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Drought is a weather related natural disaster dleatirs in virtually all climatic
zones of the world. In the last century, almostpalits of the contiguous United States
have experienced several prolonged drought eveitts a@nsiderable impacts on the
agricultural economy and environment. With changiclgnates, the droughts are
expected to be more severe, longer, and widespneadny parts of the world including
sections of the United States. Understanding tBpamse of vegetation to water stress
using remote sensing technologies will enhanceability to detect and monitor drought.
This research evaluates the response of vegetatidrought-related water stress at the
leaf, canopy, and landscape scales using remateles reflectance and/or thermal data.
At the leaf level, a crop water stress index modak developed using high spatial
resolution thermal imagery to estimate Relative &v/&ontent (RWC) in soybean leaves.
The model showed a higher accuracy in RWC detetnm#85%) compared to the raw
temperature based RWC determination (69%). At tieopy level, multi-year close-
range reflectance based vegetation indices (Visiewmrrelated with soil moisture
measured at four depths of maize and soybean ooet Results indicated that maize Vls
were significantly related to soil moisture at derepepths and kept the soil moisture

memory up to previous 45-days. Soybeans ViIs wegfsiantly related to soil moisture



at shallower depths and kept a relatively shorteddys) memory of soil moisture
compared to maize. At the landscape scale, Terr®M(O.and Surface Temperature
(LST) and Normalized Difference Vegetation IndexXD{W) products were used to detect
drought-induced stress in vegetation including ¢soybeans, and three grassland cover
types across the state of Nebraska. Results irdibat the majority of the land cover
pixels experienced significantly higher daytime amdhttime LSTs and lower NDVI
during the drought-year growing season compardtegamon-drought year. The findings
of this dissertation research will contribute todvéine development of more robust tools

for monitoring drought stress in vegetation.
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CHAPTER 1

INTRODUCTION

1.1. Background and Rationale

Water is one of the fundamental requirements fog trealthy growth of
vegetation. Green plants utilize light energy frahe sun along with water and
atmospheric carbon dioxide (GQo perform photosynthesis. The energy generatad f
photosynthesis is essential for the growth of tfengs, and plants in turn serve as the
basic nutrient source for all other forms of lifie this planet. Water, drawn from below
ground by roots and transported to the leaves Ibgnxyis exchanged to the atmosphere
through the process called transpiration. Transpima substantially increases the
partitioning of energy into latent heat fluxes anfluences the local climate through
formation of clouds. Availability of water in thdgmt's root zone and its movement in
the soil-plant-atmosphere continuum is one of thgartant factors limiting crop
productivity (Boyer, 1982). Under water-deficit abiions, most plants close their
stomata to decrease their transpiration rate, wimnakie detrimental effects on the
physiological development of plants (Bowne et 2012). Determination of water status
in plants is important to agriculturalists, partanly as it relates to irrigation
management, in order to optimize crop yields.

The United States (U.S.) is a leading producer exybrter of corn4ea mays)
and soybeang{lycine max). About 20 percent of the corn and 54 percenhefdfoybeans
produced in the U.S. is exported (USDA, 2010). €fme, the production of corn and

soybeans in the U. S. largely influences the suypgdynand, trade, and prices of these



crops in the world market. The U.S. Corn Belt isamriculturally productive region.
Within the U.S. Corn Belt, states including low#linbis, Nebraska, Minnesota, Indiana,
and Ohio, collectively contribute approximately 7@¥the total U.S. corn production
(USDA-NASS, 2009). The vast stretches of grasslandke U.S. Central Great Plains
provide forage for the cattle population, critiéat sustaining the cattle based industries.
Unfortunately, drought is a regular climatic featuaffecting the crop and forage
production in these regions. The periodic droughgnés have serious impacts on the
agricultural sector as farming is the major ecorwmiiver in the U.S. Corn Belt.
Agricultural drought conditions primarily developedause of the deficiency of
precipitation over an extended period of time thdversely affect crop and range
productivity (Wilhite, 1982). Several other metdogical factors including temperature,
humidity and wind speed and biophysical factordhsag available soil moisture, and the
water holding capacity of soil may play importaales in the initiation and severity of
drought.

Most parts of the U.S. are vulnerable to drought] ahore than 25% of the
contiguous U.S. is affected by severe and extremegihts in one out of every four years
(Wilhite et al., 2000). During the historic droughft 1934, about 65% of the contiguous
U.S. and 95% of the Great Plains region was undergrip of severe and extreme
drought (Wilhite et al., 2000). The recent droughR002, with its peak in July, affected
approximately half of the contiguous U.S. (NCDC02) Drought is one of the costliest
weather related disasters in the U.S., accountin@ri average annual loss of about $6-8
billion (FEMA, 1995). Climate projections forecasiore frequent, severe, longer, and

wide spread drought events in many parts of thddmvorcluding sections of the U.S.



(IPCC, 2007; Romm, 2011), indicating a greater ngedinderstand the response of
vegetation to drought at multiple spatial and terapscales.

Detection and monitoring of drought is challengberause its onset is relatively
slow compared to the other natural disasters anld deought event is distinct based on
its duration, intensity, and spatial extent (Wih&nd Glantz, 1985). Traditional methods
of monitoring drought involve the use of climatetadancluding precipitation, air
temperature, stream flow, water holding capacityhef soil collected at meteorological
stations. These data sets are usually transformediisingle numerical value, termed as
a drought index that indicates the drought seveaitya particular area. Widely used
climate-based operational agricultural drought ¢edi include the Palmer Drought
Severity Index (PDSI), the Standardized Precimtatndex (SPI), and the Crop Moisture
Index (CMI). The PDSI is based on the supply-anchaled concept of the water balance
equation and is computed using precipitation, teatpee, and local Available Water
Content (AWC) of the soil (Palmer, 1965). The rekthe terms in the water balance
equation including evapotranspiration, soil moistoecharge, runoff, and soil moisture
loss are derived from the precipitation, tempegtand soil AWC data. Although the
PDSI is widely used in the U.S., it suffers frommmrous limitations. Arbitrary
categorization of drought intensity and duratiomnde division of soil layers, exclusion
of snow cover and frozen ground in the index calgoh, ignoring precipitation and
runoff time lag are some of the major deficiendigghlighted in the scientific literature
(Alley, 1984; Hayes et al., 1999). Many of the dgbuindices developed after PDSI were
designed to address some of the weaknesses of D¢ For example, the SPI is

calculated at multiple time scales (3, 6, 12, 24 48 months) to identify short-term



changes in soil moisture as well as changes inrgravater, stream flow, and reservoir
storage which reflect longer-term changes in pittipn. The index value reflects the
anomalies in the moisture supply by comparing tireenit rainfall amount with the long
term precipitation record (30 years or more), fitbeto a probability distribution function
(McKee et al., 1995). The CMI is designed to mangioort term moisture changes in the
crops during the crop growing season by using tbekly mean temperature and total
precipitation, contrary to the PDSI which reflettte longer-term moisture status.

These discrete, point-based climatological drouggites have to be interpolated
to provide a continuous spatial coverage of theigho conditions across a given region.
These spatially interpolated map products are mem@resentative of the ground
conditions where the density and distribution ofather stations is high (Brown et al.,
2008). Regions with mountainous topography or l@pylations typically do not have a
dense network of weather stations to adequatelyactexize detailed spatial patterns of
drought conditions. Since the launch of the Landssatellite in 1972, remotely sensed
data have supplemented the ground based obsewwatianonitoring vegetation health
and dynamics across landscapes. Remote sensingrdatide a spatially contiguous and
temporally repetitive view of the earth surfacesezgial for monitoring drought stress on
vegetation over large areas. Vegetation indices peoed from multispectral data
collected by satellite sensors have been used imy magetation drought assessment
studies. One such index, the Normalized Differeviegetation Index (NDVI), is based
on the normalized difference between the absorgiforadiation in red wavelengths by
the chlorophyll pigments and the reflectance in iear infrared (NIR) in the spongy

mesophyll layer within the leaf (Rouse et al., 1974



Time-series NDVI data derived from the Advanced wefigh Resolution
Radiometer (AVHRR) and Moderate Resolution Imag8mectroradiometer (MODIS)
have shown strong relationships with climatologi@atl biophysical variables including
precipitation, temperature, and soil moisture thfiect the vegetation conditions and
therefore can be used for vegetation drought asseg#s. Rundquist and Harrington
(2000) reported significant relationships betweaH®RR monthly NDVI and one month
lagged precipitation at two grassland sites inutte. Central Great Plains.

Wang et al. (2001) evaluated the responses of AVHiRReekly NDVI to
precipitation and temperature during a 9-year pemothe U.S. Central Great Plains and
found that the spatial pattern of NDVI corresponaeell with the spatial pattern of
average annual precipitation. They also found thatNDVI during the growing season
had the strongest correlations with the accumulate@cedent precipitation summed
over 14 biweekly periods, and that the NDVI wasluehced by the minimum
temperature in early summer and towards the emigeogrowing season.

Ji and Peters (2003) compared the AVHRR based ggseason monthly NDVI
with 1 through 12 month SPI over a period of 10ryda assess cropland and grasslands
drought conditions in the Northern Great Plainghef U.S. Their study confirmed the
relationship of NDVI with precipitation and show#te strongest relationships of NDVI
with three month SPI. They also found that the Nt precipitation relationship was
time and space dependent as higher correlations magiced in areas with low soil water
holding capacity and during the middle of the gmagvseason.

Wang et al. (2007) examined the relationship betwBEODIS based 8-day

composited NDVI and the root zone soil moisturenfr@000 through 2004 growing



seasons at three locations representing semiaddhamid climates and grassland and
shrub land cover types. Results indicated thatstaad NDVI responded quickly (about
5 days) to the changes in the soil moisture atwier limited semiarid site compared to
the humid site (about 10 days).

The normalized difference water index (NDWI) condsrthe NIR and short wave
infrared (SWIR) channels and is sensitive to theéewaontent in vegetation canopies
(Gao, 1996). The time-series NDWI data have alsenbgsed to detect and monitor
drought-related stress in vegetation over largasaréor example, Gu et al. (2007)
compared the performance of MODIS-derived NDVI &dWI in monitoring drought
in grasslands over the Flint Hills ecoregion in theS. Great Plains. They reported a
larger decrease in NDWI values in response to drbagnditions than those of NDVI,
which suggest that NDWI may be a more sensitivecatdr of approaching drought
compared to NDVI.

Several other indices were also developed using hiseorical time series
vegetation indices and canopy temperature infoomatnd applied for monitoring
drought globally. For example, Kogan (1995) comgdutee Vegetation Condition Index
(VCIl) and Temperature Condition Index (TCI) usingege, minimum, and maximum
AVHRR based NDVI and brightness temperature dagapectively, over a temporal
composite period of interest. The VCI and TCI wsuecessfully applied for crop yield
assessments in United States and other parts okahe including Asia, Europe, and
South America (Kogan, 1995; Kogan, 1997). The Vaigat Health Index (VHI) was
developed by combining the AVHRR-based VCI and Tidfbrmation and applied

globally for drought assessment in parts of Asid&icd, Europe, and the Americas



(Kogan, 2002). Peters et al. (2002) developed taedardized Vegetation Index (SVI)

by quantifying the per-pixel deviation of currenDMI from the “normal,” computed

from the historical NDVI data record and applied dssessing drought related vegetation
conditions in the U.S. Great Plains. Available rhtere suggests that most of the
vegetation stress assessment studies in the Ueat Glains are based on broad land
cover types such as forest, croplands, and gratss|d&telatively little research has been
conducted to understand the response of differeadstand cover types or crop types

with different management practices to droughtsstigg local and regional levels.

1.2. Objectives
The goal of this dissertation research is to eaalihe response of vegetation to
drought-related water stress at multiple spatialescincluding the leaf, canopy, and

landscape scales using remotely sensed reflectantizer thermal data.

In the context of drought monitoring, knowledge aibthe amount of water held
in plants tissues is important, as it providesratication about the plant’s susceptibility
to drought stress. The volume of water held in tessiues is generally expressed in terms
of relative water content (RWC). The RWC compates dctual water content in a leaf
against the content at full turgor and providesiract measure of water status in leaf
tissue. The first objective of this dissertationnasestimate RWC in soybean leaves using

close-range, high spatial resolution thermal imag€ne sub-objectives include:

1. To evaluate the thermal response of leaves of swypéants subjected up to
eight days of water deficit and compare the lealfpteratures of progressively

water stressed plants against the control (welerveal) plants.



2. To develop models using both raw leaf temperatamed leaf temperature

based indices extracted from thermal images tonasti RWC.

Soil moisture status in the plant's root zone i @f the important factors
determining the plants vulnerability to droughtess. In rainfed farming systems,
precipitation primarily controls the amount of ntai® present in the soil profiles
available for plants to use in photosynthesis. @eficy of soil moisture within the
plants’ root zone limits their photosynthetic capaand ultimately results in drought
stress in plants. Understanding the connectionsdeet root zone soil moisture and plant
spectral signals will improve our ability to deteahd monitor drought stress in
vegetation. The second objective of this dissenmais to evaluate the relationships
between vegetation indices and soil moisture fan @and soybean crops grown under
rainfed farming systems in southeastern Nebraskay udose-range spectral reflectance
data taken approximately at one week intervalsngutfie crop growing cycles. The sub-

objectives include:

1. To assess the relationship between corn and soybeectral reflectance-
based VIs with same-day soil moisture measuredoat @ifferent depths
within the root zone.

2. To assess the relationship between corn and soybgectral reflectance-
based VIs with antecedent soil moisture with lagsta 60 days at 5-day

increments at four different depths within the roohe.

In natural and managed ecosystems, different vegetaover types respond

uniquely to drought stress. Some vegetation coypes are more drought resistant



compared to the others. Knowledge about the relasusceptibility of different
vegetation cover types to drought stress may dmrnitito the formulation of better
drought detection and planning efforts. In this teaty the third objective of this
dissertation research is to evaluate the resporfs& &elect crop and grassland cover
types to drought across the state of Nebraska ghrolue analysis of data collected by
Moderate Resolution Imaging Spectroradiometer (M&Dbn board Terra satellite

platform. The sub-objectives include:

1. To compare the Terra-MODIS derived cumulative dagtiand nighttime
Land Surface Temperature (LST) and NDVI responserigited and rainfed
corn and soybeans and three grassland cover typegydhe growing seasons
of contrasting drought (2002) and non-drought (90@ars.

2. To examine the differential response of the afor@ioaed land cover types

to drought stress.

1.3. Study Area

The study area of this research is focused orstite of Nebraska in the United
States. The state covers an area of about 200ahdusit and constitutes a part of the
Central Great Plains region of North America. Agliare and ranching are important
economic activities. Grasslands and croplands ittatestapproximately 54% (10.9
million ha) and 39% (7.9 million ha) of the statéXal area, respectively (Henebry et al.,
2008). The distribution of grassland cover typessg the state is influenced by the
gradient in precipitation. The tall grass prainethe east is transitioned to mixed and
short grass toward the drier western part of théestCorn and soybeans are the major

crops grown in the state, and the other minor croptude winter wheatT{iticum
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aestivum), sorghum $orghum bicolor), and alfalfa fedicago sativa). Specific cropping
pattern and management practices are stronglyeinéied by the amount of precipitation
received during the major crop growing season argl widely across the state. Because
of a favorable precipitation regime, non-irrigatamn and soybeans thrive in the eastern
part of the state. In contrast, the majority ofpsran the much drier western and central

Nebraska are irrigated from both surface and grovaigr sources.

Drought is a regular climatic occurrence in theestaffecting the crop and pasture
productivity. According to the U.S. Drought Moniiosevere and extreme drought
conditions were experienced in at least some paf&ebraska at some period during the
crop growing season in seven out of past 12 yeatvden 2000 and 2011
(http://droughtmonitor.unl.edu/). During the drotighf 2002, entire state of Nebraska

was under moderate to exceptional drought conditiftip://droughtmonitor.unl.edy/

July 30, 2002). During this period more than 80%ha& range and pasture lands in the

state were reported to be under poor to very pondition (USDA, 2002).

This dissertation research was carried out atl¢la& canopy, and landscape
scales; therefore the areal unit of each leveltwdyswas different. The leaf level study
was performed in a greenhouse located at the Usityesf Nebraska-Lincoln (40.82°N,
96.68°W, and elevation 370.03 m above sea levebA.UThe canopy level study was
carried out at the University of Nebraska AgricudluResearch and Development Center
(ARDC), located in the southeastern part of Nelaga§kSA. The study site is a rainfed
cropland (41°10'46.8” N, 96°26'22.7” W) coveringaaea of 65.4 ha with a yearly crop

rotation pattern of corn and soybeans. The landstagel study covered the entire state
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of Nebraska. More detailed description of the stadya is provided in the respective

research chapters.

