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SUMMARY

This study utilized (a) actual measured agricultwater use along with (b) geostatistical
techniques, (c) crop simulation models, and (degarcirculation models (GCMSs) to
assess irrigation demand and the uncertainty agsocivith demand projections at
spatial scales relevant to water resources managemehe first part of the study, crop
production systems in Southwest Georgia are charaetl and the crop simulation
model error that may be associated with aggregatatel inputs is estimated for

multiple spatial scales.

In the second portion of this study, a methodolsgyresented for characterizing regional
irrigation strategies in the Lower Flint River bhasind estimating regional water demand.
Regional irrigation strategies are shown to be vegllesented with the moisture stress
threshold (MST) algorithm, metered annual agriaaltwater use, and crop management
data. Crop coefficient approaches applied at tg@nal scale to estimate agricultural
water demand are shown to lack the interannuahlgity observed with this novel

approach.

In the third portion of this study, projectionsrefjional agricultural demand under
climate change in the Lower Flint River basin arespnted. GCMs indicate a range of
possible futures that include the possibility datiwely small changes in irrigation
demand in the Lower Flint River basin. However, trafdthe GCMs utilized in this work

project significant increases in median water detrtawards the end of this century. In



particular, results suggest that peak agricultweter demands in July and August may

increase significantly.

Overall, crop simulation models are shown to bdulseols for representing the intra-
annual and interannual variability of regionalgation demand. The novel approach
developed may be applied to other locations intbed as agricultural water metering

programs become more common.



Chapter 1: Introduction

Agricultural water use dominates consumptive useaier in many parts of the world,
but reliable estimates of historical and future@gdtural water demand are lacking.
Individual farmers generally do not monitor or rettheir water applications in a
systematic manner and often existing statutes tloegoire them to explicitly report
their water use to any governing body. This pressignificant challenges for
retrospective analysis of interannual and seaseatdr demand and has resulted in
climate change impact assessments based on assnswgltiout historical and future
irrigation practices that are not supported wittadst the scales relevant to water
resources management. While global climate modelge plausible scenarios of
future climate associated with increasing greenb@as concentration, water resources
stakeholders lack tools to translate these clirse¢@arios into useful assessments of

agricultural water demand.

Crop simulation models are playing an increasing iro utilizing past and future climate
data to provide useful information for a rangetakeholders. These models overcome
the ‘black box’ nature of less mechanistic, empirimodels by integrating current
knowledge from disciplines such as agrometeorolegy,physics, and agronomy into a
set of mathematical equations that represent thardic, nonlinear interactions between
weather, soil water and nutrient dynamics, cropattaristics, and management
practices. In addition, crop simulation models ses surrogate laboratories that allow

for rapid and inexpensive experimentation that domgnts traditional field experiments



(Brumbelow et al., 2003; Challinor et al., 2009ypikcal environmental inputs include

daily weather data, soil properties, and crop mamemt factors.

While crop simulation models are developed andtteat the spatial scale of a
homogenous plot or field, stakeholders are oftéerasted in climate impacts at the
district, watershed or broader scales where siganti spatial variability in environmental
inputs may exist (Hansen and Jones, 2000; Kerseletam 2007). The outputs from
these models are intensive variables (e.g. ‘crefdyor the amount of a crop harvested
per unit area) expressed as spatial averages tisitha scaled up to the scales relevant to

water resources management and regional crop produc

Crop simulation models have been used in studiesal the world and have the
potential to become vital components of interdikegry research on climate change
impacts. However, upscaling their outputs to obtaganingful information is not
straightforward. Questions that influence the depealent of assessments include: what
spatial scales relevant to water resources managdrplanners allow for comparison of
model outputs with available agricultural data sktsv can the variability in weather,
soil, and management conditions be representdteimbdeling framework; can
approaches be developed to take advantage ofdgpalt knowledge of management
practices; can irrigation demand be simulated wittonsistent approach to represent

current as well as future conditions?



1.1Research Objective
This research aims to develop and demonstrate & approach for applying crop
simulation models to assess the impacts of clirdlaéage on agricultural water demand.

Some relevant questions addressed in this workidiecl

What are realistic and consistent approaches foricking the farmer’s decision
to irrigate historically and in the future;

How does simulation error change as spatial soaleases;

What conclusions can be drawn about the benefita@d models in comparison
to simpler empirical models when conducting agtioadl water demand
assessments;

Can crop models be utilized to translate historitiahate data and scenarios of

future climate into useful information for watesogirces stakeholders?

The research scope of this work includes (1) a tijiaéine assessment of a crop
simulation model’s ability to represent the relaship between atmospheric forcing,
soils, irrigation input, and yield at different sig scales; (2) scale dependent model
calibration guidelines and characterization of utasety associated with calibration
parameters; (3) a comparison with existing appresicand (4) an assessment of climate

change impacts on agricultural water demand.



1.2 Case Study System
The agriculture industry plays a huge role in Gedsgeconomy, contributing billions of
dollars annually. In addition, the state’s watesogrces are intrinsically tied to the
agricultural sector since both surface water andiggdwater are used by farmers to
irrigate crops throughout the state. Although Geoigtypically considered to be a state
with plentiful water resources due to average ahrauafall exceeding that of many other
parts of the United States, the competing demalateg@ on water resources by the
municipal, industrial, agricultural, and ecologisaktors make water resources
management and planning a significant challengsttkeholders and policy makers.
This is complicated further by the uncertainty sunding agricultural water use due to a
lack of observed data associated with seasongatron volumes or the timing of water
applications during the crop season. Furthermdireate change has the potential to
decrease the availability of water resources dywdbable changes in rainfall
distribution and increases in potential evaporatigsmand (Hatch et al., 1999; Xu and

Singh, 2004; Zhang and Georgakakos, 2011).

1.3Thesis Organization
Following a review of the relevant literature onperical crop response models, crop
simulation models, and agricultural water demarsgssments, Chapters 3 through 6
consist of the methods and results of this reseémdBhapter 3, the uncertainty
associated with upscaling crop simulation modepotst is characterized. In Chapter 4, a
methodology is presented for estimating irrigatil@mand with regional irrigation

strategies and measured agricultural water use a@hapter 5, projections of



agricultural water demand under climate changeersented. Finally, Chapter 6

consists of conclusions and recommendations foiréutvork.



Chapter 2: Literature Review

2.1Introduction to empirical crop response models
The positive response of agricultural crops to welked water applications (i.e.
irrigation) has been acknowledged by humanity falemnia. Some of the earliest
engineering projects involved drainage and irrigatf fields to improve crop
production and provide an adequate supply of fowtifdber. Human reliance on a

sufficient and timely supply of water for crop prmtion continues (Eash et al., 2008).

Quantifying the relationship between managemernbfagsuch as irrigation and applied
nutrients) and crop response has been of interdatrmers and scientists for a long time.
As a result, farmers and scientists have dedicstgtficant amounts of time and
resources to the study and improvement of agricallfuroduction. For example, John
Bennet Lawes devoted his family estate in Englantie¢ study of agricultural production
and conducted chemical experiments in a laboratolnys house. He patented a process
for manufacturing superphosphate in 1842 and Hosesguent research on various crops

in field plots led to many publications in sciemtijournals (Overman and Scholtz, 2002).

