). On September 20,

2019 (123 DAP), main stem nodes were measured, and the number of pods

were counted for the final yield evaluation. The treatment schedule is
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summarized in Fig 2.

NAM Number Varieties NAM Number Varieties

Common Daepung NAM14 Willians82

NAM1 Bangsa NAM15 Saedanbek

NAM2 Pungwon NAM16 Daewon

NAM3 Hannam NAM17 Hwanggeum

NAM4 Sowon NAM18 Chungja

NAM5 Galche NAM19 Chungja 3ho

NAM6 Somyeong NAM20 Sochung 2ho

NAM7 Sinhwa NAM21 Ilpumgeomjung

NAM8 Pureun NAM22 Daeheuk

NAM9 Taegwang NAM23 Josangseori

NAM10 Wuram NAM24 Yeunpung

NAM11 Danbek NAM25 Chunal

NAM12 PI96983 NAM26 Heukchung

NAM13 Haman NAM27 Seoritae

Table 3. Twenty-eight nested association mapping (NAM) population of soybean.

Fig 2. Treatment schedule of current experiment. (Control) well-watered; (Treat) drought

stressed; (Traits) measured traits; RGB image: red, green, and blue image.
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2) Image process

Vertical images of the whole plant acquired 34 DAP and 47 DAP

were analyzed by MATLAB (R2019a update 3 9.6.0.1135713, MathWorks)

application Canopeo (v1.1, canopeoapp.com) using a noise reduction value of

1000 and color thresholds with a 1.0 Red to Green (R/G) ratio and 1.0 Blue

to Green (B/G) ratio (Patrignani and Tyson, 2015). The process of estimating

GPP through Canopeo is shown in Fig 3.

Fig 3. Images of before/after (left/right) images and Canopeo process

of NAM number 20. Numbers in the white box indicate the

percentage of green area. (A) Images of after drought treatment,

June 23th, 2019; (B) Images of after recovery, July 6th, 2019.

3) Statistical analysis

Multivariate analysis of variance (MANOVA) was carried out to
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investigate the null hypothesis of no treatment and varieties effects or

interactions on the main nodes and GPP (Johnson and Wichern, 2007, p.

301-307). The data were gathered at the end of the drought treatment and

after 14 days of recovery.

The statistical model is as follows:

           

Where Yrlk is the r-th replication of the vector of the characters

(main node and GPP) measured at l-th variety and k-th treatment; μ is the

intercept; βr is the vector of the block effects; τl is the vector of the variety

effects; γk is the vector of the treatment effects; (τγ)lk is the vector of the

interaction effects and e lkr is the random error effects.

Pillai’s trace was used as a test statistic in MANOVA, i.e.

   



  




Where V(s) is the Pillai’s statistics; H is the hypotheses matrix; E is

the error matrix and λi is the eigenvalue of the E -1H . Orthogonal Contrast

was defined in an incidence matrix of a multivariate linear model to test the

null hypothesis of no difference between control and treatment.

A simple linear regression analysis was performed to verify the

relationships between main node and GPP and main node and number of pods

gathered, as measured at the final yield evaluation. A hypothesis test for the

slope of the regression line was applied to verify the null hypothesis of no

relationship between the variables. All computations were conducted using R

statistical software (R Core Team, 2020).
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3. Results

Results from MANOVA revealed significant outcomes for treatments

and varieties without interaction (Table 4). Each variety also had significant

differences from one another. Considering there is no difference among blocks,

this experiment in the greenhouse seems to be reliable. Furthermore, the

orthogonal contrasts for control versus treatments for GPP and main node

showed that GPP is a promising parameter considering both GPP and the

number of main nodes could discriminate the difference from control (Table

5). This becomes more evident with high correlation (0.71) between both

parameters (Fig 4). However, the correlation between the number of main

nodes and the number of pods was moderate (0.40). One of the possible

explanations could be that this is due to the outlier, as shown (b) in Fig 4.