1.4. Data

This research was conducted using a number oftedyngensed anth situ data
sets. The leaf level study included high spatiabhation thermal imagery and situ data
on leaf gas exchange and RWC. The leaf temperattoenation of the soybean plants
was acquired using a thermal camera (FLIR Therma@®4W| FLIR Systems, Inc.). Leaf
gas exchange measurements including the leaf pjteic rate A), stomatal
conductanceg), and intercellular C®concentration;) were taken on specific leaves
using a portable open-path gas exchange measurays&eim (model LI-6400, Li-Cor
Inc., Lincoln, NE, USA). Water content of the leawgas determined by gravimetrically
measuring RWC. The canopy level study was carriatl lmy using high spectral
resolution reflectance data taken approximately6 ah above the corn and soybean
canopies and volumetric soil moisture data measatddur depths (10, 25, 50, and 100
cm) in the soil profile. The spectral reflectan@adwere acquired by using a dual-fiber,
inter-calibrated Ocean Optics USB2000 radiomettexhed to the sensor platform. Soil
moisture data were collected using Vitel and Thetdbes. In the landscape level study,
Terra-MODIS eight-day composite LST (MOD11A2, cotien 5) and surface
reflectance (MOD09Q1, collection 5) products spagnihe 2002 and 2007 growing
season periods (May 15 through September 28) cayédiebraska (tile h10v04) were
used. The detailed description about the data asttiods are presented in the respective

research chapters.
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1.5. Dissertation Structure

This dissertation is organized into five chapte@hapter 1 provides an
introduction to the research background, rational] objectives of this dissertation. It
also presents an overview of the study area anddtaeused in this dissertation research.
Chapter 2 presents the determination of relativeemveontent in soybean leaves using
close-range thermal infrared imagery. Chapter Jyama the relationships among the
corn and soybean based vegetation indices andz@mu soil moisture using above
canopy hyperspectral reflectance data. Chapter e$epts the response of different
vegetation cover types to drought stress in Nelarasiing Terra-MODIS Land Surface
Temperature and NDVI products. Chapter 5 summatizesmportant findings of this

work and provides recommendations for future regear
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CHAPTER 2

NON-INVASIVE ESTIMATION OF RELATIVE WATER CONTENT IN
SOYBEAN LEAVESUSING INFRARED THERMOGRAPHY

Abstract

Infrared thermography is a useful technology foareking water status in
terrestrial vegetation. The objective of this cleaps to estimate relative water content
(RWC) in soybean plants(ycine max), grown under greenhouse conditions using high
resolution thermal infrared images. The plants waibjected to a range of moisture
stress treatments in order to evaluate the watgenbin sampled leaves. The plants were
irrigated with 8 different treatment levels (comntfoe., fully irrigated) and 1 to 7 days of
water being withheld). One specific trifoliate @lerleaves) was segmented from each of
the thermal images for every plant sample, and bathn temperature and Crop Water
Stress Index (CWSI) were computed for each plagaf ldiscs were taken from the same
trifoliate to gravimetrically measure RWC. RWC hstdtistically significant correlation
coefficients with both CWSI (r = -0.92, n = 58;< 0.001) and raw mean temperature (r
= -0.84, n = 56P < 0.001). Two separate regression models were deeelto predict
RWC using mean raw trifoliate temperature and CW®Ir results document that a
CWSI-based regression model was better in predi@&wC than a model based on mean

raw trifoliate temperature.
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2.1. Introduction

Water deficit poses a serious threat to both tieivsal and productivity of crops.
Plants experience water stress when the trangpiralemand exceeds the amount of
moisture available in the root zone (Kacira et2002). Determination of water status in
plants is important to agriculturalists, particljaas it relates to irrigation management,
in order to optimize plant productivity (crop yield Relative Water Content (RWC) is a
biophysical variable that quantitatively expressaser volume per leaf. It is expressed as
a ratio of the amount of water present in the &afampling time to the amount when the
leaf is turgid (Smart and Bingham, 1974). Tradiéiltyy water status in plants is
evaluated either by measuringsitu soil water status (such as soil water contensodr
water potential) or by measuring situ physiological variables that characterize water
status in leaves (e.g., RWC, leaf water potergtaimatal conductance, or photosynthetic
rate). However, these methods are time consumaigpriintensive, and often require
destructive sampling. Additionally, such measuretsane point based, and often provide
a poor representation of field conditions, espéciathen the sample size is small

(Jackson, 1982).

Remote sensing offers a non-destructive methoquaintifying the amount of
water present in plants, and several investigatarge examined the utility of various
portions of the electromagnetic spectrum for meaguthe amount of liquid water in
vegetation. The potential utility of vegetation ices based upon the near-infrared (NIR,
700 to 1300 nm) and middle-infrared regions (MIBPQ to 2500 nm) of the spectrum
for retrieving leaf water content is well documeht@ao, 1996; Ustin et al., 1998;

Jackson et al., 2004; Chen et al., 2005). Spertfldctance of vegetation in the NIR
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region is determined by leaf tissue, cell structasnopy architecture, and the presence
of two weak water absorption bands (at 970 and I#0Q) Reflectance in the MIR is
primarily controlled by the volume of water in leedlls, with strong water absorption
bands centered at 1450, 1950, and 2250 nm (Tudle80Q; Carter, 1991; Sims and
Gamon, 2003). Under water stress conditions, piligctance increases throughout the
visible, NIR and MIR regions (Hunt and Rock, 19&Hrter, 1991; Inoue et al., 1993).
Numerous vegetation indices have been developed) sgiectral bands in the NIR and
MIR to quantify liquid water content in vegetatidexamples include the Moisture Stress
Index (Rock et al., 1986), the Normalized Differennfrared Index (Hardisky et al.,
1983), and the Normalized Difference Water IndeadG1996). Although widely used
as surrogates for water content in vegetation, iRl MIR based indices are not
sensitive to RWC differences of 6% or less (Riggd Running, 1991), which are critical
for identifying the onset of drought stress in viagjen. MIR based indices, particularly
those using spectral signals within the strong wabsorption regions, tend to saturate
when a vegetation canopy closes, or when the |lesd adex reaches 4 or greater
(Lillesaeter, 1982), which suggests that such eglimay not be sensitive to the full range
of RWC. Bowman (1989) showed that relationshipsveen NIR (810 nm) or MIR
(1665 and 2212 nm) and RWC were weak and sometstastically non-significant

when RWC ranged between 92 and 100%.

The thermal infrared portion of the spectrum pdeg an alternate opportunity to
analyze plant water status. Use of canopy tempesfor stress assessment is based on
the principle that availability of adequate moist@nables plants to transpire at potential

rates, thus resulting in leaf temperatures loweanthair temperatures. During
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transpiration, a substantial amount of the enengy is required for converting each mole
of liquid water into water vapor is removed frone tleaf in the form of latent heat, which
keeps the leaf surface cool (Jones et al.,, 2009)erWmoisture in the root zone
diminishes, the stomata close to prevent the ddfusf water vapor from the leaf to the
atmosphere through transpiration. Thus, incidemliateon on the leaf is primarily
converted to sensible heat (instead of latent hedtjch increases leaf temperatures so
they then exceed the air temperatures (Fuchs, M80Ujcar and Jupp, 1998; Anderson
and Kustas, 2008). The onset of water stress,teeddtomatal resistance, and elevated
temperature responses in plants can be more quiegkicted than water stress related

changes in NIR reflectances (e.g., Jackson and E285b).

A number of previous water-stress studies weredapon canopy temperatures
being measured by either hand-held or vehicle-nesuimfrared thermometers (IRT’S)
(Idso et al., 1981; Jackson et al., 1981; Fuch8019ones, 1999; Payero and Irmak,
2006). Often the measured canopy temperaturendic@d with meteorological data to
further refine the quantification of water stresBor example, the Crop Water Stress
Index (CWSI), one of the most widely used indices fuantifying water deficit in
agricultural crops, combines canopy temperatureasored using IRT’S in conjunction
with ambient meteorological conditions such adexmperature and humidity (Idso et al.,
1981; Jackson et al., 1981; Jackson et al., 1988}hough canopy temperatures as
measured with an IRT may be used to estimate teatper at field scales, one of the
limitations inherent in such a procedure is that thata are spatial averages of the
emittances from all materials found within the dielf-view of the sensor. Therefore, the

measured temperature may not represent canopymamycularly during the early stages
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of plant growth when the leaf area index is lowadieag to the sensor field-of-view
including non-leaf materials (e.g., stems or backgd soil). As the leaf temperature
increases linearly with increased absorbed radinatgy (keeping other factors constant)
(Jones et al., 2009), internal shading within tlamopy is another issue potentially
increasing the bias of the IRT based temperatur@suorements. Several thermal image
based studies on grapevines, in both field (Jomed. e2002; Grant et al., 2007) and
greenhouse (Leinonen and Jones, 2004) settings, fegorted temperature differences
between the sunlit and shaded components of thepem The widespread availability
of high resolution, lightweight, portable thermanteras provides an opportunity to
examine the temperatures of individual plant leattass eliminating, or at least isolating,
the influence of background materials. Thermal iesabave been used at both leaf and
canopy levels for not only visually analyzing tingpiact of water stress on individual leaf
surfaces but also for computing temperature-basdtes as a means of quantifying
water stress in leaves. Hashimoto et al. (1984)ewamnong the first to use thermal
imaging techniques to monitor the short-term (twmute intervals up to 22 minutes)
changes in the leaf temperatures of root-pruneflauer plants under moisture deficit.
Jones (1999b) also used thermal imaging to mormshart-term changes (one minute
intervals for an 11-minute period) in stomatal cactdnce over one detached leaf surface
from a French bean plant. Ondimu and Murase (20808)bined imaging techniques in
both the thermal infrared and visible spectrum étedt water stress in Sunagoke moss.
They achieved good correlations among the CWSkddrirom thermal imagery, visible

reflectance from the Sunagoke moss, and water gbnte
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Previous studies have reported the use of fieldyreenhouse based thermal
imaging approaches in estimating stomatal condaetaf grapevine canopies (Jones et
al., 2002), French beans, and lupins (Grant et2806), leaf water potential in cotton
plants (Cohen et al., 2005; Alchanatis et al., 2040d both stomatal resistance and stem
water potential in olive trees (Ben-Gal et al., 200While a reduction in stomatal
conductance is considered to be a very sensitiv early indicator of a plant
experiencing a water deficit, RWC is a more direeasure of water status in plant
tissue because it compares the actual water comemtleaf against the content at full
turgor. Jones (2007) argues that cell elasticitgat turgor, which directly drives cell
expansion and contraction, is the real indicatowafer status and that RWC is a good
proxy for cell turgor. Although past studies havecaimented a strong relationship
between leaf temperature and stomatal conductange Jones et al., 2002, Grant et al.,
2006), and considering the significance of RWC ragndicator of plant water status, the
potential relationship between RWC and leaf tempeeaneeds to be examined. In this
study, we used RWC as an indicator of plant wagius and tested the utility of high
spatial resolution thermal images for non-destvectestimation of RWC in soybean
leaves Glycine max). More specifically, we used both raw leaf tempemra and CWSI

derived from the thermal images to develop anddesimodels.

2.2. Materialsand M ethods

2.2.1 Plant Material
The experiment was conducted in a greenhouse atitineersity of Nebraska-
Lincoln (40.82°N, 96.68°W, and elevation 370.03 oo sea level), USA, during April

and early May of 2011. Sixty soybean plants (Pioré¥-70) were grown in identical
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black plastic pots, with the capacity of each peing 1.4 liters (length 10.7 cm; width
10.2 cm, and height 12.5 cm). To maintain unifodanp growth and development, an
equal amount of soil (Bergers BM1 potting soil mith 80% peat and 20% pearlite) was
inserted into each pot, along with three soybeausePlants emerged 6 days after the
seeds were sown and at the emergence (VE) stagelahts were thinned to retain one
plant per pot. The pots were arranged in 5 coluamus12 rows with spacing of 0.2 m on
an elevated netted platform. Positions of the glavgre changed randomly to minimize
the impact of any solar radiation differences odaogrin the greenhouse. On day 21 after
emergence (V3: third trifoliate stage of developthethe plants were supplied with a
fertilizer solution (Hoaglands modified nutrientl@on) to maintain their nutrient

sufficiency.

2.2.2 Meteorological Measurements

The environmental conditions within the greenhowusze monitored carefully.
Two quantum sensors (Li-Cor Biosciences, Lincoli, NNSA) were placed at both sides
of an elevated platform (1 m above the soybean mgnto record the amount of
photosynthetically active radiation (PAR) availabdethe plants. The average of the two
sensors was used in this study. Ancillary measunésriacluded ambient air temperature
and relative humidity (RH). Air temperature wasasiered using a thermistor (model
107, Campbell Scientific, Logan, UT, USA) and RHswaeasured (model HMP50,
Campbell Scientific, Logan, UT, USA). PAR, air teengture and RH were sampled
every minute and recorded by a data acquisitiomesy§CR850, Campbell Scientific,
Logan, UT, USA). Plants were grown under sunligitotighout the day and with air

temperature and relative humidity ranging betwedh &hd 38 °C and 10-75%,
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respectively. Variations in PAR and air temperatduging the 8-day experimentation
period are shown in Figure 2.1. No artificial ligtg was used during the entire

experimentation period.

2.2.3 Irrigation Treatments
All plants were watered every day to maintain theddf capacity of the soll

mixture, and excess water was allowed to drainuiinothe bottom of the pots and the
nets of the platform. A moisture-deficit strategyasvimplemented on day 38 after
emergence. Most plants had developed pods (3Mantonger) on one of the four upper
nodes of the main stem, and thus, from a phenabgtandpoint, they were at the R4
stage of growth. R4 is the most crucial perioddeed yield and any stress during this
period can cause a significant reduction in yidltt\\Villiams et al., 2004). The plants
(total 58) were randomly grouped into 8 classes wamie subjected to 8 different
irrigation treatments; control and water stressag-H (WS 1) through water stressed
day-7 (WS 7). The treatment groups WS 1 through WBad 7 replicates each (7
replicates x 6 treatments = 42), and control and YW8eatment groups contained 8
replicates each (8 replicates x 2 treatments =Ih6this experiment, each replicate is a
single plant. It is noted that we kept one addalaeplicate in both the control and WS 7
treatment groups. These two “extra” plants wererlased as fully transpiring (control
replicate) and non-transpiring (WS 7 replicate)npdaduring the image acquisition to
facilitate the computation of the thermal image dshsCWSI (more description is

presented in the image acquisition and proces&atps).

On the first day of the water stress regimen, W@lants were excluded from

irrigation, while the remaining plants continued teceive water daily at the field



24

capacity of the soil. On the following day, WS mdanN'S 6 plants were both excluded
from watering while the remaining plants were iated at field capacity. On each
successive day, one more group of plants was esdlfrdm irrigation in order (WS 5,
WS 4, WS 3, WS 2, and WS 1). The process continugitlonly the control plants were
left in the original lot, and these plants receiveter at field capacity each day of the 7-

day water stress experiment period (May 5 to May2011).

2.2.4 Thermal Image Acquisition and Processing

Thermal images were acquired and measurementdadiveeleaf water content
were taken on day 8 after the initiation of the shmie deficit program (45 days after
plant emergence). Images of the plant canopieg wequired using a thermal camera
(FLIR ThermaCAM 640, FLIR Systems, Inc.). The spaictange and resolution of the
instrument are 7.5 to 13m and 0.65 milliradians, respectively. The acqlim®ages
were 640x480 pixels at 14-bit radiometric resolutidhe instrument is sensitive to a
temperature range between — @and + 120C with an accuracy of +2°CThe FLIR
instrument had an 8 mm lens with an angular fidldiew of 32. Emissivity was set at
0.96, corresponding to the normally accepted védneregetation (Jensen, 2007). The
camera was mounted on a tripod and pointed vdstidawnward at a fixed position for
each image. The distance between the camera angahiecanopy was approximately
0.85 meter, yielding images with a spatial resolutof 0.05 cm. This high spatial
resolution allowed a precise distinction to be mbadaveen individual leaves and both
stem and non-vegetated materials in the image.oWastrips of aluminum foil were
wrapped around the node (or petiole) of the fotnitbliate of each plant to identify the

leaves of interest in each thermal image. Leaf syatpre varies with air temperature,
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humidity, wind speed, and downwelling irradianced ahese conditions may change
rapidly in not only the field but also in greenheusettings (Jones et al., 2009). During
image acquisition, two plants, one control (nomsted) and one fully stressed (WS 7),
were placed on either side of the plant of intefe#hin the field-of-view of the camera)
in order to calibrate the leaf temperature agdhestsame for a fully transpiring as well as
a non-transpiring plant under the given environmkewgbnditions. These two plants,
representing fully transpiring and non-transpiripants for the computation CWSI,
remained constant for all thermal imaging. The rnire@drimages were collected from a
total of 56 soybean plants, grouped into 8 treatmevith 7 replications (plants) per
treatment. The plants from a single treatment waigged sequentially. Several studies
have recommended midday as the ideal time for thlermage acquisition when the
plants experience maximum water stress, and therosmwental variables (air
temperature, irradiance, and RH) that affect tte# temperatures are relatively stable
(e.g. Grant et al., 2006; Ben-Gal et al., 2009;haleatis et al., 2010). However, thermal
images for this study were acquired between 9:50 Bh15 hours local time (Figure
2.2a) as we were interested in understanding ttenteto which the thermal image based
CWSI computation approach would normalize the erfice of environmental variables
on leaf temperatures. The conditions on the daherdmal imaging were quite typical of
a day in mid-May in the Midwestern U.S. A major tpafr the experimentation day (Day
8) was marked by intermittent cloud cover and cqoeat sporadic variations in PAR.
Air temperature remained fairly uniform comparedotber days, especially from day-2
to day-7 (Figure 2.1). We hypothesized that siread temperatures at a particular time

are dependent on the concurrent environmental tondj the CWSI based method,
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which normalized the leaf temperature, would be more responsive to the actual water
content in leaves. The greenhouse environmental conditions that primarily drive the leaf
temperature (i.e. PAR, air temperature, and relative humidity) showed some variations
during the data collection period (Figure 2.2). PAR remained below 1000 pnfol/s/m
during most of the data-collection period with some occasional spikes due to clouds. Air
temperature ranged from 24° to 29°C between 9:30 and 12: 15 hours. Overall, RH
showed a decreasing trend up to 11:30 hours and then increased toward the latter part of

the data collection period (approximately between 11:20 and 11:45 AM).