One of the earliest approaches for determining erafer “requirements” is still popular
and is known as the Blaney-Criddle (1950)equatikemérjee et al., 2007). By
disregarding many relevant factors, the originahf@f the method determines seasonal
consumptive use of water as a function of empimcap coefficients, monthly

temperature and monthly percentage of annual daytiours. The equation is



U =Kf

whereU is the consumptive use in inches; is a hipotop coefficient;

f =(t" p)/100 is the monthly consumptive usetta;t is the mean monthly
temperature in degrees Farenhgit; is the mon#tyeptage of daytime hou
(as a percentage of the annual total).

On a seasonal basis, the equation is given by

U= Kf=K_ (t p)/100

i=1 i=1

whereK, is a seasonal crop coefficiend emis the number of months in a sea

Although the Blaney-Criddle (1950)equation has baedified for use at shorter time
scales and to incorporate wind speed and humiditgr{ and Pruitt, 1986; Doorenbos
and Pruitt, 1977; USDA, 1970), it still is basedavap coefficients that may not be
applicable at locations other than where the coiefits were determined. Furthermore,
this approach disregards many significant facterg. (soil moisture, timing of water
applications, management practices, water loggtw) and does not provide
information about crop yield. Rather it assumes ¢hap growth and yield is not limited
by inadequate soil moisture at any time duringgieving season. Thus, the Blaney-

Criddle equation can be classified as a “full iatign” method.

2.2 Evapotranspiration driven crop water use methods
Soil water can evaporate directly from the soitt@an be absorbed by the roots of a
plant and evaporate from small openings on theeleaV plants referred to as stomata.

The latter process is called transpiration ancctimebination of evaporation from the soil



and the leaves of plants is known as evapotrangpird?otential evapotranspiration is
the rate of evapotranspiration that would occuanrarea of dense vegetation cover when
soil moisture supply is not limiting. The amountvediter evaporated from leaf surfaces
and consequently discharged to the atmosphere ggdater than the amount of water
consumed in the formation of plant matter. The @atate of transpiration depends on the
species and growth stage of a plant, as well asdih@nd weather conditions. Thus,
actual evapotranspiration drops below its potetit| as the soil becomes unsaturated

(Bras, 1990; Chow et al., 1988; J.E.Pallas etlalr9).

2.2.1 Reference crop methods

Many approaches have been developed to deternopenater requirements that are
based on methods for calculating open water evéiparaith adjustments to account for
the condition of the vegetation and soil (Bras,d;99onteith, 1980; Van Bavel, 1966).
While these methods are typically considered easysé and understand, (1) they do not
express a relationship between applied water agld yn absolute terms and (2)

parameters (i.e. coefficients) may vary by locaaon crop.

A fundamental assumption when reference crop methoselapplied is that water supply
does not limit evapotranspiration (ET). Thus, thera fundamental assumption that no
water stress is experienced by the crop of intefesbmmon approach is to assume the
basic rate of ET is the “reference crop ET”, ithe‘rate of evapotranspiration from an
extensive surface of 8 cm to 15 cm tall green gecassr of uniform height, actively

growing, completely shading the ground and nottstiowater” (Doorenbos and Pruitt,

10



1977). A relationship between the calculated ETilierreference crop and the ET of the

crop of interest is utilized and applied to deterencrop water needs.

Two common approaches for estimating reference Efopre the Penman-Monteith
equation and a method based on field experimenBriegtley and Taylor (1972).
Monteith (1965) showed how the Penman (1948)equ&tioevaporation from a free-
water surface can be modified to calculate ET feowegetated surface by incorporating
resistance to vapor flux through leaf stomata amshturated soil. Priestly and Taylor
(1972) demonstrated with experimental evidenceEiatould be approximated as the
product of a constant and the term in the Penm@#8)equation that represents the

evaporation rate due to net radiation (Dingman 2200

The potential evapotranspiration (£ 6f the crop of interest may be calculated by
multiplying the reference crop evapotranspiratii.{) by an empirical crop coefficient
(K¢). Crop coefficients vary with crop phenology, séage of growth of the crop. As
crops develop, Kincreases to a maximum value and then decreashe asop
approaches maturity. A procedure for irrigationestling(Brumbelow et al., 2003), the

decision of when and how much to irrigate, withpcomefficients can be expressed as

ETref,t = fETref(Tmax,t’ Tmin,t' RH' R,t’ ltl’ et()"
E-rc,t = Kc,t ><E-I-ref,t "t

|, =0,if P 3 ET." t
| =ET,, - R,if P< ET! t
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wheret is an index indicating the timerement;T.

max

IS maximum temperatufg,,
minimum temperaturdRH is relative humidify, is selar radiationu is wind sed.

| is irrigation, and® d precipitation.

Reference crop methods have limited value for edtirng agricultural water use because
many production situations do not allow for futigiation, i.e. irrigation scheduling that
prevents the crop from experiencing any significdedree of water stress. Although full
irrigation methods are intended to maximize yielinpeting demands on water supplies
in many river basins necessitate a more sustaimkn®nd management strategy that
allows for deficit irrigation, i.e. situations wieetotal applied water is less than potential

ET (Brumbelow, 2001; Farahani et al., 2009; Kijhale 2003).

2.2.2 Deficit irrigation methods

Empirical production functions that relate harvbsayield to ET are commonly used in
agricultural yield and water demand assessmenise{Gd, 2003). By far, the most
influential method based on this approach is FAtation and Drainage Paper no. 33,
Yield Response to Wat@oorenbos and Kassam, 1979).The basis of thisoappris a

relationship between relative yield and relative diden by

Yo~ Yo ET: ET
K —m —a
Y Y ET,

whereY, andY, are the maximum and actugldy ET, and ET are the maximum ar

actual evapotranspiration, aKg is a yield respdast®r that varies with species,

variety, irrigation method anthanagement under deficit evapotranspiration.

12



While equation (2.4) may be applied for an enteas®n (Kirda, 2002), Doorenbos and
Kassam (1979) also specified a model that allowgtbKary with growth stage. Rao et

al. (1988)proposed a multiplicative form that isen by

Y ] ET .
2= 1-K,, * &
Y., 9 & ET,

mi
wherei is an index for growth stage an total number of crop growth stagAn

additive form was also supported by Rao et al. )&&d is given by

While the Doorenbos and Kassam (1979)equation anithsiequations are still quite
popular today (Cai et al., 2009), using thevélues that the authors reportedrield
Response to Watenay lead to significant errors (Kaboosi and Kavel,120For
example, Dehghanisanij et al. (2009) reported theosed&, for winter wheat as 1.03
and 1.23 for two different locations in Iran, while @enbos and Kassam (1979)
presented it as one. In another study, MoutonnetP@sented {for the vegetative
stage of cotton in Argentina and Pakistan as 0.¢30a8 respectively while it was given

as equal to 0.2 by Doorenbos and Kassam (1979).
Thus, determining the coefficients in the Doorenboskeamssam equation and similar

equations may require lengthy and expensive loga¢ments (Fourcard et al., 2008;

Tsuji et al., 1998). In addition, the coefficientsided at a given site from experiments

13



may not be valid at locations with different soil pedjes, climate, crop varieties, or

management practices. Furthermore, yield is not exgressabsolute terms.