Another reason, which may be more important, could be the different

recovery rate of each variety from drought stress based on the significant

differences between them, as stated above. This can also be supported by

Figure 2. This specific variety (NAM20) was treated with drought stress (a)

and recovered (b) (Fig 3). During the treatment, those treated individuals

were severely damaged; however, they recovered almost as much as the

control. Thus, the number of main nodes taken after the recovery stage was

not correlated with the number of pods figure as the GPP and the number of

main nodes was, given those two parameters are highly associated (Board

and Tan, 1995; Ball et al., 2001; Kahlon et al., 2011).
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Df Pillai F statistics P value
Blocks 2 0.00703 0.9579 0.4297
Treatments 3 0.25977 27.0183 < 0.001
Varieties 27 0.3569 4.3677 < 0.001
Interaction 81 0.2577 0.9917 0.561
Residuals 543

Table 4. Multivariate analysis for data from percentage of number of main nodes and green

pixels (P < 0.05).

Features Estimate t statistics P value

Green pixel
percentage

1.81545 11.954 < 0.001

Main node 0.79651 13.413 < 0.001

Table 5. T test for orthogonal contrasts: Control versus treatments for GPP and number of

main nodes (P < 0.05).
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Fig 4. Pearson correlation and simple regression analysis. (A) Pearson correlation between the

number of main nodes and green pixel percentage; (B) simple regression analysis for the

number of main nodes and number of pods.
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4. Discussion

From this preliminary study, we conclude that GPP is useful in

measuring biomass as an indicator for drought stress in the early stage of

soybean cultivation by estimating the number of pods for those drought

susceptible varieties. Furthermore, this method provides the exact digital data,

enabling the quantitative measure, unlike the conventional methods that

provide only categorical data. In addition, GPP correlates estimate the number

of pods for those drought susceptible varieties and detect varieties that

recover from drought stress quickly. We expect that this method would be

helpful to researchers and breeders who are not familiar with complex

technologies and who have tight budgets for studying and pre-screening

drought-tolerant lines of soybean populations in a fast and cost-effective

manner.
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IV. Conclusions of this thesis

The main goal is to introduce the various high throughput

phenotyping methods with an appropriate guide to the drought researches and

to develop an efficient basis for the drought resistance cultivar breeding

processes and researches. Present extreme drought due to global warming is

menacing the agricultural industry. Immediate development of drought

resistance cultivar against frequent drought cycles will be the most effective

solution. Acceleration of the breeding cycle requires drought indicator

evaluation for selection criteria. Applying HTP method, which is feasible to a

rapid, massive, and accurate data analysis, is the consequent process to

achieve present demands.

Chapter I suggests the sensors such as RGB, NIR, multispectral,

hyperspectral, thermal, and fluorescence will be appropriate for image data

analysis and drought evaluation in HTP manners. We applied RGB sensor,

which is the most accessible and the most efficient among the spectral

sensors, to assess drought related traits in the early vegetative stages of

soybean. Concluding GPP has the possibility to evaluate biomass as an

indicator of drought stress of soybean in the early cultivation period by

estimating the number of pods for those drought susceptible varieties. Results

also demonstrated that while the conventional methods provide only

categorical data, digital data from sensors makes feasible of quantitative

measurement.

Although it has some difficult issues of technological, financial, and

other issues to apply HTP in drought researches, it is obvious that the HTP

method which has enormous benefits of acquiring and analyzing phenotyping
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data is a powerful tool for screening drought responses. Such challenges for

proper application of sensors and platforms from researchers worldwide will

circumspectly make the HTP technology more solid. Therefore, we hope this

paper to be a helpful guideline for researchers and breeders who considers

sensor based HTP drought screening methods under their circumstances and

objectives.



- 29 -

V. References

Araus, J. L. and Cairns, J. E. 2014. Field high-throughput phenotyping: the

new crop breeding frontier. Trends Plant Sci. 19(1): 52–61.

Bai, H. and Purcell, L. C. 2019. Evaluation of Soybean Greenness from

Ground and Aerial Platforms and the Association with Leaf Nitrogen

Concentration in Response to Drought. Crop Sci. 59(6): 2763-2773.

Ball, R. A., McNew, R. W., Vories, E. D., Keisling, T. C. and Purcell, L. C.