The raw thermal images, one for each plant (total 56) were processed using FLIR
systems proprietary software (ThermaCamResearcher), and were subsequently analyzed
with ENVI image processing software (version 4.7; Environmental Systems, Boulder,
CO). In each thermal image, the pixels comprising the fourth trifoliate of the control
plant, fully stressed plant, and specific sampled plant of interest were manually
segmented and the pixels were extracted. Mixed pixels along the edge of the leaf
comprising the thermal signals from both leaf and other background materials were
manually excluded. The CWSI index, developed by Idso et al. (1981) and Jackson et al.
(1981), was used and is defined as:

(TI - Twet)
(Tdry - Twet)

CWSI= (2.1)

Where, Tis the actual leaf temperature under given environmental conditign$s The
lower boundary for canopy temperature, corresponding to a well-watered plant with fully

open stomata. qfy is the upper boundary for canopy temperature, representing the
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temperature of a non-transpiring plant with ston@impletely closed. All temperature

measurements were in °C.

Although Equation 2.1 was employed in this stuag, made use of a different
baseline for the computation of, Twet, and Ty as described in Grant et al. (2006). We
used the mean temperature of tifetefoliate of the plant of interest (MeaneJ) as T,
minimum 4" trifoliate temperature of the control plant (Mine) as Tue; and maximum
4" trifoliate temperature of the fully stressed pléviax Tary) @s Tary in Order to compute
CWSI for each plant. Thus, the CWSI was calcul&edhis study as:

(MeanTi — Min Tuwer)
(MaX Tary — Min Twet)

CWSI=

2.2)

2.2.5 Measurement of Leaf Gas-exchange

Leaf gas exchange measurements were made on speaifes immediately after
the acquisition of thermal images using a portaipen-path gas exchange measurement
system (model LI-6400, Li-Cor Inc., Lincoln, NE, By Three plants, each from control
and treated (WS 1 through WS 6), were selecteddasnre the leaf photosynthetic rate
(A), stomatal conductancegsf, and intercellular C® concentration @;). Because a
number of leaves in WS 7 plants visually appearedhave shriveled because of the
intensity of water stress, and to prevent any gatkfurther damage to the leaves during
the measurement process, the gas exchange datanotecellected from those plants.
The node leaf of the™trifoliate of the sampled plants was used, andalings per leaf
were obtained, with the average values of theseethariables per leaf being reported

upon in this study.
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2.2.6 Measurement of Relative Water Content

The measurements of leaf gas exchange were immebditdllowed by the
gravimetric measurements of RWC. Five leaf dis® ¢In diameter) samples were taken
from each of the @ trifoliate leaves (5 discs x 3 leaves = 15 disesmeplicate). The leaf
discs were immediately sealed in pre-weighed \(iah® vial per replicate) to prevent any
evaporative loss of water from the samples and theighed on a balance (Leco-250,
Leco/Sartorius Corp.). Fresh weights (FW) of theangles were determined by
subtracting the empty vial weight from the filletavweight. Subsequently, the vials
were filled with distilled water and refrigeratetts C for 15 hours to allow the samples
to fully rehydrate (Zygielbaum et al., 2009). Thaargples were then removed from the
vials, placed on an absorbent paper towel and yeatited to remove any water from
their surfaces. The leaf discs were immediatelighhed again to obtain the full turgor
weights (TW). The samples were again put in tlasyiwith caps loosely in place. The
vials were kept in an oven for 36 hours at T)5nd then weighed again to derive the
dry weights (DW) The RWC was determined by using the following eigua

(FW - DW)
(TW - DW)

RWC= x100 (2.3)

2.2.7 Data Analyses

IBM SPSS Statistics 19 (2010) software was usedda analyses and Microsoft
Excel (2010) was used for producing graphics. Datae tested for normality and
homogeneity of variances using Shapiro-Wilk and dre/s tests, respectively.
Differences among the treatments were examined witrway Analysis of Variance

(ANOVA). Welch results for equality of means weeported where the variances within
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groups were not equal. Dunnet T3 tests were corduct identify significant treatment
differences where equal variances were not assuf@edversely, Scheffe tests were
reported where equal variances were assumed. Mariiom the mean is reported as +

one standard error.

2.3. Results

The response of the soybean plants to water streasments, as detected by
RWC, mean Ea, and CWSI methods is presented as Figure 2.3tdphgraphic (Figure
2.3a) shows the mean RWC values of the controltaedvater stressed plants (WS 1 —
WS 7). The Welch test shows significant differenae RWC among the treatments [F
(7, 20.21) = 749.63P < 0.001]. Overall, the RWC values decreased witheiasing
water stress in plants. The differences betweetraloversus WS 1 and WS 2 were not
statistically significant, while the difference txeten control and WS 3 was significaRt (
= 0.002). The rate of decrease in RWC was relgtil@v from control up to WS 4
plants, with a mean RWC difference of 14P< 0.001). The RWC of the WS 5 plants
experienced a sharp decline compared to those ofi\Mdich had a mean difference of
36%. This dramatic decrease in RWC from WS 4 to S\M8dicates that under a stress
condition, the plants lost water at a relativelgvglrate up to 4 days. Beyond the fourth
day without water, plants may require irrigationnt@intain their water status. However,
compared to the rest of the treated and contralggpthe WS 5 plants experienced the
greatest variance in their RWC values. As expedieel, WS 7 plants experienced the

lowest mean RWC value, which is about 68% less thanof control plants.

The mean [y and the corresponding CWSI values for the cordwad water

stressed plants are shown in Figs. 3b and 3c, cbgply. Leaf temperatures exhibit an
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increasing trend from control up to WS 5, while \BSand WS 7 plants experienced
lower temperatures than those of WS 5. ConvergalySI values reveal an inconsistent
trend from control up to WS 3, and then exhibitoasistent rising trend with increased
levels of water stress. The differences in mearpgratures among the control and WS 1
through WS 3 were not statistically significant.eTimean CWSI differences among the
control and WS 1 through WS 4 were also not stedity significant. However,
statistically significant differences in mean CW&lues were obtained between control
and WS 5 (0.3P < 0.001); control and WS 6 (0.3B,< 0.001); and control and WS 7

(0.41,P < 0.001).

Figure 2.4 illustrates the average photosynthatie,stomatal conductancandC;
responses of the control and treated (WS 1 to Widaits. Photosynthetic rate (Figure
2.4a) decreased slowly from control to WS 3 plaatg] then exhibited a steep decline
from WS 3 to WS 4. There were no statistically gigant differences in photosynthesis
rate detected between control and WS 1, WS 2, Wiats. However, control plants
experienced significant differences in photosynthedte with WS 4R = 0.017), WS 5
(P < 0.001), and WS 6R < 0.001). Stomatal conductance (Figure 2.4b) showed
decreasing trend with a near linear decline fromtrad to WS 5, and a slight decline with
higher variance from WS 5 to WS 6. Statisticaligngficant differences in stomatal
conductance were observed between the control &d W = 0.031); control and WS 5
(P = 0.003); and control and WS B € 0.002).C; rates were relatively stable from
control to WS 3, and then they experienced an asing trend up to WS 6 (Figure 2. 4c).
Control plants had a significantly differe@f rate than those of WS ¥ (< 0.001) and

WS 6 @ < 0.001).
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To examine the robustness of the RWC measuremenbqad adapted in this
study, regression models were developed to reldtetopynthetic rate,stomatal
conductance,and C; with their corresponding RWC values (Figure 2.5)esHlts
documented a small increase in both stomatal cdadoe and photosynthetic rate
between RWC measurements of 15% and 40%, but betR¥¢C values of 60% and
85%, both these variables increased at near-liregas with increasing RWC. Overall,
RWC accounted for 85% of the variation in photoketit rate, 75% of the variation in
stomatal conductance, and 90% of the variatiorCinAll regressions models were

statistically significant with? < 0.001.

Pearson Product Moment Correlation coefficientsewased to evaluate the
relationship between RWC and meag,snd CWSI, respectively. Results indicated that
RWC had highly significantR < 0.001) relationships with both CWSI and raw mean
temperature. However, the correlation between RWLC@WNSI was better (r =-0.92, n =
56) than that between RWC and raw mean temperétere0.84, n = 56). We developed
and validated regression models to predict RWCgaubioth leaf mean temperature and
CWSI. The data collected from the plants wered#di into calibration and validation
data sets. The first five replicates of each trean{8 treatments x 5 replications = 40)
were used for developing the calibration model tiedremaining 2 replicates were used
for validating the models (8 treatments x 2 repices = 16). Figure 2.6 shows the
relationships between meamn.f and RWC (a) and between CWSI and RWC (c). The
feature space of s and RWC exhibited scatter from the regression (especially WS
4 and WS 6), while the feature space of CWSI and(RM/ more closely distributed

along the regression line. Although both modelshagaly significant P < 0.001), higher
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coefficient of determination @ and lower RMSE values indicate that RWC may be
better estimated using CWSI rather than using:. TValidation of models led to the

conclusion that CWSI (Figure 2.6d) is a better ted of RWC than Tas (Figure 2.6b).

2.4. Discussion

The potential of using high spatial resolutionrthal images for estimating RWC
in soybean leaves was examined in this study. Tkanntemperatures of the leaves
(Tieas), as well as a temperature-based index (CWSlutatled from the data extracted
from thermal images, were used separately to prd®WgC. Significant differences in
mean Tear and CWSI values were obtained between control aagr stressed plants
(those experiencing at least four days of irrigatwithdrawal). With the exception of
some minor variations,ghs and CWSI were consistent with the gravimetricatigasured
RWC values (i.e., increasinged and CWSI values with decreasing RWC) (Figure 2.3).
This also suggests that plants under water sta@sde detected by thermal-image-based
Tieat and CWSI. Slight differences in RWCyg}, as well as CWSI values were obtained
between control and WS 1 treatments. This may leetdwariations in environmental
factors. Day 7 of the experiment, when water wathivéld from the WS 1 group of
plants, was a day with consistent cloud cover dtetreoon thunderstorms. That resulted
in both relatively low PAR and air temperaturesasipared to the rest of the days of the
experiment (Figure 2.1), and might have caused\Bel plants to be less water stressed.
RWC values of WS 5, 6, and 7 are almost the oppasitl mirror those of CWSI, while
Tieat Values of WS 5, 6, and 7 are inconsistent. It khba especially noted that, although
the thermal images of WS 6 and 5 plants were takemg 09:50 to 10: 16 hours and

10:18 to 10:44 hours, respectively, the mear &f WS 5 was higher than that of WS 6
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(Figure 2.2a and Figure 2.3b). This indicates tlmemtial combined influence of
variables like irradiance, air temperature, and &iing the image acquisition time on
the leaf temperature (Jones, 1999a). Compared to BN &verage PAR was about
60pmol/s/m higher, average air temperature was about 0.28@ehj and average RH
was about 5% lower when the thermal images of W##abts were taken (Figure 2.2).
Moreover, the impact of these variables was nozedliby the computation of CWSI,
and this is demonstrated in a gradual increasaN$Ovalues with increasing intensity of
water stress (Figure 2.3c). The results indicaté tialibration of Jerand Tyy using the
methods described in this study could make themrmadje based indices more responsive

to water stress.

The relationships between RWC and other leaf-plygical variables
(photosynthetic rate, stomatal conductance, aretdallular CQ concentration) related
to water status were examined in order to assesadturacy of RWC in representing the
water status of plants, as well as to test the R&¥{tCaction procedure adapted in this
study. Regression analyses showed that signifisangations in photosynthetic rate,
stomatal conductance, and intercellular ;.C&édntent were explained by variations in

RWC.

Both T and CWSI exhibited significant correlations withiV. Tieas and CWSI
were tested by means of regression analysis andated separately to compare their
relative performances in estimating RWC. A slightdwer R value of T versus RWC
regression again emphasizes the impact of varyieggonological conditions on the leaf
temperature, and therefore uncertainty in estirgatie water status of plants. This study

demonstrates that a thermal image based CWSI tbebuats for environmental
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variations can be used for improved estimation W@ in soybean plants with RMSE
values of 10.8%. The RMSE values reported in thislysare slightly lower than those
obtained by Yu et al. (2000), who used reflectanai#os in the MIR (R43dRiss6
Ri143dR1ss6 Ri4sdRis59 to estimate RWC in four plant species includiraylseans.
Comparable precision in estimating RWC in soybeamvés using a MIR-based spectral
index was reported by Inoue et al. (1993). Previtnesmal image based studies used
both raw leaf temperature and CWSI for estimatitenpwater status and produced
similar findings (i.e., they report the advantageusing CWSI relative to raw leaf
temperature in evaluating plant water status).éxample, Cohen et al., (2005) reported
the greater accuracy of CWSI in estimating leafewgtotential for field based cotton
plants. CWSI-based indices also performed bettere&iimating soil water potential,

stomatal resistance, and stem water potentialliee orchards (Ben-Gal et al., 2009).

The regression models developed using the caltdratata sets were applied to
the validation data sets to evaluate their accumagyedicting the RWC of the soybean
leaves. Predictions of RWC using the validationadsets resulted in higher’ Ralues
(Tiear = 0.77; CWSI = 0.89) compared to those of thebcation data sets s = 0.69;
CWSI = 0.85). The results suggest that RWC in saybleaves can be estimated
accurately using the thermal image analysis praesdyresented in this study,
particularly with regard to CWSI computation. Usé maximum and minimum
temperatures for the dry and wet reference leaespectively, minimized the excessive
influence of some low temperature pixels partidylaresent near the edges of the leaves
on the calculation of mean dry reference leaf tawipee, which can lead toyd being

lower than the |Ex as suggested by Grant et al. (2006).
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Future research will focus on investigating theuaacy of the CWSI model in
estimating RWC in field conditions and in differgatenological stages of soybean plants

using both close-range and airborne thermal images.
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Figure 2.2. Time of thermal image acquisition, lgaé exchange measurements, and leaf
samples extraction for RWC measurements for eaehtnrent (a) and greenhouse
environmental conditions including PAR (b), air fnature (c), and RH (d) during the

data collection period of May 12, 2011.
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stressed plants were subjected to 1 (WS 1) thrqugiNS 7) days of water withdrawal.
There were 7 plants (n=7) per treatment. Error bepsesent mean £ SE. A significant
difference between treatments is indicated in dgttgbove the bars (following the
ANOVA superscript method). Different treatmentstwthe same lowercase letters are

not significantly different according to the DunA& Test for RWC and the Scheffe Test

for Tieas and CWSI.
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Figure 2.4. Average (a) photosynthetic ra#g¢, (b) stomatal conductancegfgand (c)
intercellular CQ content (¢ of control and water stressed (WS 1-WS 6) soyh@ants
(n=3 per treatment). Control plants were wateredht field capacity and the water
stressed plants were subjected to 1 (WS 1) thr@u@NS 6) days of water withdrawal.

Error bars represent mean + SE.
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conductance @ and (c) intercellular COconcentration ({, respectively. Each data

point represents an individual measurement on eaé [Total sample size is 21 (7

treatments x 3 replicates). All regressions aghllyisignificant (P < 0.001).



45

100 — 100 ;
(a) 5 S\. y=-21.24(T,,) + 654.81 (c) - r
80 | Sso. R2=069 80 |k o
se <. RMSE = 15.7% = P<0.001 ® .
A PN X * & e
P L 2N ~ .
X 60 F -~ * ~ O 60 .
= .~ =
(@) S o ’
240 ¢ W | Sa b -
N2 y=1.1869x + 1.2112
20 20 e R2=0.77
P <0.001 X s F RMSE = 14.13%
0 1 1 > 1 0 1.7 1 1 1
26 27 28 29 30 31 0 20 40 60 80 100
Tiear (°C) Predicted RWC (%)
100 = 100 p
(b} ~ RWC =-137.2(CWSI) + 126.32 (d) ’
80 | . o | RI=085 80 | o
K < P <0.001 ’
K60 ) 060 |
S =
= x
z 40 | S 40 |
Z . y =1.0543x + 0.3751
< R?=0.89
20 r o 20 RMSE = 10%
P <0.001 1 -
O 1 0 Y 1 1 1
0 0.2 0.4 0.6 0.8 1 0 20 40 60 80 100
CWslI Predicted RWC (%)

®Control AWS1 [OWS2 XWS3 WS4 ®BWS5 +WS6 OWS7

Figure 2.6. Regression models using calibratioa dats to estimate RWC; RWC versus
Tieat (@) and RWC versus CWSI (c). RWC predicted veRWC measured usingeds

regression equation (b) and CWSI regression equétip The solid line in each graphic
is the best fit function and the dashed lines gme the 95% confidence intervals for

RWC prediction.