Although these empirical approaches are widely aecepnd allow for analytical
methods of parameter estimation and error propagatiom, #ine significant limitations
to their application and factors other than evapotiaason that influence agricultural
yield and water demand are not taken into account (Belma, 2001). Furthermore,
plant water stress is dictated by a combination cémicdl ET, plant extractable soil
moisture, root distribution, canopy size as well &&oplant and environmental factors
(Hoogenboom, 2000). For the representation of spadalyegated response to the
interactive effects of climate and management, theiploggcal detail in crop simulation

models is required (Hansen and Jones, 2000).

2.3 Introduction to crop simulation models
From the mid-1960s through the 1990s, crop physiolegishtributed a great deal to the
understanding of plant physiology (Boote and Sincl006). After these scientists’
discoveries improved the understanding of photosyrghedifferent plant species in the
1960s (Hesketh, 1963; Hesketh and Moss, 1963), tlshanestic basis of crop-water
relations was revealed in the 1970s and 1980s (B&9€9; Hsiao, 1973). By the 1990s,
the work of researchers investigating crop responseet@ateld CQand temperature
allowed for scientific discussion on the impacts afbgll climate change on agricultural

production (Allen, 1990; Kimball, 1983; Rogers et 2B83).
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In the late 1960s, computers had evolved enoughaw &r crop growth modeling to
emerge as a means of integrating knowledge about jpitgsiological processes in order
to explain whole-plant response, i.e. the functiorahg plant as a whole (Bouman et al.,
1996). Over the next few decades, new insights irgautiderlying mechanisms and
processes associated with crop growth and developrestexpressed using
mathematical equations and integrated in simulanodels. As a result of the interaction
between biologists, mathematicians and computenssts, plant growth modeling and

simulation has progressed significantly (Fourcard.ef808).

2.3.1 Dynamic system models

Crop growth models are considered ‘process based’ or ‘dhygsially based’ because
they take into account the physiological processesived in growth and development
such as water and nutrient dynamics, photosynthesiscarbon partitioning (Gifford
and Evans, 1981). The term ‘crop simulation model’ refees dynamic system of
differential or difference equations, which describe theraction of a crop with the soil
by calculating both rate and state variables over {lHumgenboom, 2000). Thus, a crop
simulation model is a mathematical representationll@tta et al., 2006) of the soil-plant-

atmosphere system (SPA system) given by

X, (t+Dt) =X, (1) +g, X(9,w(9; q

X, (£408) =%, (1) +g, (9, w(}: g
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wheret is timepPt is some time incremémat is often one day;

X(t)= X (1), X% (1) " isthe vector of state variablesiatet; n is the number c
state variabIeS/,v(t) is the vector of input varialaleBmet ; g is the vector of
parameters; angl is some function.

Environmental conditions (such as climate varialles soil characteristics) and crop
management practices (e.g. irrigation amounts amekjl are typical inputs, while state
variables could include leaf area index (i.e. kyaa per unit land area), grain weight,
root density in each soil layer, soil water contargach soil layer, etc. Crop simulation
models typically operate on a daily time step asph#ial scale of a homogenous plot or
field (Hansen et al., 2006). When one integratesetijuations of the crop simulation
model, this is commonly referred to as “runningg thodel (Wallach et al., 2006). These
equations contain parameters that remain unchangedone simulation to another after
the model is calibrated. For the purposes of alitical and water resources management,
the model results or outputs of interest are ty\fyictate variables at the end of the
season (e.g. irrigation depth) or at particularenduring the season (e.g. daily water
stress and irrigation applications). Crop modelsloa considered deterministic in that

differences in outputs are only due to variatiangput data (Lichtfouse et al., 2009).

2.3.2 Primary modules

For more than a decade, many in the agriculturgtesy modeling community have made
a concerted effort to promote more effective matieielopment and documentation
approaches (Porter et al., 1999). Although modai® tbecome more complex in a sense
as new components have been added or modified, madgling groups have

implemented a modular structure and modular progreng techniques that allow for

16



more cooperation amongst experimentalists, modedldpers, and model users (Hunt et
al., 2001; Jones et al., 2001). As a result, thraen modules are common in most crop
simulation models: the soil module, the plant medahd the soil-plant-atmosphere

module which links the soil and plant modules (doeteal., 2003).

The soil module computes water infiltration, drgjaaand redistribution within the soll
profile. Water inputs such as precipitation angjation are the source of water that
infiltrates into the soil. Crop simulation modelsyncompute soil nitrogen and carbon

processes due to fertilizer applications and cesjidue as well (Lichtfouse et al., 2009).

The plant module computes growth of the plant the.accumulation of biomass) and
the development of the crop. The crop grows aneldgs by expanding its canopy and
deepening its root system as it progresses thrasgnowth stages (Steduto et al.,
2009).Canopy growth is driven by assimilation afocan through photosynthesis, while
the development of the crop is driven by tempegaturd photoperiod, i.e. the duration of

the plant’s daily exposure to light.

The soil-plant-atmosphere module allows interactibatween the plant and soill
modules. In particular, when potential root watptake is limited by soil water content,
physiological processes such as photosynthesisahexpansion are reduced depending

on the level of water stress (Lichtfouse et alQ@0
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At the start of any research study with crop simiokamodels, classifying the

agricultural system allows for progress to be matieough this is an obvious simplified

representation of reality (Bouman et al., 1996)opyar classification of crop

production systems was introduced by the C.T. deGk¥aduate School of Production

Ecology (see Figure 1.1). Potential yield is dedity the concentration of atmospheric

CO,, solar irradiance, temperature, and charactesistithe crop. Attainable yield is

limited by the availability of water and nutrienfsctual yield is reduced from attainable
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yield by factors such as weeds, pests, diseaséqdlutants (Hoogenboom, 2000;
Rabbinge, 1993). Crop simulation models capabkmftilating potential production
processes (i.e. photosynthesis, respiration, pariitg, phenology) were the first
developed. These models were modified to allowshomlation of soil water dynamics,
and later nitrogen dynamics and use. Ongoing affatempt to incorporate additional
determinants of actual crop production such as fsarfgohosphorous dynamics, pests,
diseases and other factors (Delonge, 2007; Hamsdanes, 2000; Willocquet et al.,

1998).

2.4 Spatially aggregated response applications
The availability of input data presents significahtillenges to the application of crop
simulation models at regional and larger scales. itvironment of the agricultural
system modeled is defined by the inputs which Bibraconsist of daily weather
observations, soil properties, and crop managepragctices. Due to data and cost
constraints, in many studies regional crop resp@eéen based on one or a few
“representative” locations. However, outputs sinedawith data from representative
locations may not necessarily represent the spateage or the interannual variability
of regional values due to aggregation error (HarmsehJones, 2000; Lichtfouse et al.,

2009).