2001. Path analyses of population density effects on short-season soybean

yield. Agron J . 93(1): 187-195.

Baluja, J., Diago, M. P., Balda, P., Zorer, R., Meggio, F., Morales, F. and

Tardaguila, J. 2012. Assessment of vineyard water status variability by

thermal and multispectral imagery using an unmanned aerial vehicle (UAV).

Irrig. Sci. 30(6): 511–522.

Behmann, J., Steinrücken, J. and Plümer, L. 2014. Detection of early plant

stress responses in hyperspectral images. ISPRS J . Photogramm. Remote

Sens. 93: 98–111.

Bei, R., Cozzolino, D., Sullivan, W., Cynkar, W., Fuentes, S., Dambergs, R.,

Pech, J. and Tyerman, S. 2011. Non-destructive measurement of grapevine

water potential using near infrared spectroscopy. Aust. J . Grape Wine R.

17(1): 62–71.

Bendig, J., Bolten, A., Bennertz, S., Broscheit, J., Eichfuss, S. and Bareth, G.

2014. Estimating biomass of barley using crop surface models (CSMs)

derived from UAV-based RGB imaging. Remote Sens. 6(11): 10395–10412.



- 30 -

Bendig, J., Yu, K., Aasen, H., Bolten, A., Bennertz, S., Broscheit, J., Gnyp, M.

L. and Bareth, G. 2015. Combining UAV-based plant height from crop

surface models, visible, and near infrared vegetation indices for biomass

monitoring in barley. Int. J . Appl. Earth Obs. Geoinf. 39: 79–87.

Ben-Gal, A., Agam, N., Alchanatis, V., Cohen, Y., Yermiyahu, U., Zipori, I.,

Presnov, E., Sprintsin, M. and Dag, A. 2009. Evaluating water stress in

irrigated olives: correlation of soil water status, tree water status, and

thermal imagery. Irrig. Sci. 27(5): 367–376.

Berezin, M. Y. and Achilefu, S. 2010. Fluorescence lifetime measurements and

biological imaging. Chem. Rev. 110(5): 2641-2684.

Berger, B., Parent, B. and Tester, M. 2010. High-throughput shoot imaging to

study drought responses. J . Exp. Bot. 61(13): 3519–3528.

Berni, J. A. J., Zarco-Tejada, P. J., Suarez, L. and Fereres, E. 2009. Thermal

and Narrowband Multispectral Remote Sensing for Vegetation Monitoring

From an Unmanned Aerial Vehicle. IEEE Trans. Geosci. Remote Sens.

47(3): 722–738.

Board, J. E. 1987. Yield Components Related to Seed Yield in Determinate

Soybean 1. Crop Sci. 27(6): 1296-1297.

Board, J. E. and Tan, Q. 1995. Assimilatory Capacity Effects on Soybean

Yield Components and Pod Number. Crop Sci. 35(5): 846-851.

Broge, N. H. and Mortensen, J. V. 2002. Deriving green crop area index and

canopy chlorophyll density of winter wheat from spectral reflectance data.

Remote Sens. Environ. 81(1): 45–57.

Busemeyer, L., Mentrup, D., Möller, K., Wunder, E., Alheit, K., Hahn, V.,

Maurer, H. P., Reif, J. C., Würschum, T., Müller, J., Rahe, F. and

Ruckelshausen, A. 2013. Breedvision - A multi-sensor platform for



- 31 -

non-destructive field-based phenotyping in plant breeding. Sens. 13(3): 2830

–2847.

Cattivelli, L., Rizza, F., Badeck, F. W., Mazzucotelli, E., Mastrangelo, A. M.,

Francia, E., Marè, C., Tondelli, A. and Stanca A. M. 2008. Drought

tolerance improvement in crop plants: An integrated view from breeding to

genomics. Field Crops Res. 105(1–2): 1–14.

Chaerle, L., Leinonen, I., Jones, H. G. and V. D. Straeten, D. 2006. Monitoring

and screening plant populations with combined thermal and chlorophyll

fluorescence imaging. J . Exp. Bot. 58(4): 773–784.