CHAPTER 3

RELATIONSHIPSBETWEEN VEGETATION INDICES AND ROOT ZONE

SOIL MOISTURE UNDER CORN AND SOYBEAN CANOPIESIN THE U.S.

CORNBELT: A COMPARATIVE STUDY USING CLOSE-RANGE SENSING

APPROACH
Abstract
Understanding the connections between root zonensmsture and vegetation

spectral signals will enhance our ability to manageer resources and monitor drought-
related stress in vegetation. In this paper, thatiomships between vegetation indices
(VIs) andin situ soil moisture under corn and soybean canopies aeatyzed using
close-range reflectance data acquired at a raiofegland site in the U.S. Corn Belt.
Because of the deep rooting depths of corn plaatis)-based VIs exhibited significant
correlations with soil moisture at a depth of 100 ¢ < 0.01) and kept soil moisture
memory for a long period of time (45 days). Amohg VIs applied to corn, the geb-edge
correlated best with the 100 cm soil moisture déptk 0.01) at concurrent and up to 20-
day lag periods. The same index showed a significarrelation with soil moisture at a
50 cm depth for lag periods from 1B € 0.05) to 60 daysP(< 0.01). VIs applied to
soybeans resulted in statistically significant etations with soil moisture at the
shallower 10- and 25-cm depths, and the correlatomificients declined with increasing
depths. As opposed to corn, soybeans held a shsoiermoisture memory as the

correlations for all ViIs versus soil moisture atdf depth were strongest for the 5-day
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lag period. WDRVI and NDVI performed better in cheterizing soil moisture at the 10-

and 25-cm depths under soybean canopies as contpaedt and Ckeg-edge

3.1. Introduction

Soil moisture is a key hydrological variable thafliences the interactions and
feedbacks occurring at the soil-vegetation-atmosphmterface. It controls the
partitioning of incoming radiant energy into semsiand latent heat fluxes (Shukla and
Mintz, 1982; Delworth and Manabe, 1989). A numbiestadies have shown the impacts
of soil moisture on the atmosphere over a wide @amigspace and time scales. Namias
(1989, 1991) noted that reduced soil moisture inngpin the Midwestern U.S.A.
generates a high-pressure cell that results in amwand dry summer; a condition
conducive to the development of drought in thisaegMintz (1984) reported positive
feedback existing between evaporation and pretipitaon land. Similar positive
feedback of soil moisture evaporation on precimtahas been observed in the central
Great Plains of North America during the spring awnmer months (Oglesby and

Erickson, 1989; Findell and Eltahir, 1997; Kosteale, 2004).

Variations in soil moisture produce significant ogas in hydrological processes
including surface energy balances, vegetation mtdty, flooding, runoff, and solute
transport (Goward et al., 2002; Verstraeten et dDP6). Accurate quantitative
information on the spatial distribution of soil metire using conventionah situ sensors
is challenging as the data essentially represeasurements at discrete points that do not
account for local-scale variations in soil propestiterrain, and vegetation cover. Thus,
spatial extrapolation of these isolated soil meestmeasurements to basin or watershed

scales can produce large uncertainties (WesternBiogthl, 1999). Therefore, a dense
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network of point observations is necessary to aaedy characterize the spatial
heterogeneity of soil moisture over extended gquuyca areas, which can be

prohibitively expensive.

During the past three decades, remote sensing itgm® have successfully
supplemented data from ground-based sensors teveespatially-integrated information
on soil moisture over large areas with varying soidl land cover conditions (Schmugge
et al., 1986; Jackson and Schmugge, 1989; Sandhalt., 2002). Such studies have
utilized the electromagnetic spectrum in the opfibarmal and microwave bands. A
number of studies have demonstrated the utilitpadsive microwave radiometry and
active microwave for assessing surface soil mastwrer large areas (Jackson et al.,
1996; Njoku et al., 2002). Despite having cloud gieation capabilities, microwave
energy loses sensitivity to soil moisture in depselgetated landscapes as the signals are
influenced by foliage, stems, branches, and veigetatater content (Waring et al., 1996;
Narayanan et al., 2004). In bare or sparsely véggbtsurfaces microwave sensors can
recognize water in a shallow near-surface soiltaiyem 1-3 cm (C-band) to a maximal

depth of 10 cm (L-band) (Waring et al., 1996; Njawal., 2003).

Root zone is the portion of the subsoil profile geated by vegetation roots, and
availability of soil moisture in this zone can stamgially influence vegetation health and
surface energy balance through the process ofpiration. The depth of the root zone
extends much deeper than the first few cm of tliepsafile where the microwave energy
cannot penetrate to retrieve the soil moistures Mvell known that vegetation spectral
reflectance is sensitive to changes in plant bisay properties including leaf water

content, photosynthesis, or chlorophyll conteng.(€arter, 1991, Gitelson et al., 2003;
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Gitelson et al., 2005). Soil moisture is one of thajor factors influencing these above
mentioned plant biophysical properties; therefosgetation reflectance characteristics in
the optical wavelengths can provide indirect infatimn about the soil moisture status in
the plant’s root zone. However, cloud free condgi@re required for obtaining reliable
reflectance data in the optical wavelengths froneraft or satellite platforms. Close-

range sensing approach could potentially obviateesof the problems associated with
cloud contamination and provide a basis for vaiidpthe satellite based data products

that are affected by cloud cover.

Since the launch of the Landsat instrument in 1$&¥eral vegetation indices
(VIs) have been proposed by transforming the spkeotflectance of vegetation in the
visible and near infrared wavebands. These VIs Hasen successfully applied to
monitor terrestrial vegetation and to indirectl§einroot zone soil moisture (e.g. Wang et
al., 2007). The Normalized Difference Vegetatioddr (NDVI) is sensitive to changes
in the chlorophyll (Chl) content in the vegetatioanopy through absorption of red
wavelengths by the leaf Chl and related pigmentssmattering of NIR radiation by the
spongy mesophyll structure of green leaves (Rous#.e1974; Goward et al., 1985).
Multi-temporal NDVI observations have been usedeesively for monitoring global
vegetation phenology (Justice et al., 1985), sedgpnand annual net primary
productivity in North American biomes (Goward et, dl985; Goward and Dye 1987),
drought (Kogan 1995) and desertification (Nicholgbml., 1998). While NDVI is widely
used as an indicator of vegetative productivitye thdex has several limitations for
adequate characterization of vegetation bio-phygioaperties that include an apparent

time lag between precipitation events and NDVI cese (Di et al., 1994), effects from
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the soil background (Huete et al., 1985), atmosphatenuation (Kaufman and Tanré
1992), and asymptotic saturation over areas witheraie-to-high density of vegetation

(Gitelson, 2004).

A number of new VIs were developed in order to owete the inherent
limitations and problems associated with the NDWor example, the Enhanced
Vegetation Index (EVI) uses the blue, red, and H#Rds to increase the sensitivity of
vegetation signals from high biomass regions wielducing canopy background noise
along with effects from atmospheric aerosol scaitefliu and Huete, 1995; Huete et al.,
2002). EVI algorithm incorporates a canopy backgtbadjustment factor that addresses
nonlinear, differential NIR and red radiant tramsfédarough a canopy, and two
coefficients that describe the use of the blue bandccorrection of the band for
atmospheric aerosol scattering (Huete and Jusii@®9). EVI is more responsive to
variations in canopy structural parameters inclgdieaf area index (LAI) and leaf
morphology (Gao et al., 2000). EVI2 was recentlgpmsed using red and NIR bands to
facilitate the computation in the case of sensdtBout a blue band (Jiang et al., 2008).
Performance of EVI2 was shown to be comparable \EXH when the atmospheric
effects (including aerosol and residual clouds)iasggnificant and data quality is good
(Jiang et al., 2008). The Wide Dynamic Range Vagetdndex (WDRVI) was proposed
to address the saturation of NDVI under moderateigh aboveground biomass
conditions (Gitelson, 2004). WDRVI incorporates eighting coefficient ) in the NIR
reflectance term in the NDVI formulation to accodat the differential sensitivity of
NDVI to red and NIR reflectances. WDRVI was shawrbe linearly related to the green

leaf area index of corn and soybeans (Gitelson42@telson et al., 2007). Recently,
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Gitelson et al. (2005) proposed the Chloropfyltdgelndex (Cked-edg} to estimate Chl
content in crops including corn and soybean. Wthike Cked.cdgehas been successfully
implemented for estimating GPP (Peng et al., 2G&iJ green leaf area in corn and
soybean crops (Vina et al., 2011), its potentiakémt zone soil moisture characterization
has not been explored.

The Corn Belt is a major corn growing region in thé. Within the Corn Belt,
states such as lowa, lllinois, Nebraska, Indianannisota, and Ohio collectively
accounts for about three-fourths of the total coroduced in the U.S. (USDA-NASS,
2009). The major proportion of the corn growingaare this region is rainfed rather than
irrigated. For example, approximately all corn groiw lowa, which is the leading corn
producing state, is rainfed (Duvik and Cassman9199oybeans, also an important field
crop in this region, primarily are grown in an mgnual rotation with corn. Spatially-
distributed estimations of root zone soil moisturéhe U. S. Corn Belt may contribute to
monitoring drought-related stress on corn and saybegrown under rainfed farming
systems. Previous studies have investigated th@iaeship of remotely sensed Vis with
root zone soil moisture for corn and groundnut srop India (Rao et al., 1993);
croplands as well as forest cover types in theeeast).S. Corn Belt (Adegoke and
Carleton 2002); grassland and shrub sites in TeXasona, and New Mexico (Wang et
al., 2007; Schnur et al., 2010); and crop, pastamd, grassland sites in Oklahoma (Gu et
al., 2008). However, a relatively limited body esearch has demonstrated the linkages
of root zone soil moisture with the spectral retece-based VIs for important
agronomic crops such as corn and soybeans in t8e Cbrn Belt. Our objective is to

evaluate the potential of proximally sensed Vis dated to the band passes of
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contemporary space-borne sensors such as Moderadésoludon Imaging
Spectroradiometer (MODIS) and Medium Resolutiondmg Spectrometer (MERIS) in

characterizing soil moisture at variable depth$inithe root zones of corn and soybean.

3.2. Data and M ethods

3.2.1 Study Area

This study was conducted at the University of NskaaAgricultural Research
and Development Center (ARDC), located approxinygedkm south of Mead, Nebraska,
USA (Figure 3.1a). The site includes a rainfeddfi¢t1°10'46.8” N, 96°26'22.7" W)
covering an area of 65.4 ha with a yearly croptratapattern of corn4ea mays) and
soybeans Glycine max). The research was undertaken using data acqduwddg the
2003, 2005, and 2007 growing seasons when the Walsl under corn cover and the
2002, 2006, and 2008 growing seasons when the \iakl planted with soybean. This
area experiences a humid continental climate widtnwsummer months. The mean
monthly precipitation during the past 30 year per{between 1981 and 2010) ranged
from 14 mm in January to 106 mm in June (FiguréB.Approximately 40% of the total
annual precipitation is received during the morgh#épril through June, crucial for soll
moisture recharge and subsequent crop growth. T&enmum monthly temperatures
during the same period ranged between 1°C in Jararat 31°C in July. The soil types
in the field are deep silty clay loams, typicaleaistern Nebraska, and consist of four soil

series including Yutan, Tomek, Filbert, and Film{@eyker and Verma, 2009).

3.2.2 Soil Moisture Data
Volumetric soil water content (hereafter referreml d&s soil moisture) was

measured hourly at four Intensive Management Zgnes IMZ-1, IMZ-2, IMZ-3, and



53

IMZ-5) within the field using Vitel (2002-03) andh€&ta probes (2005-08). These sensors
comprise part of the automated weather data net{AYDN) operated by the High
Plains Regional Climate Center (HPRCC) as impleeteacross parts of the U.S. Great
Plains. The soil moisture sensors were instaltddua depths: 10 cm; 25 cm; 50 cm; and
100 cm. Hourly soil moisture values were averagedenerate daily values for each of
the four depths. Rigorous quality control tests ehdeen conducted based on the
properties of soil water, soil characteristics, anecipitation measurements to determine
the accuracy of the daily soil moisture data (Heinal., 2009). After examining the data
quality, we determined that IMZ-5 had the fewest swisture observations categorized
as “bad data”. For this reason, we used the soistor@ values measured at IMZ-5 for
analysis. Soil types at this site at four depthsrewsilty clay loam and fairly

representative of the whole field.

3.2.3 Crop Spectral Reflectance Measurements

Close-range reflectance spectra were acquired ovep canopies using a
motorized, all-terrain sensor platform (Rundquistle 2004). The platform has a ground
clearance of 1.91 m and a width of 2.59 m. The \ghaee positioned for movement
through crops with 76.2 cm spaced rows. The sengers deployed on a metal frame at
the end of a 12 m long hydraulic boom attachedh¢opiatform. The boom can be rotated
through 360° around the platform to collect aboseapy data from the nadir position
(Figure 3.2a).

A dual-fiber system, with two inter-calibrated OneaDptics USB2000
radiometers attached to the sensor platform, wad te collect high spectral resolution

reflectance data for the corn and soybean candpah. radiometers record spectral data
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from 400 to 900 nanometers (nm) with an averageeleagth spacing of about 1.5 nm.
The first radiometer, with a 25° field-of-view, waminted vertically downward to
measure the upwelling radiance of the crop canofibs field-of-view resulted in a
sampling area with a diameter of around 2.4 m atttp of the canopy. The second
radiometer, with a hemispherical field-of-view, wasinted upward to simultaneously
measure incident irradiance (Gitelson et al., 2008 two radiometers were positioned
at approximately 6 m above the top of the canofmeseasure the spectral reflectance of
the respective crops. Calibration of the spectroradters was performed by measuring
the total upwelling radiance of a white Spectraleftectance standard (Labsphere, Inc.,
North Sutton, NH) simultaneously with incident olrance. The radiometers were
positioned at about 6 m above the top of the cathsoybean canopies, and the distance
between the sensor and canopy was kept constandllifaneasurements across the

growing season. Percent reflectangg (vas calculated as:

P = (LEPIE ™) x (B L") x 100 xp,™ (3.1)

where, L, is upwelling radiance of corn and soybean canofEd¥ is incident
irradiance on the top of the canopi&® is incident irradiance and,* is upwelling
radiance of the white Spectralon reflectance stahdaring the time of calibration, and
pfaj is the reflectance of the Spectralon panel linearterpolated to match the band
centers of each radiometer (Rundquist et al., 2004)

A digital camera (Kodak DC-40) was mounted on Hu®m adjacent to the
radiometers to acquire above-canopy true color @sadrom the view of the

spectroradiometer. A digital image was acquiredcaorently for each of the reflectance
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measurements. The reflectance measurements wee & approximately one-week
intervals from mid-May through the beginning of Gumer each year to capture
vegetative, reproductive, and senescence stagaspidevelopment. A true color image
of the field-of-view and the associated reflectapeefile of a single scan made at a
particular location within the field are shown ilgéres 3.2b and 3.2c, respectively. On
each measurement day, six sample locations wedomnay selected within the field, and

canopy reflectance measurements were made. Thewdata averaged to generate a
single reflectance value, per wavelength, per fi€his study is based upon a total of 76
field data collection campaigns (40 for corn andf@6soybean) conducted in the ‘core’

growing season (between mid-June through mid-Sdmenauring the years 2002-2003

and 2005-2008.

3.2.4 Spectral Vegetation Indices

Hyperspectral reflectance data from the top ofctlae canopies were transformed
to four Vs including NDVI (Rouse et al., 1974), B/(Jiang et al., 2009), WDRVI
(Gitelson, 2004), and &dd-edge (Gitelson et al., 2005) in order to compare their
correlations with the root zone soil moisture. ND¥VI2, and WDRVI indices were
computed by simulating the spectral channels ofMi@DIS system, on board NASA'’s
Terra and Aqua satellites. These MODIS-simulatatices were calculated using the

following equations:

NDVI = (Rnir = Red) / (Ruir + Reed) (3.2)
EVI2 = 2.5 x (Rir = Red / (Rur + 2.4 X Reg) (3.3)

WDRVI = (¢ X Ruir — Red) / (@ X Ruir + Reed), With o0 = 0.2 (3.4)
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Where Rjr and Reg are the reflectance values corresponding to MOBIS
(841-876 nm) and Red (620-670 nm) spectral chanredpectively.

Formulation of the Gled-edge requires reflectances in the red edge and NIR
channels, both of which are available via the MEBYStem (onboard the polar orbiting
Envisat Earth Observation Satellite). Thereforerefdige Was calculated using the
following equation:

Clred-edge = (RuIR / Rred-edgd — 1 (3.5)
where Ryr is the reflectance between 750-757.5 nm angq.Rqe is the
reflectance between 703.75-713.75 nm.