When historical data is available at the scale ofleh development and application,

calibration of model parameters and inputs canecoiior sources of error (Rastetter et

al., 1992). This can be achieved by utilizing alim@ar optimization algorithm to
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determine representative parameters and enviromieaputs. For applications involving
climate variability, several years of observed agdteultiple sites in the region of
interest is desirable for calibration but often agailable (Hansen and Jones, 2000;

Persson et al., 2008).

Temporal trends in historical water demand anddyiiglta can be attributed to changes in
technology or land-use patterns if weather is réggas stationary (Garcia et al., 2006;
Xu and Singh, 2004). This can be accounted forddpration of model outputs since
crop models simulate the current range of agricaltiechnologies (Hatch et al., 1999).
For example, the difference or ratio of mean obsgéyelds and yields simulated with
fixed management may provide an adequate techndtegg adjustment. The lower
frequency tend may be attributed to technology evhigher frequency deviations are
primarily associated with weather variability (Batid Fischer, 1994; Hansen and Jones,

2000; Jagtap and Jones, 2002).

2.5 Linking global climate and crop simulation models
As decision makers begin to integrate climate ckantp ongoing and new programs
and policies, the climate change impacts, adapiatmd vulnerability (IAV) research
community needs to “sharpen the rigor of its aredyis regard to clarity of its mental
constructs, data, and standards of evidence” (Regsg and Wilbanks, 2010). The
benefit of using general circulation (global climamodels (GCMs) for climate change
impact assessments is that they allow one to atéoumean change in temperature and

precipitation as well as change in variability inlematically consistent manner
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(Brumbelow and Georgakakos, 2007). These modeds/dtir scenarios of future climate
to be generated that are based on our current stadeling of the coupled atmospheric
and oceanic processes that govern the Earth’s @i(@hang and Georgakakos, 2011).
Due to the mismatch in spatial scale between ositfpom GCMs and inputs for crop
simulation models, simulation of climate change aeig includes the use of downscaling
techniques to link climate models and crop simatatnodels (Xu and Singh, 2004).
However, one should spatially and temporally dowatesclimate model outputs in a
manner that preserves both the meaningful featfree climate scenarios as well as the

relevant properties of the historical daily sequesn@iansen and Jones, 2000).

2.5.1 Raw daily climate model output

The simplest option for calibrating daily GCM outpa match observed mean local
climate is to apply an additive or multiplicativieifs (Hansen et al., 2006). An additive
shift is appropriate for temperature and soladiaace. However, for precipitation, a

multiplicative shift is more appropriate and given

RE Pocu Ros/ Ricu

obs

whereR ., andP¢ refer to raw and calibra®@M rainfall on day i, respectivelf,.

andP,.,, are long-term mean observed andiited rainfall, respectively, for a gim

time of year.

There are other methods proposed that allow fabreding both the frequency and
intensity distributions of GCM rainfall (Baron dt,&2005; Schmidli et al., 2006).

However, the value of daily GCM outputs may be tedimore by the model’s ability to
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simulate rainfall with a realistic time structukégnsen et al., 2006; Ines and Hansen,

2006).

2.5.2 Synthetic weather conditioned on monthly GCM output

An alternative approach is to constrain stochaltyicgenerated daily sequences to match
the monthly values of GCM outputs. A simple additshift may be adequate for
temperature. Rainfall sequences are generateceatetituntil monthly totals are within
some percentage (e.g. 5%) of monthly GCM targdien]the generated sequence is
corrected with a multiplicative shift to match ttaeget value (Hansen and Indeje, 2004;
Kittel et al., 2004). Hansen and Ines (2005) fotivat this approach performed better
than adjusting the parameters of the weather gewdmareproduce statistical properties

of monthly rainfall targets (Hansen et al., 200@&0genboom, 2000).

2.5.3 Constructed analogues

Hidalgo et al. (2008) developed a new method fatisically downscaling daily
temperature and precipitation from GCMs to deteanire effects of climate change. The
method utilizes a library of previously observedydaeather patterns to construct an
analogue for a course scale GCM output of intefidst. weather patterns for several days
serve as predictors that are combined to condinecinalogues. The method is used to
downscale GCM output to obtain daily temperature @r@cipitation on a 1/8 x 1/8
degree resolution grid for the contiguous U.S. @bthors found that the number of wet

days is overestimated producing a very light “deZzon some days. Overall, the
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downscaling method was found to skillfully reprodube variability of daily average

temperature and precipitation as well as seasguéd<

2.6 Agricultural assessments and farmer behavior
Crop simulation models are often called upon toadpce past production situations and
assess future scenarios where management dedigidasmers are needed as inputs.
Consequently, decision rules are useful ways tteed decision variable (e.g. water
application depth and date) to other input varigl§éeg. rainfall) or state variables (e.g.
plant stress or soil moisture content at a useciBpeoil depth) in a manner that is
consistent from the past to the present or thedutvhen the goal is modeling water
demand for irrigation in a region, the criteria jodging a decision rule is how closely it

imitates farmer behavior (Cros et al., 2003; Wdllatal., 2006).

When investigating historical irrigation at numesdields, it is more reasonable to try to
characterize “irrigation strategies” than to deteenrrigation dates and amounts for
every field in the study region. An irrigation gtgy corresponds to a set of rules that
relate irrigation decisions to relevant factorstsas soil moisture, climate, and state of
crop development (Jones et al., 2003). It is udefuinimicking farmer behavior because
the irrigation strategy of a farmer may be assutodgk relatively stable, while irrigation
depths and dates may exhibit significant interahmagability. Thus, simulating a
representative irrigation strategy for a region isseful alternative to approximating total
irrigation for many discrete irrigated fields. Fugtmore, it is a reasonable approach for

future or hypothetical situations as well (Wallathal., 2006).
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Most historical yield and water demand assessméilitze irrigation strategies that are
not developed with monitored agricultural water da&a in the region of interest. This is
due to the fact that recorded measurements ofidggnial water use by individual
farmers are not common. For example, only in regeats have measurements of
agricultural water use in Georgia become availalle result of the research conducted
by the Agricultural Water Pumping Program and tbé ®/ater Conservation
Commission. The most common irrigation strategyoentered in the literature is to
suppose that irrigation is applied to fully satistpp water “needs”. A number of studies
utilizing either empirical models or crop simulatiomodels are based on this approach.
The latter typically involves simulating irrigatico that yield in maximized or is some
arbitrary percentage of potential yield. These apphes avoid the more difficult
challenge of modeling actual farmer behavior antsequently agricultural water

demand (Cros et al., 2003; Wallach et al., 2006).

Few studies have evaluated irrigation strategies awegion. A transparent and
defensible approach is interviewing a sample ahfas and deducing a regional
irrigation strategy from their responses. Thistsgg is determined by comparing
simulated results with observed water consumptata ér the whole region (Leenhardt
et al., 2004). Alternatively, Maton et al. (200B8)arviewed farmers and developed a

typology of irrigation strategies (Wallach et &006).
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2.7 Assessments of agricultural water demand in the Stheast U.S.
J.R. Bramblett (1995) provides an overview of tgaaultural water demand study
conducted by the U.S. Department of AgricultureatiNal Resources Conservation
Service in 1994 as part of a broader Compreher&ivey of water resources in the
Alabama-Coosa-Tallapoosa (ACT) and Apalachicolat@haochee-Flint (ACF) River
Basins in Alabama, Georgia, and Florida. This stuedigs on historical data from 1970-
1992 and makes projections of water demand for armporchard irrigation, aquaculture,
livestock, and poultry through 2050. However, pctgel future water demands were
developed through a consensus of expert opinioraddition, the author notes that a
complete record of county commodity data for thé@®2992 time period is not available
for every county in all years. Furthermore, margividuals and groups questioned the
“static” nature of the study’s annual distributiohwithdrawals and annual totals (Hook

et al., 1999).