Chapman, S., Merz, T., Chan, A., Jackway, P., Hrabar, S., Dreccer, M.,

Holland, E., Zheng, B., Jun Ling, T. and J. Berni, J. 2014. Pheno-Copter: A

Low-Altitude, Autonomous Remote-Sensing Robotic Helicopter for

High-Throughput Field-Based Phenotyping. Agron. 2014 4(2): 279–301.

Chen, Y., Ribera, J., Boomsma, C. and Delp. E. 2018. Locating Crop Plant

Centers from UAV-Based RGB Imagery. 2017 IEEE International

Conference on Computer Vision Workshops 2017: 2030–2037.

Clark, R. T., Famoso, A. N., Zhao, K., Shaff, J. E., Craft, E. J., Bustamante,

C. D., McCouch, S. R., Aneshansley, D. J. and Kochian, L. V. 2013.

High-throughput two-dimensional root system phenotyping platform

facilitates genetic analysis of root growth and development. P lant Cell

Environ. 36(2): 454–466.

Collard, B. C. and Mackill, D. J. 2008. Marker-assisted selection: an approach

for precision plant breeding in the twenty-first century. Philos. Trans. R.

Soc. Lond., B, Biol. Sci. 363(1491): 557–572.

Crimmins, M. A. and Crimmins, T. M. 2008. Monitoring Plant Phenology

Using Digital Repeat Photography. Environ. Manage. 41(6): 949–958.



- 32 -

Cui, S. Y. and Yu, D. Y. 2005. Estimates of relative contribution of biomass,

harvest index and yield components to soybean yield improvements in

China. P lant Breed. 124(5): 473-476.

Deery, D., Jimenez-Berni, J., Jones, H., Sirault, X. and Furbank, R. 2014.

Proximal Remote Sensing Buggies and Potential Applications for

Field-Based Phenotyping. Agron. 2014 4(3): 349–379.

Desclaux, D. and Roumet, P. 1996. Impact of drought stress on the phenology

of two soybean (Glycine max L. Merr) cultivars. Field Crops Res. 46(1-3):

61-70.

Dornbos, D. L., Mullen, R. E. and Shibles, R. E. 1989. Drought stress effects

during seed fill on soybean seed germination and vigor. Crop Sci. 29(2):

476-480.

Eitel, J. U. H., Magney, T. S., Vierling, L. A., Brown, T. T. and Huggins, D.

R. 2014. LiDAR based biomass and crop nitrogen estimates for rapid,

non-destructive assessment of wheat nitrogen status. Field Crops Res. 159:

21–32.

Fenta, B. A., Beebe, S. E., Kunert, K. J., Burridge, J. D., Barlow, K. M.,

Lynch, J. P. and Foyer, C. H. 2014. Field phenotyping of soybean roots for

drought stress tolerance. Agron. 4(3): 418-435.

Gago, J., Douthe, C., Coopman, R.E., Gallego, P.P., Ribas-Carbo, M., Flexas,

J., Escalona, J. and Medrano, H. 2015. UAVs challenge to assess water

stress for sustainable agriculture. Agric. Water Manag. 153: 9–19.

Hamada, Y., Stow, D. A., Coulter. L. L., Jafolla, J. C. and Hendricks, L. W.

(2007). Detecting Tamarisk species (Tamarix spp.) in riparian habitats of

Southern California using high spatial resolution hyperspectral imagery.

Remote Sens. Environ. 109(2): 237–248.



- 33 -

Hartmann, A., Czauderna, T., Hoffmann, R., Stein, N. and Schreiber, F. 2011.

HTPheno: An image analysis pipeline for high-throughput plant

phenotyping. BMC Bioinformatics 12(1): 148.

Iyer-Pascuzzi, A. S., Symonova, O., Mileyko, Y., Hao, Y., Belcher, H., Harer,

J., Weitz, J. S., and Benfey, P. N. 2010. Imaging and Analysis Platform for

Automatic Phenotyping and Trait Ranking of Plant Root Systems, P lant

Physiol. 152 (3): 1148-1157.