In order to transform the close-range hyperspectfiectance data to ViIs as
would be associated with other sensors, the refieet values were averaged to the band
passes of MODIS or MERIS sensors and used thosewvdbr computing the indices.
For example, the mean reflectance value (for alBdutindividual bands) between the
wavelengths of 620 and 670 nm was calculated terahte the MODIS simulated red
band reflectance. Similarly, MODIS simulated NIRfleetance was calculated by
averaging the reflectance values (for about 28 §abdtween the wavelengths of 841
and 876 nm. The simulated MODIS red and NIR valvese then used to compute
NDVI. The spatial resolution of MODIS red and NIRannels are 250m, while the pixel
size of MERIS NIR and Red-edge full resolution (FRdduct is about 260m x 290m.
Considering the size of the study site, approxilge@eMODIS and 6 MERIS pixels can
be located completely within the field. Since tiedd is planted to a homogenous mono-
crop in a given growing season, we assume thgbatential differences arising from the

differences in the spatial resolutions are neglegivhen comparing the correlations of
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MODIS and MERIS simulated VIs with measured soilishae. In an earlier work,
Gitelson et al. (2007) reported close relationshigisveen the 250 m MODIS- and close-

range reflectance-derived VI data (NDVI and WDR#tthe same study site.

3.2.5 Correlation Analyses

Relationships between root zone soil moisture at fifferent depths and corn
and soybean VIs were evaluated using the Pearsmu&rMoment Correlation (Korin
1975). VI observations were correlated with the atorent (same day) soil moisture
values. In order to evaluate the effect of anteckedmil moisture on the canopy
reflectance signals, soil moisture lags up to 6@sdat 5-day increments were also
correlated with VIs. Lagged soil moisture values ddferent time lags were computed
from the daily time series soil moisture data. Example, soil moisture of the 5-day lag
period was computed by averaging the concurrent samisture (day of spectral
measurement) and that of four previous days. Tlaisstal significance of the

relationships was tested using the probabifyvalues of 0.05 and 0.01.

3.3. Results and Discussion

3.3.1 Growing Season Time Series Soil Moisture and VIs Profiles

Daily time series soil moisture profiles at fourpties in the solil profile for the
year 2005 are presented in Figure 3.3a to illustitae¢ temporal trends of soil moisture at
the study site. Soil moisture at the shallower deptl0 and 25 cm) exhibited high
frequency variations compared to those at the adesgyuhs (50 and 100 cm). Prior to the
beginning of the growing season and early in thevgrg season (March-May), soil

moisture content in the 50- and 100-cm depths neadaconstant. During that period, the
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data for the shallower depths indicate variationg ¢lo snowmelt, precipitation, and
direct evaporation from the soil as well as traremn from the emerging plants
(especially in late spring). In early June, thd smisture content at the shallower depths
progressively declined as the roots of the platsdesd extracting water. A similar trend
was shown at the 50 cm depth beginning in early dsilthe roots penetrated deeper into
the soil profile for water extraction. The 7-ye&002-2008), average seasonal soil
moisture profile (Figure 3.3b) indicated a graddetline from early June at 10- and 25-

cm depths and from early and mid-July at 50- ar@tdri@ depths, respectively.

The growing season variations in the corn (2008) soybeans (2002) scaled Vls
are shown in Figure 3.4. The ranges of the fouvaues across a given growing season
were different. For example, corn NDVI values dgrihe 2003 growing season ranged
between 0.25 and 0.89, while corn CIRed-edge valuemg the same growing season
ranged between 0.11 and 3.63. Therefore, to visgalnpare the changes in VIs across
the growing season we scaled the index values eet@eand 1 (as shown in figure 3.4).
During the vegetative stage of corn, the scaleds¥itsved increasing trends and reached
maximal values on DOY 202 (Figure 3.4a). The rdténorease in scaled NDVI (0.57
units) was maximum compared to the rate of incre@asest of the Vls, between DOYs
160 and 174. In the reproductive and senescengesstaf corn, (Hed-edgeShOwed a
sharper decline than the rest of the VIs. SoybeEnsWiowed increasing trends (except
for DOY 196) and reached maximal values on DOY @@i@ure 3.4b). Soybean kei-edge
values decreased rapidly during the reproductiveé senescence stages compared to
NDVI and WDRVI values. Among the four soybean \VH3/12 showed largest variations

during the growing season, especially between DQ¥% and 239. Similar temporal
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patterns of corn and soybeans VIs were observedtfar four year growing season data

analysed in this study.

3.3.2 Correlation between Soil Moistureand VIs

Figure 3.5 illustrates the relationships betweem ddls and soil moisture at all
four depths. Results show that the relationshipd/isf with concurrent soil moisture
(shown as time lag = 0) at 10-, 25-, and 50-cm wege statistically significant. The
correlations of Gleg-edg(r = 0.57), NDVI (r = 0.52), WDRVI (r = 0.49), ariVI2 (r =
0.38) with concurrent soil moisture at 100 cm dep#re highly significantR < 0.01).
Correlations of soybean VIs and soil moisture react¢that WDRVI P < 0.01), NDVI
< 0.05), and Heg-edgdP < 0.05) exhibited significant relationships withilanoisture at
10 cm depth, while the relationships of the Vishagoncurrent soil moisture at deeper

depths were not statistically significant (Figurg)3

Previous studies have documented that, under chfafening systems in the U.S.
Corn Belt, the amount of soil water present atlibginning of the growing season and
during the early stages of crop cycles has a ceraide impact on the overall vigour and
productivity of crops during the later stages af tinop cycle (e.g. Grassini et al., 2010)
and hence higher VIs. During the months of July Andust, the amount of soil moisture
in the soil profiles reduces because of the higintptranspiration rates (Figure 3.3b).
Conversely, this period of the growing season s®aated with pronounced greenness of
the crops and hence maximal values of VIs. Basedth@mse conditions; it was
hypothesized that the relationship of VIs and sondisture would be stronger if any
inherent time delays (time lags) that plants rexjir respond to soil moisture changes

were considered. We tested the hypothesis by etimglthe VIs with the averaged soil
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moisture values using lag periods up to 60 day® rEsults show that correlations of
corn Vls at all four depths improved with increagtime lags (Figure 3.5). At 10- and
25-cm depths, corn EVI2 had a significant correlatP < 0.05) with 45- and 50-day
lagged soil moisture, respectively. At the intermgeldepth of 50 cm, corn geb-edgewas
significantly related to 10-day lagged soil moist? < 0.05) and the relationship was
highly significant for lag periods of 35 days onger ¢ < 0.01). The relationships of
corn NDVI and WDRVI with soil moisture at the 50 ahepth was significant from 30-
and 40-day lag periods, respectively. This suggésis NDVI and WDRVI require a
longer time lag to respond changes in soil moisairthe 50 cm depth compared to the
Clred-edge At 100 cm, peak correlations between corn VIs @otd moisture were
primarily observed over a 45-day lag period (ND\H 0.7; Cked-edgd = 0.66; WDRVI r
= 0.63; EVI r = 0.54) and then showed a decreasiegd. This finding agrees with
Adegoke and Carleton (2002), who reported maximametations between AVHRR-
derived crop NDVI and 100 cm depth soil moistureaon8-week lag period. Among the
four corn VIs, the (Hededgehad the strongest correlations with the 100 cm rdepil
moisture up to 20-day lag periods. Beyond 20 d&BVI exhibited the strongest
correlations with soil moisture. These findings gesf that Gleg-edgeCan provide the most
accurate estimates of soil moisture, among thec@sdiested, for concurrent, as well as
shorter lag periods (20 days) under corn cover.

In contrast to corn correlations, the correlatafrsoybean VIs including NDVI,
WDRVI, and Cked-edgepeaked at the 5-day lag peridéi< 0.01) for the 10 cm depth and
then followed a decreasing trend with increasimgetilags (Figure 3.6). At the 25 cm

depth, both NDVI and WDRVI had statistically sigo#dnt relationships with soll
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moisture at 5- and 10-day lags, and the correlatere strongest on the 5-day lag
period. Relationships of all VIs with deeper depthil moisture (50- and 100-cm) were
not statistically significant with the exception Gflred-edqgeversus 100 cm depth soil
moisture for 50-day or longer lag period® € 0.05). These results suggest that even
when grown in the same soil type and climate caoonbt Vis for soybeans can respond
to changes in soil moisture more rapidly and caimtae a fairly short soil moisture
memory (i.e., the time-lag up to which antecedes@raged soil moisture exhibited the
strongest correlation with the VIs) compared tanc@imilar to soybean VIs, the highest
correlation of VIs with soil moisture lagged to &ys at 10-cm depth was reported for

other plant species (e.g. Wang et al., 2007) &hrab site in semi-arid Arizona.

Results of this study show that the water extracpatterns of corn and soybean
plants within the root zones are clearly distinéts derived from the corn canopies
exhibited strong relationships with soil moisture deeper depths (50 and 100 cm).
Conversely, soybeans VIs were highly sensitive hanges in soil moisture at much
shallower depths of 10- and 25-cm. This discrepdmetyveen the crops reflects their
different rooting depths and structure. Corn isaaly deep rooted plant with roots
extending to a depth of 100 cm and beyond, whiéertioting depths of soybean plants
are comparatively shallower (Dwyer et al., 1988)tHe U.S. Corn Belt, corn roots can
extend downward to a depth of 120 cm or more (Adlegand Carleton, 2002; Kranz et
al.,, 2008). However, variations in the depth anstritiution of roots are caused by
differences in climate, soil properties, and managet practices such as irrigation and
tillage treatments. Dwyer et al. (1988) monitoriee tooting depths of corn and soybeans

plants grown on four different soil types for dateer 3-year growing seasons and
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reported that on each soil type, the rooting depthsorn were deeper than those of
soybeans. In clayey-textured soil with a no-tills®m, Venzke Filho et al. (2004)

reported that the mean root length density of sagly@ants was significantly higher in

the top 50 cm of the soil profile, and in the 0-d@ depth the root length density of
soybean plants was twice higher than that of cBre 0.05). Tufekcioglu et al. (1999)

showed that the density of soybean roots was hi@yeesus corn) in the top 50 cm depth,
and the density of corn root was higher (versudeay) in 50-100 cm depth in the soil
profile at a riparian buffer site in central low@uch evidence is consistent with the
findings of our study, where soybean canopy Vigpoes to the soil moisture in the 10-
and 25-cm depths while corn canopy Vls respondaiionsoisture in deeper depths (100-

and 50-cm).

We suggest that both geh.cage@and NDVI perform better than the other two
indices in relating to corn root zone soil moistuked-edgemay provide a better estimate
of corn root zone soil moisture both concurrenthd dor shorter time lags (20-days)
when compared to NDVI. However, the relation okdgbdgeto soybean (Gkg-edgdoeak r
=0.39 at 10 cm depth) root zone soil moisture vasd to be lower than that of corn
(Clred-edgdr€ak r =0.66 at 100 cm depth). This differentiadssivity of Clred-edget0 COIn
and soybean root zone soil moisture could be atiib to the distinct leaf angle
distribution (heliotropic in soybean versus hemestal in corn), leaf structure, and total
canopy Chl content between corn and soybean pl@itelson et al., 2005, 2006).
Gitelson et al. (2005), using the data from the2@wing season for irrigated corn and
soybean plots located close to our study site, sdaWat the canopy Chl content of corn

plants was consistently higher than that of soylibamughout the growing season. The
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higher Chl content of the corn canopies could hzaugsed the corn &dg-edgetd be more

sensitive to root zone soil moisture than thatoyb&an canopies.

3.4. Conclusions

In this study, we explored the potential of threeudated MODIS VIs (NDVI,
WDRVI, and EVI2) and a simulated MERIS VI (l-cdgp in characterizing root zone
soil moisture under corn and soybean canopies wspegtral data collected at a close-
range (6 meters above the top of the canopy) irUtlse Corn Belt. Time-series VI data
for six growing seasons were correlated with coremir as well as antecedent soll
moisture (up to 60 days) at four different depth8, (25, 50, and 100 cm) in the soil

profile.

The corn Vis were found to be significantly relatedhe concurrent soil moisture
at the 100-cm depth. Among the Vs analyzed in $igly, Cked.cdgeShowed strongest
correlation with the soil moisture at this depthel&ionships of corn VIs with soil
moisture improved when the time lag that the plaetgire to respond to changes in soil
moisture were taken into consideration. At 50-crpthleCked-edqgeshowed a statistically
significant correlation with 10-day lagged soil toire, and the r values increased with
increasing time lags. Maximum correlations of cdfis, including Ckegd-edge@nNd NDVI
with the 45-day lagged soil moisture at 100-cm deptdicated that corn Vls integrated

the antecedent soil moisture conditions up to 45 datheir spectral signals.

Correlations of soybean VIs with soil moisture skdwhat WDRVI and NDVI
were significantly related to concurrent soil morstat 10- and 25-cm depths and may

serve as better proxies for characterizing soilstooe at these depths thank&ledgeand
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EVI2. Correlations of soybean WDRVI and NDVI wergtrest with 5-day lagged soill
moisture at 10- and 25-cm depths. These findinggest that unlike corn, soybean Vis
are highly sensitive to soil moisture at shallowtths in the soil profile and responsive to

antecedent soil moisture conditions during the patdy period.

The results presented in this study should leaartwre accurate characterization
of root zone soil moisture, which influences crapnditions and may contribute to
vegetation stress assessment efforts in supportdrought investigations. The
relationships between soil moisture and VIs shomrthis study can form the basis to
build models for estimating root zone soil moisturecorn and soybean croplands in the
U.S. Corn Belt where in situ soil moisture obseoratsites are sparse. Although
MODIS-based 8-day and 16-day composited producte baen used for estimating root
zone soil moisture under crop, grass and shrubrdgpes (Wang et al., 2007; Gu et al.,
2008; Schnur et al., 2010), the potential relatigos of a daily surface reflectance
product (MODO09GQ) and MERIS-based Chl related iesliwith root zone soil moisture
has not been evaluated extensively. This studyfopeed using the close-range
reflectance data, provides the first phase of treuation of such products. However,
further research using the actual MODIS and MERi&pcts, with longer time-series
data is proposed for continued evaluation of saisture and VI relationships in the U.S.
Corn Belt. Future extension of this work by usirge tactual MODIS and MERIS
products should include a few considerations. lyirsthe soil moisture and VI
relationships established using the close-randeatehce data (as the case in this study)
are expected to be similar when the above mentisatallite sensor based data products

acquired under clear sky conditions are used. Stgodifferent spatial resolutions of
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MODIS and MERIS data products mean that carefidcdeln of pixel window centered
near the middle of the field is necessary to avany mixed pixel (a single pixel

containing more than one species) effects on themsasture and VI relationships.
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Figure 3.1. Location of study site at the Universif Nebraska-Lincoln Agricultural
Research and Development Center (a). The imageeg@ment of a natural color digital
ortho quarter quad (DOQQ) taken in 2009. Averagentiiy total precipitation and
maximum air temperature (between 1981 and 201Qkesrded at a nearby weather

station (Source: High Plains Regional Climate Certlniversity of Nebraska-Lincoln)
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Figure 3.2. All-terrain sensor platform equippedthwia dual-fiber Ocean Optics
USB2000, a true color digital camera, and a glgasitioning system (a) A true color
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CHAPTER 4

ASSESSMENT OF VEGETATION RESPONSE TO DROUGHT IN NEBRASKA
USING TERRA-MODISLAND SURFACE TEMPERATURE AND
NORMALIZED DIFFERENCE VEGETATION INDEX
Abstract

The objective of this chapter is to investigate tanges in the spectral and
thermal properties of cropland and grassland ctoyees to drought in Nebraska. Eight-
day composite time-series Land Surface Temperdii8&) and Normalized Difference
Vegetation Index (NDVI) time-series data derived Bgrra-Moderate Resolution
Imaging Spectroradiometer (MODIS) were analyzedidentify differences in the
spectral and thermal responses of irrigated andimigiated crops and various grassland
types during the growing season (mid-May througpt&aber) of a drought year (2002)
and a non-drought year (2007). NDVI is responsovehanges in the amount of green
biomass and chlorophyll in the vegetation canopyi)eM.ST is sensitive to variations in
available soil moisture and evapotranspiration sratentributing to overall vegetation
growth and vigor. A total of 490, 1-km MODIS pisethat included irrigated and non-
irrigated corn and soybeans and grassland covesstypandhills upland prairie, little
bluestem-grama mixedgrass prairie, and westernt shoass prairie) from three
ecoregions were selected across the state of Ne@br&tatistical analyses revealed that a
majority of the land cover pixels experienced digantly higher daytime and nighttime
LSTs and lower NDVI during the drought year grows®asonR® < 0.01). Among the

land cover types analyzed, grassland experienceditfhest increase in daytime LST
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and decrease in NDVI. The results indicate thal t8mbined with NDVI can assist in
identifying and monitoring drought stress on craoyw grassland cover types across the

Central Great Plains of the U.S.A.

4.1. Introduction

Droughts are complex natural hazards that primaiiyelop because of the
deficiency of precipitation over an extended periofl time. Less than normal
precipitation during the growing season can hawdopind impacts on the economy and
environment through losses of agricultural productand natural resources (Kogan,
1997; Gu et al.,, 2007). Timely information aboutsery magnitude, and duration of
drought during a crop cycle is critical for mitigeg economic and environmental
impacts. Researchers have developed numerous drowibes to quantify the extent
and intensity of drought. Most drought indices ilweoa single numerical value derived
from a number of climatological or hydrologic vdiri@s and are often used in drought
related decision-making processes (Wilhite et20Q0). Traditional drought monitoring
indices such as the Palmer Drought Severity In@RBS]) (Palmer, 1965), Standardized
Precipitation Index (SPI) (McKee et al., 1995), gruloisture Index (CMI) (Palmer,
1968), and Surface Water Supply Index (SWSI) (Shafel Dezman, 1982) use point-
based meteorological observations and regionaldhygiic records. The accuracy of such
approaches greatly depends on the data qualitgfibo; and density of weather stations
across the landscape (Kogan, 1997) and the usepaifak interpolation techniques
(Mendelsohn et al., 2007).