Blood et al. (1999) evaluate several methods fowviohg irrigated acreage, water
application rates, and annual irrigation water wodufor four counties in SW Georgia,

and compare these results with the ACT/ACF RivesiBaComprehensive Study 1995
projected irrigated acres and irrigation withdrasvdlhe authors present the scope of data
sources (UGA-CES, NASS, USDA NRCS-NRI, GA DNR-EMFPOT satellite images)
available and the trends in the resulting estimathe authors suggest that regardless of
the method for calculating the volume, the diffe@mnamong counties were largely
determined by the acreage under irrigation. Howewelly an average water application

rate and volume were calculated for the four apghea for comparative purposes.
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Hook et al. (1999) use crop growth and water usdetsato determine potential water
withdrawals by month for Georgia’s primary irrigdterops during dry, normal, and wet
years. The authors suggest that permitted pumpcitgpsinot very useful for

determining agricultural water use since the pegadipump capacity of the irrigation
systems exceeds 8 billion gallons per day. Howeher; agree with Blood et al. (1999)
in their conclusion that previous estimates ofjaited acreage by UGA-CES are certainly
more reliable than their estimates of irrigationoamts. In this study, records from 1961-
1990 were utilized from four to six meteorologisgtions in or near each basin that
were located above selected gauging stations. Hemvér each region and crop, the
crop model made 100 simulations in which a weaskegion, weather year, soil type, and
crop variety were chosen by random selection vafllacement. Planting dates were
selected from a “random-normal distribution of datentered on the optimal planting
date”. Irrigation to keep yield within 93-97% oftopal no water stress yields were
ranked and the average quartile values were usegetéomine irrigation amounts needed
for dry, normal , and wet years. The results wemgared with actual farmer irrigation
records for 7 to 11 years from the Southwest Gaohgjribusiness Association and the
USDA National Peanut Laboratory (Dawson, GA). Faroegta showed wider spread of

irrigation application than the models.

Martin et al., 1999 show a simplistic methodology éstimation of agricultural water

uses in the Cape Fear River Basin of North Cardbreaid the NC Division of Water

Resources (NCDWR) in current and future water resssimanagement issues such as
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water conservation measures, water supply allogstiand inter-basin transfers. Due to
time and budgetary constraints, detailed interviexts farmers and irrigation equipment
dealers were not feasible. A procedure was ultimaleveloped that was intended to be
easily updated and allowed for sensitivity analy3émss procedure utilized readily
available published agricultural data (42 yearsrop acreage data from 1940-1998) and
interviews with selected agricultural extensionrgggeand irrigation experts. Simulation
of sub-county scale agricultural water use fortB80-1998 time period is demonstrated,
but the crop water demand curves utilized were ldgeel for optimal conditions and rely
on static season lengths. However, expert knowledigiee pumps, irrigation systems,
and irrigation practices currently utilized by fagra suggest that the methodology

produced reasonable estimates of crop irrigatighiavthe basin.

Hatch et al. (1999) conducted an analysis to determotential effects of climate change
on field crops in Georgia. Simulations with CROPGR@ CERES crop models were
forced with historical (1975-1993) and projecte@{3-1995, 2021-2040 and 2080-2099)
daily weather data from the VEMAP project (Kitte¢lad, 1997) and consequently, the
United Kingdom Meteorological Office, Hadley Center Climate Prediction and
Research model (Hadley). Planting dates in simaratoccurred on the first date with
one representative range of adequate soil moisnuatesoil temperature. Average values
of yield, water use, mean growing season tempegaguecipitation, and days to maturity
were determined for the three 20-year time peramsidered by averaging one to nine
variety - planting date combinations for the fivegs (peanut, corn, soybean, wheat, and

sorghum) evaluated. The U.S. Department of AgniceltAgriculture Research Service
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economic model, PNTPLAN, was used to assess pat@ntip mix adjustments and
management changes associated with economic optionzof a representative 200-acre
farm for each county. In addition, sensitivity Bisés was used to assess how water use
might be affected as non-irrigated land is conwktteirrigated agricultural land. The
results show increased water efficiency in futueddydue to increased atmosphericCO
concentration that results in lower agriculturatevaise despite increased irrigated

acreage.

Salazar et al. (2012) evaluate the CSM-CERES-Maiap simulation model with
observed irrigation data from the Ag Water Pumgnagram from 2000 to 2004. The
authors estimate historical irrigation requiremdnsn 1950 to 2007 in 88 counties in
Georgia with an approach that allows irrigatiob#triggered on days when the
available water holding capacity of the simulate grofile falls below approximately
60% of field capacity. Comparison between annualsated and observed irrigation for
five counties suggest that the CSM-CERES-Maize rhoae potential as a tool for

estimating supplementary irrigation requirements agricultural water demand.
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Chapter 3: Characterization of System Model Respores

A “cropping system” may be defined as the cropsirtbuccession order and the crop
production systems associated with each crop (Laelhlet al., 2010). In this chapter,
crop production systems in Southwest Georgia aaeadierized and the crop simulation
model error that may be associated with aggregatekl inputs is estimated for
multiple spatial scales. The estimated aggregatioor associated with projections of

agricultural water demand in subsequent chaptgreesented in this chapter.

3.1 Introduction
A “system model” is an abstraction of the systenmtdrest that is often indispensable
when exploring the effect of alternative polici¥gglker et al., 2003). For assessments of
agricultural water demand, the system model encesgsathe crop simulation model as
well as the assumptions associated with model dpwetnt and application to regional
water demand projections. The crop production syste the Southeast U.S. that utilize
irrigation are the motivation for this work and tth&ta, policies, and context associated
with them have consequently influenced how cropugition models are utilized to

assess irrigation demand.

While crop simulation models allow for a simplifieththematical representation of the
real-world agricultural systems investigated, itngpossible to include all the interactions
between the environment and the crop productiotesys of interest in a computer

model (Hoogenboom, 2000). When information deseghlihe system model and its
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interactions are limited, not available or do ndaste modeling assumptions must be
made that are consonant with the crop productistegsys and environment of interest.
Crop simulation models have considerable potefdraihe exploration of management
and policy decisions. However, an important limitatto broader, more transparent use
of these models is our relatively limited knowledgehe uncertainty in the models’

outputs (Bert et al., 2007; Boote et al., 1996).
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Figure 3.1.The system model as part of the policymaking ped¢adapted from Walker
et al., 2003).