Jansen, M., Gilmer, F., Biskup, B., Nagel, K., Rascher, U., Fischbach, A.,

Briem, S., Dreissen, G., Tittmann, S., Braun, S., De Jaeger, I., Metzlaff, M.,

Schurr, U., Scharr, H. and Walter, A. 2009. Simultaneous phenotyping of

leaf growth and chlorophyll fluorescence via GROWSCREEN FLUORO

allows detection of stress tolerance in Arabidopsis thaliana and other rosette

plants. Funct. P lant Biol. 36(11): 902–914.

Jin, X., Liu, S., Baret, F., Hemerlé, M. and Comar, A. 2017. Estimates of plant

density of wheat crops at emergence from very low altitude UAV imagery.

Remote Sens. Environ. 198: 105–114.

Johnson, R. A. and Wichern, D. W. 2007. Applied multivariate statistical

analysis: multivariate analysis of variance in. 6th ed. Prentice hall

publishers, Upper Saddle River (NJ): Prentice Hall

Kahlon, C. S., Board, J. E. and Kang, M. S. 2011. An analysis of yield

component changes for new vs. old soybean cultivars. Agron J . 103(1):

13-22.

Kelcey, J., and Lucieer, A. 2012. Sensor correction of a 6-band multispectral

imaging sensor for UAV remote sensing. Remote Sens. 4(5): 1462-1493.

Khodarahmpour, Z. 2011. Effect of drought stress induced by polyethylene

glycol (PEG) on germination indices in corn (Zea mays L.) hybrids. Afr. J .



- 34 -

Biotechnol 10(79): 18222–18227.

Knipling, E. B. 1970. Physical and physiological basis for the reflectance of

visible and near-infrared radiation from vegetation. Remote Sens. Environ.

1(3): 155–159.

Kobraei, S., Etminan, A., Mohammadi, R. and Kobraee, S. 2011. Effects of

drought stress on yield and yield components of soybean. Ann Biol Res.

2(5): 504-509

Lefsky, M. A., Cohen, W. B., Parker, G. G., and Harding, D. J. 2002. Lidar

Remote Sensing for Ecosystem Studies: Lidar, an emerging remote sensing

technology that directly measures the three-dimensional distribution of plant

canopies, can accurately estimate vegetation structural attributes and should

be of particular interest to forest, landscape, and global ecologists.

BioScience 52(1): 19–30.

Leinonen, I., Grant, O. M., Tagliavia, C. P. P., Chaves M. M. and Jones, H.

G. 2006. Estimating stomatal conductance with thermal imagery. P lant Cell

Environ. 29(8): 1508–1518.

Lin, Y. 2015. LiDAR: An important tool for next-generation phenotyping

technology of high potential for plant phenomics?. Comput. Electron. Agric.

119: 61–73.

Li, R., Guo, P., Michael, B., Stefania, G. and Salvatore, C. 2006. Evaluation of

Chlorophyll Content and Fluorescence Parameters as Indicators of Drought

Tolerance in Barley. Agr. Sci. China 5(10): 751–757.

Liu, S., Baret, F., Andrieu, B., Burger, P. and Hemmerlé, M. 2017. Estimation

of wheat plant density at early stages using high resolution imagery. Front.

P lant Sci. 8: 1–10.

Madec, S., Baret, F., de Solan, B., Thomas, S., Dutartre, D., Jezequel, S.,



- 35 -

Hemmerlé, M., Colombeau, G. and Comar, A. 2017. High-Throughput

Phenotyping of Plant Height: Comparing Unmanned Aerial Vehicles and

Ground LiDAR Estimates. Front. P lant Sci. 8: 2002.

Marié, C. L., Kirchgessner, N., Marschall, D., Walter, A., and Hund, A. 2014.

Rhizoslides: paper-based growth system for non-destructive, high

throughput phenotyping of root development by means of image analysis.

P lant Methods 10(1): 13.

Mishra, P., Mohd Shahrimie, M. A., Ana, H. L., Santosh, L., Belén, D. and

Paul, S. 2017. Close range hyperspectral imaging of plants: A review.

Biosyst. Eng. 164: 49–67.