Satellite-based remote sensing systems provide aiallp contiguous and

temporally repetitive view of the earth surfacesesdial for monitoring short- and long-
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term vegetation dynamics over large spatial uritaring the past several decades,
remotely sensed data have been used in plant Bag@thyand climate change—related
studies, including drought monitoring (Ji and P&t€2003; Bayarjargal et al., 2006).
Numerous satellite-derived vegetation indices (Miglve been designed to monitor
vegetation conditions by quantifying foliage deynsiind canopy properties within the
field of view of the sensor. VIs are useful in #esessment of active photosynthesizing
and transpiring vegetation and thus are relatedotoposite canopy properties such as
leaf area, fraction of vegetation cover, and tobdbrophyll content (Glenn et al., 2007).
One of the most extensively used indices, the Nbzeth Difference Vegetation Index
(NDVI), is based on the normalized difference betwéhe absorption of radiation in red
wavelengths by the chlorophyll pigments and thieotdéince in the near infrared (NIR) in
the spongy mesophyll layer within the leaf (Rousale 1974; Tucker, 1979). NDVI
values range from -1 to +1, with high values (dlogeone) being associated with a
greater level of photosynthetic activities. Sinc@79, NDVI data derived from the
Advanced Very High Resolution Radiometer (AVHRRY@ anore recently the Moderate
Resolution Imaging Spectroradiometer (MODIS) hawerb widely used to monitor
terrestrial vegetation health (Goward et al., 19Rfstice et al., 1985; Tucker et al., 1985;
Kogan, 1997; Wang et al., 2001a; Ji and Peters3;200an et al.,, 2004); crop type
mapping (Wardlow et al.,, 2007; Wardlow and Egb&®08), and crop phenology
monitoring (Masialeti et al., 2010). The role of ARR- and MODIS-based NDVI in
drought monitoring has been investigated extengifel a diversity of ecological
settings. Ji and Peters (2003) found that the NBad significant relationships with the

SPI, a precipitation-based drought index, for theplands and grassland cover types in
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the northern and central U.S. Great Plains. Wara). €2001a) found that spatial patterns
of the NDVI exhibited significant relationships wiain east-west gradient in precipitation
for the grassland, cropland, and forest cover tyipethe central U.S. Great Plains.
Several studies have been based on the normaifizatibme-series NDVI to emphasize
the per-pixel relative changes in the NDVI overoad period of time. For example,
Kogan (1995) computed the Vegetation Condition in@éCl) on a pixel-by-pixel basis
using average, minimum, and maximum NDVI of eactepover a temporal composite
period of interest. Relative Greenness (RG) wasodliced by Burgan and Hartford
(1993), which assigns a percentage value to theemuNDVI observation in relation to
the historical average NDVI for that pixel. Petegs al. (2002) developed the
Standardized Vegetation Index (SVI) by quantifythg per-pixel deviation of the current
NDVI from the “normal,” computed from the historlcdNDVI data record. A
normalization approach allows for a relative congmar for each given pixel over a
temporal period, reducing the impact of spatiaiatality in NDVI phenology between
different land cover types and climatic conditigkarnieli et al., 2010).

Land Surface Temperature (LST) retrieved from retyotensed thermal data (8
to 14um) represents surface skin temperature. LST isglyanfluenced by evaporation
and thus provides valuable information about se@rfemil moisture conditions (Anderson
et al., 2007). Because of direct linkage with meliation flux, LST is a good indicator of
the energy balance at the earth’s surface (Paak,e2004; Wan et al., 2004). Remotely
sensed LST has been used in estimating surfacemsndture (Feldhake et al., 1996;
McVicar and Jupp, 1998), evapotranspiration (Grangé00; Anderson et al., 2007),

surface vapor pressure deficit (VPD) (Hashimotalgt2008), and leaf water potential of
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cotton plants (Cohen et al., 2005). Several indi@ese been developed by using satellite-
derived LST observations. For example, Kogan (200posed an AVHRR-based
temperature condition index (TCIl) by normalizinge tipixel specific brightness
temperature data over a long historical period. ékadn et al. (2007) developed an
evaporative stress index (ESI) by using a modelvedrfrom potential and actual
evapotranspiration from remotely sensed LST data.

ViIs have often been integrated with LSTs to imprdkeir effectiveness in
detecting, quantifying, and monitoring drought s$reon vegetation. While NDVI
provides an assessment of the amount of vegetatiesent in a pixel, LST provides
information about the surface moisture status. iBtuduggest that NDVI has a delayed
response to precipitation or soil moisture defiaibhich means that initial deficiency in
soil moisture is not apparent in the NDVI signaBi gt al., 1994; Rundquist and
Harrington, 2000; Wang et al., 2001a). Converdhlg,vegetated surface temperature has
greater sensitivity to initial water stress (Goet@97). However, amount of vegetation
present in a pixel is critical for accurate estioatof surface temperature (Sandholt et
al., 2002). The complementary information providsdthese visible, near infrared, and
thermal wave bands has been the focus of many atemetwater stress studies. Kogan
(2002) developed the AVHRR-based Vegetation Heltlex (VHI) by combining the
Vegetation Condition Index (VCI) and Temperaturen@ton Index (TCIl). The VHI
was successfully applied globally for drought assemnt in parts of Asia, Africa, Europe,
and the Americas. McVicar and Bierwirth (2001) udeé ratio of AVHRR-derived
NDVI and brightness temperature to assess drouggiditions in the cloudy environment

of Papua New Guinea and reported that the raticaireed higher during the drought
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period compared to the non-drought period. Tramkgbloran et al., 1994) or triangle
(Price, 1990; Carlson et al., 1994; Sandholt et28l02) methods were developed from
the scatter plots of LST and NDVI on a pixel-by-glibasis to quantitatively extract
information related to surface moisture conditiotang et al. (2001b) developed the
Vegetation Temperature Condition Index (VTCI) ushkigHRR-derived LST and NDVI
scatter plots to identify spatial distribution abdght in Northwest China. Subsequently,
Wan et al. (2004) applied VTCI derived from Terr®MIS LST and NDVI for
monitoring drought stress across the Great PlditiseoUnited States.

Previous studies that investigated vegetation msgpao drought or climatic
variables such as precipitation and temperaturthenGreat Plains of the United States
and other parts of the world focused on broad abatales (e.g., the climate division
level; Ji and Peters, 2003) or general land coyped (e.g., cropland, grassland, and
forest cover types; Wang et al., 2001a; croplamdsgrasslands, Wan et al., 2004). Most
of these studies used AVHRR-derived long-term hnghs temperature or NDVI
observations with an assumption that no changksthcover/crop types or management
practices (irrigated/non-irrigated) occurred durthgt temporal period (Kogan, 2001; Ji
and Peters, 2003, Wang et al., 2001a).

In this study, we conducted an in-depth analysithefresponses of irrigated and
non-irrigated corn and soybeans and three grasslavel types (sandhills upland prairie,
little bluestem-grama mixed grass prairie, and emestshortgrass prairie) to drought
stress in Nebraska. The eight-day composite NDdItaermal signals were extracted for
the pixels representing the aforementioned lancictypes during the growing seasons

(mid-May through September) of a drought (2002) andhon-drought (2007) year.



83

Cumulative LST and NDVI values were computed andngared for both years.

Specifically, this research addressed the followting research questions pertaining to
drought stress on vegetation. Are there any diffege in the daytime and nighttime LST
and NDVI of irrigated and non-irrigated croplandsdegrasslands between the drought
and non-drought years? Are croplands and grasstéistisct in their response to drought

stress?

4.2. Study Area

The state of Nebraska in the United States covermr@a of about 200 thousand
km?. It is situated approximately between 95°25' W a0d° W Longitudes and between
40° N and 43° N Latitudes and constitutes a parthefCentral Great Plains region of
North America. The physiography is characterizedryor topographic variations, with
gentle, undulating landscapes. Being landlockee, state experiences a temperate
continental climate with sharp seasonal variationeemperature and precipitation. The
average annual precipitation shows a strong east-gradient with an increasing trend
from northwest (330 mm) to southeast (889 mm) (HEBRQ010). Average annual
maximum air temperatures range between 29° C ahdC34aximum air temperatures
above 32° C are primarily experienced in the sauthparts of the state and in some
isolated pockets in the Panhandle region (GDG, pOM6braska is divided into eight
climate divisions (CDs) defined by National ClintatData Center (NCDC), which
represent relatively homogenous climatic regiorsedaon uniformity in temperature and
precipitation regime (Figure 4.1) (Guttman and Qea¥996).

Nebraska has an agriculture- and rangeland-basedoryy, with a landscape

dominated by a mosaic of grassland and croplanassknds constitute about 54% (10.9



84

million ha) of the state’s land cover and rangenfrtall grass in the east to mixed and
short grass toward the west (Henebry et al., 20B&)cipitation is the primary driving
factor for the east-west distribution of these gi@sd cover types. Mean annual
precipitation ranges from 762 to 1016 mm from thstern side of the tallgrass prairie to
305 to 508 mm in the shortgrass prairie, with aanpyoportion of precipitation falling
in the growing season between April and Octoben(El, 2004). Tall grasses in eastern
Nebraska include big bluesterAndropogon gerardii), little bluestem $chizachyrium
scoparium), Indiangrass Sorghastrum nutans), and switchgrassPénicum virgatum),
whereas the shortgrass prairie in the western Nkblras composed of blue grama
(Bouteloua gracilis) and buffalograssBputel oua dactyloides).

Croplands constitute approximately 39% (7.9 milllway of the state’s total area
and are primarily located in the southern, southevas and eastern one-half of the state
(Henebry et al., 2008). CorZda mays) and soybeang3ycine max) are the major crops
grown in the state, and the other minor crops mhelwinter wheatT(riticum aestivum),
sorghum $orghum bicolor), and alfalfa fedicago sativa). Over the past decade,
Nebraska has consistently remained among the t@psfiates in corn production and
among the top ten states in soybean production AJ2ID02). Specific cropping pattern
and management practices are strongly influencedthiey amount of precipitation
received during the major crop growing season argl widely across the state. Because
of a favorable precipitation regime, non-irrigatamn and soybeans thrive in the eastern
part of the state. In contrast, the majority ofpsran the much drier western and central
Nebraska are irrigated from both surface and growatér sources. In this part of the

state, center pivot irrigation is the primary dehy system being used, accounting for
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approximately two-thirds of the state’s total iaigd land base (Johnson, 2001).
Irrigation water is primarily pumped from the Ogddél Formation of the High Plains
Aquifer. Extensive use of irrigated water for crppduction led to the declining water
table of the aquifer over the years, making lestewavailable for farmers, especially

during drought periods.

4.3. Materialsand Methods

4.3.1 Selection of Temporal Study Periods

In this study, the 2002 and 2007 growing seasong-fhay through September)
were selected to represent the drought year andndimedrought year, respectively.
Selection of drought and non-drought years was gmilyn based on the weekly U.S.
Drought Monitor (USDM) maps [http://drought.unl.éBi/MONITOR.html], which
display the magnitude and spatial extent of drougith associated impacts on
agriculture and hydrology across the United StéBsboda et al., 2002) and weekly
CMI maps (USDA, 2007b). In 2002, the USDM maps @atked that in the early phase of
the growing season (June 11, 2002), extreme draggiditions were experienced in the
Panhandle region of Nebraska. Moderate to sevewsagtt conditions were shown
toward the east, with about one-half the total afee state under moderate to extreme
drought categories. The subsequent series of wdgBpM maps indicated that the
drought conditions continued to geographically expand intensify as the growing
season progressed. By July 30, 2002, the USDM raped that the entire state was
under moderate to exceptional drought, with appnaxely 98% of Nebraska’s total area
under extreme, exceptional, and severe categofidsoaght (Figure 4.2a). In contrast,

on June 12, 2007, about 14% of the state (in tmh&alle CD) was under moderate to



86

severe drought conditions. By July 31, 2007, th®MSnap showed approximately 9%
of the total area of the state, which was confiteedhe northern Panhandle CD, to be
under severe drought (Figure 4.2Db).

The CMI maps were computed based on the mean teatoperand total
precipitation for each week within a CD togethethathe CMI value from the previous
week. The CMI is an indicator of short-term moistwonditions in the plant root zone
necessary for crop growth (Hayes, 2003). In 2002, weekly CMI values indicated
moisture deficiency in the topsoil to extreme donditions throughout the growing
season for all CDs across Nebraska. Converselyngll#007 all the CDs with the
exception of the Panhandle experienced CMI valnelscative of adequate to above

normal moisture conditions throughout the growiagson (Figure 4.3) (USDA, 2007hb).

4.3.2 Remote Sensing Data

Terra-MODIS eight-day composite LST (MOD11A2, cotien 5) and surface
reflectance (MOD09Q1, collection 5) products spagnihe 2002 and 2007 growing
season periods (May 15 through September 28) cayédiebraska (tile h10v04) were
used in this study. These data sets were acquited the United States Geological
Survey (USGS) Center for Earth Resources Observatial Science (EROS), Sioux
Falls, South Dakota. The calibration, atmosphedrection for the effect of gaseous
absorption, molecules, and aerosol scattering, lswupetween atmospheric and surface
bi-directional reflectance function (BRDF) and adjacy effect (Vermote et al., 2002)
and comparatively high sub-pixel geolocational aacy (~50 m () at nadir) (Wolfe et
al., 2002) of MODIS data allow regular monitoring \@getation dynamics over large

areas. The eight-day time period provides densepdesh coverage to monitor
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phenological changes in sufficient detail, elimingtshort-term (daily) fluctuations and
representing a period that allows plants to acdleeato the surrounding surface air
temperature and root-zone soil moisture conditiofiBe other advantages include
relatively low data volume compared to the dailyseivations and reduced cloud
contamination due to the temporal compositing tegmthat was used.

MOD11A2 is an eight-day composite, 1-km spatialohetson LST product
comprising two bands representing day and night b83ervations. The Terra-MODIS
day local overpass time is between 1000 and 110@file the night overpass time is
between 2200 and 2300 h. The eight-day composife W8s produced by using the
average values of clear-sky LSTs during the comedmg eight-day period (Wan et al.,
2002). A total of 72 images (36 daytime and 36 tiigle LST images) covering the
growing seasons of 2002 and 2007 were re-projeftted the Sinusoidal to Lambert
Azimuthal Equal-Area (LAEA) and sequentially stagdk® generate time-series 18-date
time-series LST data for each year.

The surface reflectance product (MOD09Q1) contaed and near infrared
reflectance data with a spatial resolution of 250E@ach pixel contains the best possible
reflectance value during an eight-day period basedigh observation coverage, low
view angle, the absence of clouds or cloud sha@dmd, aerosol loading (Vermote and
Kotchenova, 2008). The data sets were re-projeitted the Sinusoidal to LAEA and
resampled to 1 km to match the spatial resolutiothe MODIS LST images. For each
eight-day time period, NDVI images were createchgshe following equation:

NDVI = (pNIR —pRed) / pNIR + pRed) (4.1)



88

wherepNIR (841-876 nm) an@gRed (620-670 nm) are the surface reflectance
values received by the Terra-MODIS sensor.
A total of 36 NDVI images over the 2002 and 200@vgng seasons were sequentially

stacked to produce an 18-date time-series datarseach growing season.