Uncertainty implies that error, unreliability, aimdperfection affect our knowledge and

understanding of the agricultural systems of irge(ei and Wu, 2006). Uncertainty can
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directly affect policy in cases where the actiopgibcision makers when ‘best estimates’
are provided do not align with the decisions matdemquantitative expressions of
uncertainty are considered as well (Katz, 2002k Ruthe different dimensions of
uncertainty, a conceptual framework for the systerigeatment of uncertainty allows

for a better understanding of model outputs ana timplications for decision support

(Walker et al., 2003).

3.2 Systematic Uncertainty Characterization
Uncertainty is often not given the attention itel®®s even though it affects every aspect
of modeling. It can be caused by incomplete datatdtions of models, and lack of
understanding of the underlying processes. Incomplata are a common problem in
crop simulation modeling at scales broader thaeld.fOften the data necessary to
evaluate the crop simulation model are not avaslapld the techniques for evaluating

models have not been perfected (Aggarwal, 1995).

Typically crop simulation models suppose that tineutated plot or field is homogenous
with respect to input data. Thus, regardless ofthe of the simulated field there exists
only one soil type, uniform weather conditions, #émel same agricultural management
practices (i.e. fertilizer applications, irrigaticgtc). Since agricultural observations,
experiments, and crop simulation model evaluatientypically performed at small
spatial scales (i.e. several square meters toresytaver relatively short time spans (a

few weeks to years), the challenge for modelets fsnd bounds to the application of
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crop simulation models developed from studies cotethunder a limited range of

conditions (Luxmoore et al., 1991; Schulze, 2000).

If simulation results are to be useful for watesaarces planning and other purposes,
analysts must provide information about crop siioitamodel adequacy and limitations
(Li and Wu, 2006). This is particularly relevantevhdecision makers need to consider
the risk of extreme weather events such as drougtisat waves (e.g. Horton et al,
2011). These events can have a significant impaeigoicultural water demand and their
frequency of occurrence is influenced by variapiis well as mean values of model

input variables (Mearns et al., 1997; Semenov amteR, 1995).

3.2.1 Nature

The nature of uncertainty may be described by tagidkinds of uncertainty with
fundamental differences: ontologica&k(iability) andepistemiauncertainty. Ontological
uncertainty is associated with phenomena thatrdrerently variable over time, space, or
populations. It originates from variability in thk@derlying stochastic process. For
example, variability exists in the annual precipiia amount at a given location over
consecutive years or the soil properties acroggdédnd a probabilistic model may be
adopted for their description. On the other hapistemic uncertainty is dictated by our
ability to measure, understand, and describe thesyof interest. It arises from
incomplete knowledge about the system under stMgyZ and Thieken, 2005). For

example, seasonal irrigated acreage is rarely krfowevery farm in a given county for a
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given crop and, yet, approaches have developegstonating irrigated acreage at the

county scale.

Within a given crop simulation model, input varies| parameters, and the model
structure (system dynamics) are all subject to dac#y. Rarely does one encounter
only one type of uncertainty in practical applioas (Merz and Thieken, 2005). A case
with only natural uncertainty or ‘pure variabilitwould suggest that all relationships and
their parameters which describe the system ardlgxamwn. On the other hand, ‘pure
epistemic uncertainty’ suggests that a determmmtbcess is considered but the relevant

information describing the system is not availglielton et al., 2004).

Crop simulation model based decision support egescmust characterize the different
dimensions of uncertainty in order to truly addueato the policymaking process. Walker
et al., 2003 distinguish three dimensions of uraiety that allow for a better

understanding of uncertainty and better commuraoatimongst analysts.
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Figure 3.2.Uncertainty depicted in three dimensions charasdrbynature (epistemic
uncertainty and variability)pcation, andlevel (adapted from Walker et al., 2003).

3.2.2 Location

The system model locations are unique to the cdnaéformulation and crop simulation
model that compose the system model in questiothisnwvork, the Decision Support
System for Agrotechnology Transfer (DSSAT) suitep models is utilized. DSSAT
was originally developed by an international netwoir scientists, cooperating in the
International Benchmarks Sites Network for Agrotealogy project (IBSNAT, 1993) to
facilitate the application of crop models in a sys$ approach to agronomic research. It
has been in use for more than 20 years by reseaarithever 100 countries worldwide

(Jones et al., 1998).
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3.2.2.1Context

Irrigation accounts for the largest consumptive afsteeshwater (i.e. approximately
60%) in the United States where over 55 millioreaasf cropland are irrigated (Howell,
2001; Minchenkov, 2009). In the Flint River Basgriaultural water use accounts for the
majority of consumptive water use between May aept@nber and exhibits marked
interannual variability, depending on the prevglolimate during the growing season.
While Georgia is typically considered to be a staitd plentiful water resources due to
average annual rainfall exceeding that of manyrgthets of the United States, the
competing demands placed on water resources hyinécipal, industrial, agricultural,
and ecological sectors make water resources maregemnd planning a significant

challenge for stakeholders and policy makers.

River basin management requires projecting irraratemand under uncertain climate
even though observed data related to irrigationmels and application timing is often
sparse, unreliable, or only available for a fewtoarous years. Climate change has the
potential to decrease the availability of wateoreses due to probable changes in
rainfall distribution and increases in potentiahpgrative demand. Physiologically based
crop simulation models are regarded as embodyinguuent understanding of crop
environmental response (Saarikko, 2000). As a tesap simulation models are playing
an increasing role in translating information abdirhate variability into predictions

tailored to the needs of stakeholders and policgraiHansen et al., 2006).
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3.2.2.2Model Structure

The equations used in crop simulation models aepeesentation of the elementary
processes in the soil-plant-atmosphere (SPA) sysiém Decision Support System for
Agrotechnology Transfer (DSSAT) suite of crop madaie a group of physiologically
based models that simulate important processe®mmgrowth and development
including daily meteorological forcing, soil wateansport, plant water uptake,
phenological development, and agricultural managenmguts (Tsuji et al., 1998). The
DSSAT cropping system model (DSSAT-CSM) simulakesdgrowth, development and
yield of a crop growing on a uniform area of lantlar prescribed or simulated
management as well as the changes in soil watdraand nitrogen that take place
under the cropping system over time. More thaniff8rént crops can be simulated with
DSSAT-CSM, including maize, wheat, rice, barleygbmum, millet, soybean, peanut,
dry bean, chickpea, cowpea, faba bean, velvet lpgdato, tomato, bell pepper, cabbage,

bahia and brachiaria and bare fallow (Hoogenbooal.e2010; Jones et al., 2003).

The DSSAT-CSM simulates monocrop production systeomsidering weather,
genetics, soil water, soil carbon and nitrogen, matiagement in single or multiple
seasons and in crop rotations at any location wimemenum inputs are provided. The
DSSAT-CSM has a main driver program, a land unitdale, and modules for the
primary components that make up a land unit inoping system. The primary modules
are for weather, soil, plant, soil-plant-atmosphaterface, and management
components. The modular structure of the DSSAT-Gi&idrporates all crops as

modules using a single soil model (Jones et ab3R0
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3.2.2.2.1 Soil Water Balance

The functional soil water balance model used in BB&quires parameters for
establishing how much water the soil will hold apdlarity, how much will drain out
due to gravity, and how much is available for reater uptake. Soil water content
(volumetric fraction) inputs for each soil layeqtered for calculation procedures include
the lower limit of plant water availability_(), the drained upper limiQUL), and soil
water content at field saturatioBAT). TheLL water content corresponds to the limit
where capillary forces exceed gravitational foneéting point) and water potentials of -
15 bar. TheDUL corresponds closely to field capacity conceptstangater potentials in
the range of - 0.1 to - 0.33 bar. Other parameteesied for soil water balance include a
single value of soil surface albedo, the limitio$tf stage soil evaporation, the runoff

curve number, and a drainage coefficient (Ritch898).
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Figure 3.3Water balance within a hypothetical soil profilaBbelow, 2001; Ritchie,

1998).