Nakano, S., Purcell, L. C., Homma, K. and Shiraiwa, T. 2019. Modeling leaf

area development in soybean (Glycine max L.) based on the branch growth

and leaf elongation. P lant Prod Sci. 1-13.

Omasa, K., Hosoi, F. and Konishi, A. 2006. 3D lidar imaging for detecting and

understanding plant responses and canopy structure. J . Exp. Bot. 58(4): 881

–898.

Ögren, E. and Öquist, G. 1985. Effects of drought on photosynthesis,

chlorophyll fluorescence and photoinhibition susceptibility in intact willow

leaves. P lanta 166(3): 380–388.

Passioura, J. B. 1983. Roots and Drought Resistance. Dev. Agric. Manag-For.

Ecol. 12: 265–280.

Patrignani, A. and Tyson, E. O. 2015. Canopeo: A powerful new tool for

measuring fractional green canopy cover. Agron J . 107(6): 2312-2320.

Peñuelas, J., Savé, R., Marfà, O. and Serrano, L. 1992. Remotely measured

canopy temperature of greenhouse strawberries as indicator of water status

and yield under mild and very mild water stress conditions. Agric. For.



- 36 -

Meteorol. 58(1–2): 63–77.

Prashar, A., Yildiz, J., McNicol, J. W., Bryan, G. J. and Jones, H. G. 2013.

Infra-red Thermography for High Throughput Field Phenotyping in

Solanum tuberosum. PLoS ONE 8(6): e65816.

R Core Team. 2020. R: A language and environment for statistical computing.

R Foundation for Statistical Computing, Vienna, Austria. [accessed 2020 Oct

1]. https://www.R-project.org/.

Rutkoski, J., Poland, J., Mondal, S., Autrique, E., Pérez, L. G., Crossa, J.,

Reynolds, M. and Singh, R. 2016. Canopy Temperature and Vegetation

Indices from High-Throughput Phenotyping Improve Accuracy of Pedigree

and Genomic Selection for Grain Yield in Wheat. G3 6(9): 2799– 2808.

Salas Fernandez, M. G., Bao, Y., Tang, L. and Schnable, P. S. 2017. A

high-throughput, field-based phenotyping technology for tall biomass crops.

P lant Physiol. 174(4): 2008–2022.

Shafiekhani, A., Kadam, S., Fritschi, F. and Desouza, G. N. 2017. Vinobot and

Vinoculer: Two Robotic Platforms for High-Throughput Field Phenotyping.

Sens. 17(1): 214

Shakoor, N., Lee, S., and Mockler, T. C. 2017. High throughput phenotyping

to accelerate crop breeding and monitoring of diseases in the field. Curr.

Opin. P lant Biol. 38: 184-192.

Shekhawat, R. S. 2016. Infrared Thermography-A Review. Int. J . Eng.

Technol. 35(6): 287–290.

Spinoni, J., Naumann, G., Carrao, H., Barbosa, P. and Vogt, J. 2014. World

drought frequency, duration, and severity for 1951–2010. Int. J . Climatol.

34(8): 2792–2804.



- 37 -

Stagakis, S., Markos, N., Sykioti, O. and Kyparissis, A. 2010. Monitoring

canopy biophysical and biochemical parameters in ecosystem scale using

satellite hyperspectral imagery: An application on a Phlomis fruticosa

Mediterranean ecosystem using multiangular CHRIS/PROBA observations.

Remote Sens. Environ. 114(5): 977–994.

Sugiura, R., Noguchi, N., and Ishii, K. 2007. Correction of low-altitude thermal

images applied to estimating soil water status. Biosyst. Eng. 96(3): 301-313.

Tattaris, M., Reynolds, M. P. and Chapman, S. C. 2016. A direct comparison

of remote sensing approaches for high-throughput phenotyping in plant

breeding. Front. P lant Sci. 7: 1131.

Tisné, S., Serrand, Y., Bach, L., Gilbault, E., Ben Ameur, R., Balasse, H.,

Voisin, R., Bouchez, D., Durand-Tardif, M., Guerche, P., Chareyron, G.,

Da-Rugna, J., Camilleri, C. and Loudet, O. 2013. Phenoscope: an automated

large-scale phenotyping platform offering high spatial homogeneity. P lant J .