4.3.3 Selection of Land Cover Pixels

Cropland Data Layer (CDL) maps for Nebraska prapdmethe USDA National
Agricultural Statistics Service (NASS) for the 208ad 2007 study years were used to
locate land cover pixels representing cropland grassland. The 2002 CDL was
produced by using multi-date, multi-spectral Thema#lapper (TM) and Enhanced
Thematic Mapper (ETM+) instruments on Landsat 5 @ndespectively, that have a
ground resolution of 30 m. The 2007 CDL map wagared by using multi-date, multi-
spectral Advanced Wide Field Sensor (AWIFS) imageitih a ground resolution of 56 m
(USDA, 2007a). In order to relate these data set$-km MODIS data, a shape file
comprising 1 km2 polygons was created in GIS, wieaeh 1-km polygon corresponded
to one pixel in LST and NDVI (resampled to 1 km)ages. The polygon layer was then
superimposed on the CDL layers and the area of esmbicover type for both study
years within every 1-km cell was tabulated andpbecentage of each crop/cover type
within each polygon was calculated.
4.3.3.1 Cropland Pixels

In all, 335 cropland pixels (303 corn and 32 soyis¢avith more than 85% of the
pixel area devoted to the same crop type during pears were selected. The threshold
of 85% was chosen for identification of relativehypmogenous pixels that would

minimize the effect of other targets present in pineel from the crop reflectance and
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thermal signals. Selection of pixels that had thAmes crop type during both years was
based on the rationale that the multi-temporal spkand thermal signatures of the same
crop would follow a similar seasonal pattern beeaao$ their similar planting dates,
canopy structure and architecture, and other bisiphlyproperties such as leaf area index
(LAI. Any divergence between the two growing seasmight be attributed to drought-
related stress. A 30-m spatial resolution land osg of Nebraska, prepared by the
Center for Advanced Land Management Informationhfietogies (CALMIT), was used
for further classifying the selected cropland pexito irrigated and non-irrigated classes
(Dappen et al., 2007). The fraction of irrigatedl aron-irrigated land within each of the
selected cropland pixels was calculated. An indigldpixel was designated as irrigated
(or non-irrigated) if more than 85% of the 1-kmaxeas classified as irrigated (or non-
irrigated). Among the total cropland pixels, 18 @&#n and 6 soybeans) were classified
as non-irrigated and 144 pixels (138 corn and @Geags) were classified as irrigated.
The cropland pixels that were below the thresh@8% irrigated/non-irrigated) were
discarded. Figure 4.4 presents the location ofethmsels in various CDs of Nebraska.
Spatial distribution of irrigated cropland pixeladicates that irrigated cropland is
primarily located in the East-Central, Central, addrtheast CDs, and non-irrigated
cropland pixels were mostly confined to the Nortteand East-Central CDs. From the
CDL image maps of Nebraska for both years it caolimerved that the individual field
sizes of non-irrigated croplands located in centnadl western parts of the state are
generally smaller than those of 1 km pixel sizeasré\ single 1-km MODIS pixel can

encompass six or more individual farms, and theipdgy of the same crop being grown
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in all these fields in both the studied years isate. Smaller sample sizes for non-

irrigated corn and soybeans were chosen for thisore

4.3.3.2 Grassand Pixels

In comparison to cropland, anthropogenic influeanegrassland is minimal and
the grassland species are less susceptible to eerrg year to year in a given region.
Tabulation of the grassland area within each 1 kid gnethod described in the first
paragraph of this section) indicates that approtetgad,679 pixels contained more than
95% grassland cover type during both study yearbigher threshold was adopted for
grassland pixels compared to corn, as relativelytioaous expanses of grassland in
Nebraska provided the possibility of finding mo@rogenous pixels. In the NASS CDL
data layer, all the grassland cover types are iftksht as one thematic class:
“Pasture/Range/CRP/Non Ag.” In order to identife tthominant grassland cover type, a
Gap Analysis Program (GAP) land cover image maplabraska was used (Henebry et
al., 2008). Area and fraction of each grasslandecdype within the selected 4,679
grassland pixels were calculated using the sambadeatescribed earlier in this section.
A threshold of 95% was again used to classify thgsessland pixels (n = 4,679) into
various grassland cover types as depicted in th® &Ad cover image map, and the
pixels that did not meet the threshold were disedrdAmong those qualified pixels, 328
were randomly selected to represent sandhills dppagirie (hereafter sandhills upland,;
160 pixels), little bluestem grama mixed-grass r@a(hereafter little bluestem; 71
pixels), and western shortgrass prairie (hereafestern shortgrass; 97 pixels) land cover

categories. The dominant grassland species inahehdls upland cover type are sand
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bluestem and prairie sandreed. The little bluestemer type is primarily composed of

grass species such as little bluestem and sidgoatsa. The prominent grass species in
the western short grass cover type is blue graiadhése species are native perennial
warm-season grasses that grow rapidly in late gpaimd remain green through the hot
summer until the first killing frost, and the flovieg seasons extend from July through

September (Stubbendieck and Kottas, 2005).

4.3.4 Extraction of Time-Series Data

The selected crop and grassland pixels were geelban the MODIS imagery
and the time-series daytime LST, nighttime LST, &lVI data for the 2002 and 2007
growing seasons were extracted. The LST and NDWegwere sequentially integrated
from the beginning of the growing season (day @ry®0OY] 137) to the end (DOY 273)

to obtain the cumulative LST and NDVI values focke&ight-day composite period.

4.3.5 Data Analysis
4.3.5.1 Matched-Pair t-tests

Matched-pair t-tests (Dowdy et al., 2004) were @aried to quantitatively
compare the drought and non-drought cumulative -8erees LST and NDVI
observations for each land cover pixel. During audht year, less than normal
precipitation over the growing season leads to Veser being available for the plants to
use. In order to reduce the loss of water througdpetranspiration, stomatal pores in
most plants close down partially or fully. This giglogical change in the plants reduces
the partitioning of the incident net radiation inkatent heat flux and increases the
sensible heat flux, which elevates the surface &atpre of the vegetation. Based on this

principle, we hypothesize that during the drougleary the Terra-MODIS—derived
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cumulative daytime and nighttime LST for the seddctand cover types will be
significantly higher than their corresponding noretgjht year observations. Because the
drought period is associated with less vegetatioowth, we hypothesize that the
cumulative NDVI observations of these cover typesirdy the drought year will be
significantly lower than the corresponding non-djiouobservations. Specifically, the
following three alternative hypotheses were te$tedeach of the 490 land cover pixels
and the p-values of 0.05 and 0.01 were used totréje null hypotheses.

Hi: Terra-MODIS—derived cumulative daytime LST obsgions during the

drought year (2002) were higher than those of thredrought year (2007).

H,: Terra-MODIS—derived cumulative nighttime LST oh&gions during the

drought year (2002) were higher than those of thredrought year (2007).

Hs: Terra-MODIS—derived cumulative NDVI observatiodsring the drought

year (2002) were lower than those of the non-droyghr (2007).

The test statistic was computed as:

_ Yd~ldg
- Sd/\/ﬁ (4.2)

where d is the difference between the pairg,isythe mean of the paired

t

differences,uqo is the hypothesized difference between means wisictero, n is the
number of pairs of data, and, & the standard deviation of the difference foirgzh
sample data.
4.3.5.2 Correlation and Bivariate Linear Regression Analysis

To analyze the magnitude of drought-induced chamgesumulative LST and

NDVI for the selected land cover types, four clustef land cover pixels located in
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different parts of Nebraska were selected (Figu).4These clusters represented
sandhills upland (number of pixels n = 55), littleiestem (n = 29), irrigated corn (n =
61), and non-irrigated corn (n = 6). Western shadg cover types located in
northwestern Nebraska were excluded from this amalyecause USDM maps (Figure
4.2) and CD-based CMI data (Figure 4.3) indicatgdodnditions in this part of the state
during the growing season of 2007. Our pixel bases$t analyses of LST and NDVI
also indicated similar spatial patterns (see tlelte and discussion section). Because of
smaller sample sizes and wide-area distributiomgated and non-irrigated soybeans
cover types were not included in this analysis. TEmel cover—specific mean cumulative
LST (MCL) and NDVI (MCN) for each eight-day comptesperiod during the 2002 and
2007 growing seasons were computed by averagingepective cumulative LST and
NDVI values obtained for all the pixels within thend cover cluster. MCLs and MCNs
obtained during 2007 were subtracted from thos200R to derive the MCL and MCN
differences. The Pearson Product Moment Correlgti@rin, 1975) and bivariate least
square regression model (Dowdy et al., 2004) wesed uo analyze the relationship

between the MCL and MCN for the four land coveretyp

4.4. Results and Discussion

4.4.1 Time-series LST and NDVI Profiles

Time-series LST and NDVI observations of irrigatesbplands, non-irrigated
croplands, and grassland pixels were plotted tdyaeaheir temporal dynamics across
the growing seasons of the drought and non-droyghts. Figure 4.5 presents the
temporal profiles of three pixels, representinggated corn (Central CD), non-irrigated

corn (Northeast CD), and little bluestem (Southw€gl) cover types. Although the
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example is limited to one pixel (for each covereyphe temporal behavior of LST and
NDVI exhibited by these pixels across both growsegsons was fairly representative for
other pixels of the same cover type.

LST and NDVI profiles of irrigated corn (Figure 4)sindicated that during the
early growing season between DOYs 136 and 16&jdeme LSTs for the drought year
were higher than those of non-drought year (ext@pbOY 136). The nearest weather
station located within 8 km indicated that a taf¥9 mm of precipitation was received
during the preceding 15-day period of DOY 136 ie tliought year compared to 57 mm
received during the same period in the non-droyglar. The observed higher LST on
DOY 136 for the non-drought year could be attrilut the differences in the timing and
amount of irrigation water applied during both yeadDVI during this period showed an
increasing trend from 0.24 to 0.84 during the nomight year and from 0.24 to 0.6
during the drought year, indicating the green-ug eanopy development phase of crop
cycle. Except for DOY 152, NDVI observations duriihg non-drought year were higher
than those of drought year. DOY 176 through 224resgnt the vegetative and
reproductive stages of the corn plant growth cyblering this period the daytime LST
observations in the drought year were primarilyhkigthan those of non-drought year.
The observed higher LSTs could be the result ofitdéidh water availability and
consequent reduced transpiration rates (Nemanl,et393; McVicar and Jupp, 1998).
During this period the nighttime LST values did mthibit any trend. NDVI values
during this period ranged between 0.66 and 0.8theéndrought year and between 0.87
and 0.91 in the non-drought year. From DOY 232 # Zi.e., the maturation and

subsequent senescence stage of corn) both dayticheighttime LST values during the
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non-drought year were primarily higher than thosthe drought year. The NDVI values
during this period showed decreasing trends, ane@ldNDVI values were experienced
during the drought year compared to the non-droygét.

LST and NDVI profile of non-irrigated corn (Figuse5b) indicated that during
the green-up stage between DOY 136 and 168, themaySTs during the drought year
were primarily higher than those of the non-drougktr. NDVI values increased
consistently from 0.23 to 0.59 during the non-didugear and from 0.23 to 0.57 during
the drought year. Between DOYs 176 and 224, botytida and nighttime LST
observations were primarily higher and the NDVIued lower during the drought year
than their corresponding non-drought observationging this period, the daytime LST
observations in the drought year were up to 7.Av@mer (DOY 176) and nighttime
LST values were up to 5.2° C (DOY 208) warmer tlta® corresponding non-drought
observations.

Time-series daytime LST of little bluestem grasdlacover type during the
drought year shows a gradual increasing trend 286mC (DOY 136) to 49° C (DOY
208) and then a decreasing trend up to 28° C (D64) ZFigure 4.5c). During June and
July (DOY 152 through 208), which denotes the p&apkenness” period, daytime LST
observations during the drought year were conduderaigher than their corresponding
non-drought observations. On DOY 176 and 208, tbheght year LST was 6° C and 20°
C higher, respectively. This suggests that amorg ttiree cover types, grassland
experienced the highest daytime temperature inerehging the drought year as
compared to the non-drought year. The NDVI valuesng the drought-year growing

season were consistently lower than those of the-dnought year, with a mean
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difference of about 0.3 units for the entire grogvseason and 0.4 units during the peak

“greenness” period.

4.4.2 Matched-pair t-tests

Matched-pair t-test results of,Himentioned in the data analysis section) indicate
that 412 (84%) of the land cover pixels experiensahificantly higher cumulative
daytime LST P < 0.01) during the drought-year growing season (Kigu6a). Among
the cropland cover types, about 96% of the irrigatern, 83% of the irrigated soybeans,
and all the non-irrigated corn and soybeans piedperienced significantly higher
cumulative daytime LST during the drought-year grayseasonRK < 0.01). Among the
three grassland cover types, the cumulative LSEmiasions of all little bluestem pixels,
97% of sandhills upland pixels, and 31% of west#ortgrass pixels during the drought
year were significantly higher than those of the-doought year aP < 0.01. Spatial
distribution of pixels indicated that land covexgls that experienced significantly higher
daytime LST during the drought year were distributeall the CDs of Nebraska, and the
non-significant pixels were primarily confined tbet western shortgrass prairie cover
type in the extreme northwestern part of the Padlea@D.

The results of kW show that about 61% of the total land cover pixeiperienced
significantly higher nighttime LST during the grawji season of the drought yeaPat
0.01. About 4% of the total land cover pixels exgreed significantly higher nighttime
LST, with P values ranging between 0.05 and 0.01 (Figure 418b3% result suggests that
during drought a greater number of pixels exhibisgghificantly higher daytime LST
compared to those with significantly higher nigimi LST. The spatial pattern showed

that 85% of the western shortgrass pixels primédoitated in the northern Panhandle and
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northwestern corner of the North Central CD did e&perience significantly higher
nighttime LST. Among the cropland pixels, the nagngicant pixels are scattered in the
eastern half of the state.

The results of klshow that about 85% of the total land cover pixedperienced
significantly lower NDVI during the drought yearropared to the non-drought yearRat
< 0.01 (Figure 4.6¢). Among the cropland cover tyid86 of the irrigated corn, 92% of
the non-irrigated corn, and the majority of the #moigated soybeans pixels recorded
significant decreases in NDVI during the droughdryatP < 0.01. This indicates that the
rate of decrease in NDVI of irrigated corn durimgubht is less pronounced than the rate
of increase in LST during the drought year growsegson. Among the grassland pixels,
all little bluestem pixels, 99% of sandhills uplarehd 80% of western shortgrass pixels
showed significantly lower NDVI during the growisgason of the drought year.

Overall, the results of t-tests indicated that miagority of the land cover pixels,
with the exception of western shortgrass pixelshis northern Panhandle, experienced
significantly higher daytime LST during the drougletar. Compared to the daytime LST,
fewer pixels experienced significantly higher nighte LST in the drought year. These
non-significant pixels belonged to western shoggraixels located primarily in northern
Panhandle, sandhill upland pixels in the northwest®rner of the North Central CD,
and irrigated and non-irrigated corn and soybeaxeiplocated primarily in the Central
and South Central CDs. The location of non-sigaificpixels (daytime and nighttime
LST) in the northern Panhandle matched well with @élnea of persistent severe drought
depicted on the series of USDM maps throughout gtmving season of 2007 (for

example, see Figure 4.2b). A large proportion ef ithigated corn pixels selected from
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two counties (Hall and Buffalo) located in the dwrh part of the Central CD showed
significantly higher day and nighttime LST and loweDVI during drought. This is

reflected in significant losses in irrigated comogiuction in this region. For example, the
yields of irrigated corn in Buffalo County (165 Ihets in 2002 compared to 191 bushels
in 2007) and Hall County (172 bushels in 2002 comgdo 190 bushels in 2007) were
the lowest and second-lowest, respectively, in 20B& the past decade (2000 to 2009)

(USDA, 2002).

4.4.3 Response of Land Coversto Drought

Figure 4.7 shows the time-series MCL and MCN déferes across the growing
season for four land cover clusters. Based on tbekly USDM maps, the three land
cover clusters representing little bluestem, sdhdipland, and irrigated corn (which
primarily experienced similar drought stress thioug the growing season of the
drought year) were chosen. These pixels experienuaderate to severe drought until
mid-June, severe to extreme drought from mid-Jansugh Mid-July, and then extreme
to exceptional drought through the end of the gngnseason during the drought year. In
contrast, those clusters were under near-normal-@nought) conditions throughout the
2007 growing season. Compared to the three cowveestyin central and western
Nebraska, drought stress on non-irrigated cornipseected from the Northeast CD was
less severe throughout the 2002 growing seasorthbulrought severity experienced in
this CD during this year was still maximum compatedhose in the past decade (based
on the weekly USDM maps from 2000 to 2009). In 20p2rts of the Northeast CD
experienced abnormally dry conditions in May andelurhe drought conditions further

intensified and by the end of July the CD was prilpaunder the severe to extreme
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drought categories. In 2007, the CD was primariiger near-normal conditions except
for some temporary abnormally dry and moderate gitbaonditions experienced in the
eastern part of the CD. Overall, the drought coowl# for all land cover clusters were
milder at the beginning of the growing season aratigglly intensified as the growing
season progressed. This is evident from our resuhgh indicate increasing trends in
MCL difference over the growing season for all aotygpes (Figure 4.7a). Among the
four land cover types, the cumulative LST differerfor little bluestem increased up to
116° C (DOY 257), followed by sandhills upland wdin increase up to 73° C (DOY
248). The cumulative difference of irrigated costhibited a minimum increase (up to
32° C on DOY 257). The majority (93%) of the timeries MCL differences were
statistically significant witl? < 0.01. Similarly, the MCN difference showed decregsi
trends for all land cover types except irrigatedn¢cavhich showed an initial decrease
followed by an increasing trend over the growingsem (Figure 4.7b). This may suggest
that the impact of progressive drought intensityiragated corn NDVI is not as evident
as on the rest of the land cover types analyzetisnstudy. Increase in the amount and
frequency of irrigated water applications in resgwrio the extreme and exceptional
drought conditions experienced in this region cdaddne possible factor for these lower
MCN differences across the growing season. Littleestem exhibited near linear
decrease in MCN differences (up to —3.9 units onYDZY3), followed by sandhills
upland (up to —1.8 units on DOY 273).