The soil water balance model computes the dailygés in soil water content by soil
layer due to infiltration of rainfall and irrigatio vertical drainage, unsaturated upward
flow, soil evaporation, and root water uptake peses (see Fig. 2). This one-dimensional
model uses a ‘tipping bucket’ approach for compgusoil water drainage when a layer’'s
water content is above a drained upper limit patam@&hus, for soil water redistribution
during infiltration, water is moved downward frotrettop soil layer to lower layers in a
cascading approach. Drainage from a layer take® maly when the soil water content
(SW in a given layer is between field saturati®A{) and the drained upper limD{UL)

for that layer. The drainage at the bottom of thiéofile is the drainage flux of the

bottom layer. Upward flow can be caused by rooewaptake due to transpiration and
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soil evaporation. It is computed using a conseveagistimate of the soil water diffusivity

and differences in volumetric soil water contentdjacent layers (Ritchie, 1998).

Daily water balance calculations begin with thd saiter content (j ) of each soil layer
from the previous day. If precipitation (P) andifoigation (I) occurs on a given day, the

amount of runoff is determined, and the remaindigriffiltrates into the top soil layer.
In addition, soil evaporatio(Eso;) and plant transpiratioﬁl'(,|am) are determined and
subtracted from the top soil layer's moisture cnnté)rainagefq_k; Dprome), upward
flow (Pj-«), and root water uptak&(\WVU;) are determined before soil water content (

t+1) for each layer is found to be referenced the deyt(Brumbelow, 2001).

Actual soil evaporation is based on a two- stagegss (Ritchie 1972). After the soil
surface is first wetted due to either rainfall wigation, evaporation occurs at the
potential rate until a cumulative soil evaporateonount since wetting is reached. Then, a
soil-limiting daily soil evaporation amount is conotpd as a square root function of time
since stage one ended. Potential evapotranspir@ibnand soil water availability

govern evaporation from the top soil layer andgparation from the root zone. Potential
ET is partitioned into soil evaporation and plaanspiration, assuming that evaporation
depends on the energy that reaches the soil suafat&anspiration is proportional to the
energy intercepted by the crop canopy. Actual paason is the minimum between

potential transpiration and total root water upté@Rechie, 1972).
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This method for computing evapotranspiration isracfional approach for determining
water stress in the plant without explicitly modeliwater status in the plant component.
The ratio of actual ET to potential ET, if lessnHaO0, indicates that stomatal
conductance would decrease some time during théodanevent plant desiccation. This
ratio is typically used in the plant modules toueel photosynthesis in proportion to
relative decreases in transpiration. Similarlyator of potential root water uptake and

potential transpiration is used to reduce plargdauand expansive growth of crops.

3.2.2.2.2 CROPGRO

CROPGRO was developed as a generic approach faglmgarops in the sense that it
has one common source code, yet it can predigrtweth of a number of different crops
(Boote et al., 1998). Currently, the CROPGRO ptaotvth and development model
simulates cotton; seven grain legumes (soybeamypedry beanchickpea; cowpea;
velvet bean and faba bean), and non-legumes sucimaso, cabbage, bell pepper, and
two grasses: bahia and brachiaria. CROPGRO is gsaméented and considers crop
carbon balance, crop and soil N balance, and saigmbalance. In this approach, state
variables are the amounts, masses, and numbasswés whereas rate variables are the

rates of inputs, transformations, and losses fri@ate variable pools.
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Brumbelow, 2001).

The crop carbon balance includes daily inputs fpdmatosynthesis conversion and
condensation of C into crop tissues, C lossesaabscised parts, and C losses due to
growth and maintenance respiration (see Fig. p5wf C is from the current day's
photosynthesis process and from mobilized C frosemees (C in leaves and/or stems).
Mobilized C depends on the availability of C stonedregetative tissue as well as the
availability of N for growing new tissue and thet@atial growth rates of the tissue. The
crop N balance processes include daily N uptakeiXdtion, mobilization from
vegetative tissues, rate of N use for new tissovtyr, and rate of N loss in abscised
parts (Boote et al., 1998). Nitrogen may be takeifrom the soil, mobilized from plant

tissue, and assimilated through symbiotiefidation. The daily allocation of C and N in
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the model is based on source-sink concepts. Imttael, N mobilization is computed
first, followed by root uptake of N. N uptake frahe soil can replenish the N mined
from vegetative tissue up to a seasonally varyiagimum concentration. If these
sources of N satisfy the demand for N, then grgutiteeds at its potential rate, using all
of the day's available C, and neg-fikation occurs. If there is a shortage of N, telato
that needed for potential growth, then some C idaravailable to nodules for,N

fixation.

Crop development in CROPGRO uses a flexible apbrtfzet allows development
during various growth phases to be differentiaipstive to temperature, photoperiod,
water deficit, and N stresses. Crops like soyl@@arsensitive to day length, whereas
other crops such as peanut are not. There arethiptien phases, each having its own
unique developmental calculator starting at a umigjuenological stage. The
physiological time development rate during any dag in a phase is typically a function
of temperature, photoperiod, and water deficitafditions are optimal, one
physiological day is accumulated per calendar @ag. number of physiological days
required for a phase to be completed is equallendar days if temperature,

photoperiod, and water status are optimal (Bootd.£1998).

3.2.2.2.3 CERES

The CERES models include simulation proceduresviggat {riticumaestivum L),
maize Zea mays l), rice Oryza sativa L), barley Hordeumvulgare L), grain sorghum
(Sorghum bicolor L), and pearl milletRennisetumamericanum)LThe CERES-Maize,

Wheat and Barley models were modified for integmainto the modular DSSAT
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cropping system model. For these CERES modelgl#m life cycle is divided into
several phases, which are similar among the cRate of development is governed by
thermal time, or growing degree-days (GDD), whigltomputed based on the daily
maximum and minimum temperatures. The number of @D&urring on a calendar day
is a function of a triangular or trapezoidal functidefined by a base temperature, one or
two optimum temperatures, and a maximum temperatiooge which development does

not occur.

The potential biomass of a crop can be thoughsdha product of the rate of biomass
accumulation times the duration of growth. The dtbiomass accumulation is
principally influenced by the amount of light intepted over an optimum temperature
range. Daylength may affect the total number ofdésaormed by altering the duration of
the floral induction phase, and thus, floral irtiba. Currently, only temperature and, in
some cases, daylength, drive the accumulationafigg degree-days (GDD); drought
and nutrient stresses currently have no effectiriguhe vegetative phase, emergence of
new leaves is used to limit leaf area developmatit after a species-dependent number
of leaves have appeared. Thereafter, vegetativechirag can occur, and leaf area
development depends on the availability of asstesl@and specific leaf area. Leaf area

expansion is modified by daily temperature (GDD avater and nitrogen stress.