74(3): 534–544.

Tester, M. and Langridge, P. 2010. Breeding technologies to increase crop

production in a changing world. Sci. 327(5967): 818–822.

Thenkabail, P. S., Smith, R. B., and De Pauw, E. 2002. Evaluation of

narrowband and broadband vegetation indices for determining optimal

hyperspectral wavebands for agricultural crop characterization. Photogramm.

Eng. Remote Sensing 68(6): 607-622.

Thomas, J. F. and Raper Jr., C. D. 1977. Morphological response of soybeans

as governed by photoperiod, temperature, and age at treatment. Bot. gaz.

138(3): 321-328.

Wang, L., Zhang, T. and Ding, S. 2006. Effect of drought and rewatering on

photosynthetic physioecological characteristics of soybean. Acta Ecol. Sin.



- 38 -

26(7): 2073-2078.

Wasaya, A., Zhang, X., Fang, Q., and Yan, Z. 2018. Root phenotyping for

drought tolerance: a review. Agron. 8(11): 241.

Yang, G., Liu, J., Zhao, C., Li, Z., Huang, Y., Yu, H., Xu, B., Yang, X., Zhu,

D., Zhang, X., Zhang, R., Feng, H., Zhao, X., Li, Z., Li, H. and Yang, H.

2017. Unmanned Aerial Vehicle Remote Sensing for Field-Based Crop

Phenotyping: Current Status and Perspectives. Front. P lant Sci. 8: 1111

Zhang, L. and Grift, T. E. 2012. A LIDAR-based crop height measurement

system for Miscanthus giganteus. Comput. Electron. Agric. 85: 70–76.

Zhao, K., Valle, D., Popescu, S., Zhang, X. and Mallick, B. 2013. Hyperspectral

remote sensing of plant biochemistry using Bayesian model averaging with

variable and band selection. Remote Sens. Environ. 132: 102–119.

Zlatev, Z. S. and Yordanov, I. T. 2004. Effects of Soil Drought on

Photosynthesis and Chlorophyll Fluorescence in Bean Plant. P lant Physiol.

30: 3–18.



감사의 글

학부의 마지막 학기에 목표를 바꿔 석사과정으로 진학하였습니다. 조금

늦게 본격적인 전공 공부를 시작해 지금도 많이 부족하지만, 다행히 전공에 대해

더 알고 싶은 마음을 갖게 되었습니다. 육종학실험실에 들어온 이후로 많다면 많

고 적다면 적은 경험을 했습니다. 하지만 오지 않을 것만 같던 2년의 끝이 어느

새 다가왔습니다. 해서, 지난 과정을 이끌어주고 버팀이 되어주었던 분들에게 졸

업논문의 마지막 장을 빌어 감사를 표하려 합니다.

석사과정 중에 있어 부족한 것 없게 늘 신경 써주시고 실수가 잦았던 저

를 지도해주신 정용석 교수님께, 부족한 모습을 많이 보여드려 죄송하고, 그래서

아닌척하며 위로해주시며 지도해주셔서 감사합니다. 실험실에서 같이 일하고, 공

부하고, 실험했던 육종학실험실의 지은, 지현, 정민, 그리고 최고봉 선생님, 지금

은 졸업한 민아, 영준, 임상휘 모두에게 ‘고맙습니다.’라는 말을 전해드리고 싶습

니다.

그리고 식물자원학과의 현해남 교수님, 김동순 교수님, 전용철 교수님, 김

주성 교수님 모든 분께 출장이 잦아 강의를 자주 빼먹고 수업에 제대로 참여하

지 못해 죄송하고 감사합니다. 서류업무 등 여러 가지로 저를 도와주셨던 이종훈

선생님, 이희선 선생님께도 감사합니다. 같은 실험실은 아니었지만, 기꺼이 도와

주었던 농학과 선배, 동기, 후배님들에게도 감사합니다. 마지막으로 지난 2년간

저를 지지해주셨고, 현재까지도 지지해주시는 부모님들께도 감사합니다.
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