The results of time-series regression and corozlatinalyses between drought
and non-drought differences in MCL and MCN for foer land cover clusters are shown

in Figure 4.8. Several studies have reported ativegaorrelation between LST and



100

NDVI in the mid-summer months over the central Giekins (Goetz, 1997; Sun and
Kafatos, 2007; Karnieli et al., 2010). In this studve observed strong negative
relationships between MCL and MCN differences betwerought and non-drought
years at the growing-season scale for all land rcoyees, with Pearson correlation
coefficients (r) ranging between —0.78 for irrighteorn to —0.99 for the little bluestem
cover type. Correlation coefficients for all fouand cover types are statistically
significant at P < .001. In the water-limiting (as opposed to eneigyting)
environment, as is observed during the warmer sunmmnths in the central Great
Plains, the magnitude of the negative relationgi@fjween LST and NDVI is primarily
controlled by the availability of soil water. Theigated corn was less moisture stressed
during drought based on the smaller range of MCl BICN differences between the
drought and normal years compared to the othefeditand cover types. Although
statistically significant, the irrigated corn dataints display much more scatter from the
regression line than the non-irrigated corn and tike grassland cover types. This
suggests that the linear association between LS NdDVI is weaker for irrigated
cropland compared to other land cover types. Theonsistent with the work of Karnieli
et al. (2010), who observed less significant catrehs between LST and NDVI in the
irrigated areas of the Mississippi River basintha case of non-irrigated corn, the range
of MCL and MCN differences was higher than thoserofated corn, but markedly
lower than those of the two grassland cover typéss could be due to the less severe
drought stress experienced in the Northeast CDbmparison to the North-Central and

Southwest CDs as shown in USDM maps (Figure 4.2).
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4.5. Conclusions

Canopy temperatures and surface reflectance ddtdoben space offers an
effective means of monitoring drought stress oneta&tpn. This paper analyzed the
response of different land cover types to droughtcbmparing their Terra-MODIS—
derived cumulative LST and NDVI signals during themmer growing season of a
drought and a non-drought year. Results of matga@dt-tests indicate that a majority of
the land cover pixels in Nebraska experienced Sagmitly higher cumulative day and
nighttime LST coupled with lower NDVI during theadrght year in all CDs of Nebraska
except for the northwestern part of Panhanée<(0.01). For irrigated corn, NDVI is
rather a conservative indicator of drought compated LST, with more pixels
experiencing significantly higher LST compared lmde depicting significant NDVI
decreaseH < 0.01). The time-series drought and non-droughedifices in MCL and
MCN for four land cover clusters were examined malgze the magnitude of drought
induced stress on these land cover types. Thetsesulicated that the little bluestem
grassland cover type exhibited the maximum incré@seean cumulative daytime LST
and decrease in mean cumulative NDVI during theuglnb year, followed by sandhills
upland grassland, suggesting that grassland cepestare more sensitive to drought.

The cross-correlations between time-series MCL M@N differences were
significant for all four land cover typeP & 0.001). The regression models depicting the
relationship between cumulative LST and NDVI diffieces between the drought and
non-drought periods for four land cover types carubed to predict the drought related

stress in vegetation.
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Overall, this study demonstrates that Terra-MOD{hteday composite LST and
NDVI products are sensitive to drought-related sstrén vegetation. AVHRR-based
vegetation condition monitoring indices such as VOCTI, VH, RG, and SVI require a
longer period of LST and/or NDVI data. Consideritigg shorter temporal history of
MODIS data, use of cumulative LST and NDVI to quiatively compare drought and
non-drought years as demonstrated in this studyasarst in assessing the vegetation
stress in the Central Great Plains region of théddnStates. As a part of future study,
similar analysis for other land cover types in @ifint geographical regions will be

conducted to investigate the LST and NDVI respousggg drought.
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Figure 4.1. Location of study area, the state dirideka (a) and the climate division (CD)
boundary map (b). The dark lines in (b) denote @Dridaries, and the lighter grey lines

correspond to the county boundaries.



110

(@)
June 11, 2002 July 30, 2002
r\.
l
—L L
rL “
l —‘,4\ B

(b) June 12, 2007 July 31, 2007

=

1

| Ty . Rt

DO - Abnormally Dry D2 Drought - Severe Bl D4 Drought - Exceptional
D1 Drought - Moderate I D3 Drought - Extreme

Figure 4.2. U.S. Drought Monitor maps showing tipatsl patterns of drought with
impacts on agriculture and water resources acrefsdska during the growing seasons

of 2002 (a) and 2007 (b).



111

3 3
Panhandle /\ Southwest
1.5 4 1.5 - Ja\
0 -
15 -
3 A
45 -
-6
3 3 .
North Central [\ Central
1.5
0 4
= -15 |
@)
3
45 -
-6 -6
3 3
South Central Northeast
1.5 1
0 .
= -15 |
O
3
45 -
-6 -6
3 ° Southeast
1.5
0 -4
> .15
5 1.5
3
-4.5 A 4.5 A
'6 T T T T T '6 T T T T T
130 155 180 205 230 255 280 130 155 180 205 230 255 280
Day of Year (DOY) Day of Year (DOY)

-2002 -=-2007

Figure 4.3. Weekly crop moisture index (CMI) valdeseach Climate Division (CD) of
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Figure 4.4. Spatial distribution of selected landear pixels across Nebraska. The number
of pixels in each of the land cover classes isadlevi's: irrigated corn (n = 138), non-
irrigated corn (n = 12), irrigated soybeans (n 5 ®n-irrigated soybeans (n = 6),
sandhills upland prairie (n = 160), little bluestgnama mixed-grass prairie (n = 71), and
western shortgrass prairie (n = 97). The circleswshthe four land cover clusters
(sandhills upland, n = 55; little bluestem, n = Rigated corn, n = 61; and non-irrigated

corn, n =6) selected for correlation and regresaitalyses.
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Figure 4.5. Time-series LST and NDVI profiles of iamgated corn (a), a non-irrigated
corn (b), and a little bluestem grassland (c) pdueing the growing seasons of a drought
(2002) and a non-drought (2007) year. The bars st@veight-day composited LST
observations across the growing season. Top ofb#reindicates the daytime LST

measured at aboutl0:30 a.m. and the bottom of #neirlicates the nighttime LST

measured at about 10:30 p.m. local time.
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Irrigated Soybeans Western Shortgrass Prairie Symbols in green: Not significant
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Figure 4.6. Matched-pair t-test results showing $ipatial distribution of land cover
pixels that exhibited significant and non-signifitancrease in cumulative daytime LST
(a) and cumulative nighttime LST (b), and decradaseumulative NDVI (c) during the

drought year (2002).
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Figure 4.7.Time-series of mean cumulative LST (a) and meanutative NDVI (b)

differences between the drought (2002) and thedronght (2007) growing seasons for
four selected land cover types. Solid symbols at#icthat the mean cumulative LST
during the drought year growing season was sigmfly higher than that of the non-
drought year (black indicatdd < 0.001 and grey < 0.01) and open symbols indicate

statistically not significantR > 0.05).
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Figure 4.8.Regression models showing the relationship betwt®e-series mean
cumulative LST and mean cumulative NDVI differendegween the drought and the
non—drought year growing seasons for four seletded cover types; *** indicates

statistically significant aP < 0.001 level.



CHAPTER 5

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

The goal of this research was to evaluate the respof different vegetation
types to drought-related water stress at multipkgial scales using both close-range and
satellite remote sensing techniques. Vegetatignorese to drought was evaluated at leaf,
canopy, and landscape levels. The summary andikdinds of these three studies are

presented below.

5.1. Leaf Level Study

At the leaf level, high spatial resolution thermalages of the soybean plants
were used to evaluate the effect of water stredsafrtemperatures and to develop a leaf
temperature-based model to estimate the relatiierwantent (RWC) in leaves. The
soybean plants were grown under the greenhousatiomsdand were subjected to eight
levels of irrigation treatments. One specific lgébliate was extracted from the thermal
images for every plant sample. Mean leaf tempegdflg.) and Crop Water Stress Index
(CWSI) were computed for a specific trifoliate cdch plant and compared with the
gravimetrically measured RWC as well as with lea$ g@xchange measurements. Some
of the key findings are presented below.
» The plants experienced decreased RWC with increaseasity of water stress. The

differences between control versus WS 1 and WSI2 wet statistically significant,

while the difference between control and WS 3 tglouWS 7 plants were
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statistically significant® < 0.01). The mean RWC of WS 7 plants was about 68%
less than that of control plants.

* Tearand CWSI showed overall rising trends with inchegsntensity of water stress.
Statistically significant differences in the leafntperatures were found between
control and water stressed plants (WS 4 through AVSControl plants exhibited
significantly different CWSI values than those ofter stressed plants (WS 4
through WS 7). These results suggested that leapdeature derived from the
thermal imageries could be used to detect irrigatifferences among the soybean
plants.

* Separate regression models were calibrated andatadi using s and CWSI to
estimate RWC. CWSI based model that accounted #oyimg meteorological
conditions such as air temperature, humidity, wispgeed, and downwelling
irradiance on leaf temperatures resulted in greateuracy in RWC estimation

compared to the model based qg:T

Previous studies have been conducted to relate RMfQeaf spectral reflectance
in the visible, middle infrared portions of the @lemagnetic spectrum. Much of the
vegetation water stress research that has usaddhenagery has focused on quantifying
leaf biophysical properties such as stomatal cowadhee and leaf or stem water
potentials. These studies were based primarily @payines, French beans, lupins,
cotton, and olives trees. Despite an extensivensfite literature search, no previous
thermal image based RWC determination studies vieved. To the best of our

knowledge, this research is one of the first swidieat used thermal imagery for
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estimating RWC in soybean plants. Since soybean isnportant agronomic crop in the
U.S. Corn Belt, the findings of this study can Ipplaed for operational monitoring of
drought in soybeans. In order to apply the findifgsoperational drought monitoring,
some of the potential limitations of the study ddobe considered and addressed in
future research. The results presented here areeddrom an experiment conducted in a
greenhouse. The variables affecting the plants tiramd development were carefully
controlled in the managed greenhouse environmemthais not representative of real-
world field conditions. In a real-world setting,apks are exposed to uncontrolled air
movement, solar radiation, and air temperaturéenagricultural fields. Furthermore, the
orientation of leaves in the agricultural fieldgtermined primarily by the wind speed
and direction may be different than that at theegh®use. That could potentially affect
the leaf temperature measured by the thermal canMoae research is needed for
rigorous validation of the CWSI model developedhis study for RWC estimation in the

field conditions.

5.2. Canopy Level Study

Close-range corn and soybean canopy reflectaneevaderte used to explore the
potential of three simulated MODIS VIs (NDVI, WDRVand EVI2) and a simulated
MERIS VI (Clred-edgp in characterizing root zone soil moisture in th&S. Corn Belt.
Time-series VI data for six growing seasons weneetated with concurrent as well as
antecedent soil moisture (up to 60 days) at fofierint depths (10, 25, 50, and 100 cm)

in the soil profile. The key findings are presenbetbw:
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The corn VIs were significantly related to the cament soil moisture at the 100 cm
depth and among the VIs analyzed in this studygedelge Showed strongest
correlation with the soil moisture at this depth.

Relationships of corn VIs with soil moisture impeavwhen the time lag that a plant
requires to respond to changes in soil moistureev@ken into consideration. Corn
Clred-edge €Xhibited statistically significant relationshipitiv 10-day lagged soil
moisture at 50 cm depth and the correlations isa@avith longer lag periods. At
100 cm, peak correlations between corn VIs and swisture were primarily
observed over a 45-day lag period and then sha&ekasing trends.

Contrary to corn, soybean VIs including WDRVI andW were sensitive to
concurrent soil moisture at shallow depths of @ 25-cm.

Strongest correlations of soybean WDRVI and NDMWihvi-day lagged soil moisture
at 10- and 25-cm depths indicated that soybeank€ét a relatively shorter soil

moisture memory in their spectral signals.

The above findings suggest that accurate charaatems of root zone soill

moisture that influences crop conditions can be anading close-range simulated

MODIS and MERIS VIs. Spectral reflectance data réded by the sensors on board

satellites are largely contaminated by the inteingratmosphere such as cloud cover,
water vapor, and aerosols. Close-range sensingagpadopted in this study overcomes

these uncertainties associated with atmosphericaétsp This approach also helps

improve our understanding with regard to using spésignals (VIS and NIR) from

crops to assess essential soil-moisture conditibhe.relationships shown in this study

can be applied to monitor vegetation stress udnggdatellite data for regional scale
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drought assessment. However, the results deriveh fthis study are based on the
currently available reflectance data during threarg of growing seasons each for corn
and soybeans. It would be interesting to analyze aad soybean VIs and soil moisture

correlations with more growing season data usitigeh®1ODIS and MERIS data.

5.3. Landscape L evel Study

At the landscape scale, the objective was to inyatst the changes in the thermal
and spectral responses of cropland and grasslam tges to drought across Nebraska.
Terra-MODIS eight-day composite cumulative timeieedaytime LST, nighttime LST
and NDVI data pertaining to irrigated and non-iatigd corn and soybeans, and three
grassland cover types during a drought year (2@0@)a non-drought year (2007) were

compared. Some of the key findings are presentkvbe

» Majority (84%) of the land cover pixels across Netlta experienced significantly
higher cumulative daytime LSTP(< 0.01) during the drought-year growing season.
Fewer pixels (65%) experienced significantly higieghttime LST in the drought
year growing season. These findings suggestecdtimatilative daytime LST could be
a more sensitive indicator of drought stress oretaggn than nighttime LST.

* The location of the non-significant pixels (cumutatdaytime and nighttime LST) in
northern Panhandle matched well with the area ofigtent severe drought depicted
on the series of USDM maps throughout the groweaasen of 2007.

* About 85% of the total land cover pixels experighaagnificantly lower NDVI
during the drought year compared to the non-droyglatr atP < 0.01. A higher
percentage of irrigated corn pixels (96%) expemehsignificantly higher cumulative

daytime LST compared to lower cumulative NDVI dgrithe drought year. This
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indicates that the rate of decrease in NDVI ofgated corn during drought is less
pronounced than the rate of increase in LST duhegdrought year growing season.
* Land-cover specific analyses show that the meanutative drought year and non-
drought year differences in daytime LST and NDVIgoéassland cover types (little
bluestem followed by sandhills upland) were higthem those of irrigated and non-
irrigated corn. It suggests that grassland covpesyare more sensitive to drought

than irrigated and non-irrigated corn.

« The regression models depicting the relationshtpvéden cumulative LST and NDVI
differences between the drought and non-droughwigigpseasons for four land cover
types were statistically significant and can bedusepredict the drought related stress

in vegetation.

This study showed that Terra-MODIS eight-day contpo&ST and NDVI
products are sensitive to drought-related stresggetation. By quantitatively comparing
the drought and non-drought year growing seasamsutative LST and NDVI values,
this study tested a new methodology for assessmgptit stress at a landscape scale. The
findings of this study can lead to the developmehinew or refinement of existing
operational large-area vegetation drought monitpriools (for example, Vegetation
Drought Response Index (VegDRI)). VegDRI integrdiessorical weather station-based
drought index data (SPI and PDSI) and satellitetdd@¢DVI-derived products with other
biophysical characteristics of land such as lancecdand use, and soils and depicts the
geographic extent and severity of drought stresgemetation in the contiguous U.S. at

1-km spatial resolution (Brown et al., 2008). VedDRodel in its current operational
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form uses AVHRR-derived NDVI metrics and doesntlude a satellite-based thermal
component. Recently, eMODIS-based (Jenkerson,e2G10) VegDRI was developed to
take advantage of better quality and higher tempesmlution NDVI data from MODIS.
A pheno-region based, AVHRR-MODIS NDV!I translatialgorithm (Gu et al., 2010)
was used to apply the AVHRR-based VegDRI modelsi@DIS-derived NDVI inputs.
The sensitivity of LST to drought stress on croplrand grassland cover types as
demonstrated in this study indicate the potentidityuof incorporating MODIS-based
LST in the eMODIS-VegDRI model for improved droughonitoring in the contiguous
U.S. Compared to the previous remote sensing-basgdtation drought assessment
studies in the U.S. Great Plains (Wang et al., 2005nd Peters, 2003), this study is
more detailed in the sense that it distinguishexligint responses of different crop types
(corn and soybeans) with distinct management pexiiirrigated and non-irrigated).
However, this study encountered a number of chaélenthat could provide
directions for future research. Since this studyg Wecused on comparing drought year
and non-drought year growing seasons to assessdpense of vegetation to drought, it
would have been ideal to select a growing seasawvhioh the entire state of Nebraska
was drought free. Choosing such a year was chatigrapnsidering the short history of
MODIS data availability. The growing season of 2Q@&s chosen to represent the non-
drought year as most parts of the state with tleegtion of the Panhandle was drought
free. Future study involving a different non-drotigfear may lead to improved
vegetation drought stress assessment especidhy iNebraska panhandle region. In this
study, the land cover information was spatially raggted at 1-km level to match with

the 1-km MODIS LST and NDVI data. In the easteribideska, the individual crop fields
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as identified from the Cropland Data Layers werelmsmaller than the size of MODIS
pixel (1-km). Smaller field sizes together with hiffequency crop rotations resulted in
less number of non-irrigated corn and soybean pittedt had the same crop type (with
>85% per pixel coverage) during both the study yelauture expansion of the study area
to lowa where large proportion of the croplandsna-irrigated may provide more
sample pixels to analyze the drought response®mfimigated corn and soybeans. The
utility of MODIS-derived LST and NDVI products in anitoring drought-related
vegetation stress should be tested in other patteedJ.S. Corn Belt and Great Plains as
well as in other major agricultural regions of therld. Additionally, this approach

should be tested on other crops such as wheatatmhc
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