Daily plant growth is computed by converting daityercepted photosynthetically active
radiation (PAR) into plant dry matter using a cepecific radiation use efficiency
parameter. Light interception is computed as atfon®f leaf area index, plant

population, and row spacing. The amount of newndayter available for growth each
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day may also be modified by the most limiting ofteraor nitrogen stress, and
temperature, and is sensitive to atmospherig €@Dcentration. Above ground biomass
has priority for carbohydrate, and at the end che#ay, carbohydrate not used for above
ground biomass is allocated to roots. Roots mustive, however, a specified stage
dependent minimum of the daily carbohydrate avélédy growth. Leaf area is

converted into new leaf weight using empirical fioies. If the daily pool of carbon is
insufficient to allow growth at the potential ratefraction of carbon can be remobilized
from the vegetative to reproductive sinks each #aynels are allowed to grow until

physiological maturity is reached (Jones et al03)0

3.2.2.3Inputs and Parameters

Input data are required to run crop simulation neéte decision support applications.
Input variables (also sometimes referred to asaggibry variables) consist of data that
is measured or observed for each situation wherenibdel is applied (or based on
measured or observed values). The simplest so@inogcertainty comes from measuring
an unknown physical variable (e.g. daily rainfeinperature, or solar irradiance). While
it is generally considered straightforward to estienthe precision of the instruments on
which measurements are based, the detection @rsgst error can be more difficult
and this component of measurement error is commgniyred (Katz, 2002; Li and Wu,
2006). It is common for researchers to derive inalies for crop simulation models
from indirect measurements or relationships witieotvariables in some cases. In
addition, measurements or estimations at locatdmsr than the simulation site may be

used to fill data gaps or considered to be reptatiea (Bert et al., 2007).
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A major portion of the uncertainty in model outpotay be ascribed to incomplete
information associated with crop, soil, weathed amanagement input values (Aggarwal,
1995). The availability of input data of adequateltty and spatial coverage presents
challenges to the application of crop models aiore) or larger scales (Hansen and
Jones, 2000). This is due in part to the fact tth@toutputs from crop simulation models
are typically non-linearly related to their inpualse to model complexity. As a result, the
outputs are affected by the spatial aggregatianmift variables and parameters that may
occur when models are applied in practice to aoregf interest (Lorite et al., 2005). In
many cases, soil and weather data are approximated spatial interpolation,
geographic information systems (GIS) and/or stonha&gather generators (e.g. WGEN)
(Aggarwal, 1995). Alternatively, many studies utirepresentative input values based
on available data and consultation with local etgg.g. Bouman 1994) that account for
the spatial variation associated with input vaealdnd parameters. However, outputs
simulated with data from representative locatioy mot necessarily represent the
spatial average or the interannual variabilityegional values (Hansen and Jones, 2000).
As a result, when making long term decisions ungheertainty, mangtakeholders often

prefer projection ranges as opposed to a singlstiilkely’ value (Horton et al., 2011).

While input variables can differ depending on thieagion, a parameter is by definition
constant across similar situations of interest.dx@mple, in some cases parameters may
change in space but are constant in time. Howevep, parameter values could be

significantly uncertain due to random errors reddtethe size and number of
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observations when experimental data is utilizedeiermine parameters. In addition,
there may be systematic errors related to biasarekperimental, measurement,
observation and calibration procedures used towvedhnem. Alternatively, parameter

values may be derived from bibliographic reviewxpert opinion.

3.2.2.4Model Outcomes

Model outcomes contain all errors that result friv@ various assumptions and
simplifications that occur over the course of matilelopment. While the structure of
crop simulation models is generally considereda@tiequate, the results may be
uncertain depending on the assumptions made (Agdat®95). The uncertainty
associated with the assumed form of the modelablpmatic because it is rarely easy to
guantify the model outcome error. One importansoeas that model error may vary for
different applications. For example, when modeledegment involves calibration of
model parameters, model error may increase whemdu®l is applied to another area or
another time period. In addition, a fundamentaliohdes made during model
development about which state variables, inputalédeis, and parameters are to be
included in the model. In this case a basic desi@anade about what is important in
determining the dynamics of the system. Furtherpbeefunctional form of
relationships in the model may be specified inadtye However, any model can only be
viewed as an approximation at best. Thus, somelsicagions are inevitable so that the

model is manageable (Katz, 2002).

3.2.3 Level
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Geophysical processes may exhibit real systemdterehces over space and time as
well as inherent randomness (Katz, 2002).While siopulation models are developed
and tested at the spatial scale of a homogenougpfield, water resources stakeholders
are often interested in climate impacts at the tgumatershed or broader scales where
significant spatial variability may exist (Hansarmdalones, 2000; Kersebaum et al.,
2007). Typical input variables include soil projpest(e.g. wilting point, field capacity,
saturation water content, slope, bulk density,rsétal hydraulic conductivity, etc.) ,

daily weather data (e.g. solar irradiance, minimammd maximum temperature,
precipitation, etc.), and management conditiong. @op variety, planting density, row

spacing, nutrient applications, irrigation, etc).

3.2.3.1Recognized Ignorance

Ideally, there would be multi-horizon soil propedsta, daily weather data, and crop
management information for every agricultural fielch region of interest when water
demand for agriculture is being assessed with shopilation models. However, this
information is rarely (if ever) available and, aseault, simulation studies have often
inferred regional crop response to soil and clinvaigability based on a limited number
of sites or “representative locations” within thedy area (Hansen and Jones, 2000). It
is not uncommon for researchers to derive inputesfor crop simulation models from
indirect measurements or relationships with otlarables in some cases due to data
constraints. In addition, measurements or estinatexcations other than the simulation
site may be used to fill data gaps or considerdukteepresentative (Bert et al., 2007).

Regional crop management parameters such as gaitepth, crop variety, and row
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spacing may be assessed by consulting local exfpextéarmers, agricultural extension
agents, and agricultural researchers), but relieslienates of irrigation demand benefit
from comparison with observed water applicatioradataddition to consultation with a
sample of farmers about their decisions regardihgnito irrigate and how much water
to apply (i.e. an irrigation strategy). In Chapdethere is additional discussion about

characterizing regional irrigation strategies.

3.2.3.2Scenario Uncertainty

Scenarios allow all inputs to evolve in time inantextually consistent manner so that
model outcomes of interest can be evaluated thagégmond to plausible manifestations
of reality. Scenarios are postulated sequencesenite that help policymakers focus
attention on causality, impacts, and tradeoffs. [&/écenarios alone are not an adequate
means of addressing model outcome uncertainty asiceanalysis is quite popular in the
climate change impacts, adaptations, and vulnetafiiV) research community (Katz,

2002).

Climate change impact studies typically identifiyaseline scenario associated with
current or recent conditions that allows for thejgction of future impact. The model
outcomes of interest from the baseline scenaric@anmgared with outcomes derived

from scenarios of future climate in order to assdéissate change impacts. There is
recognized ignorance underlying long range progectiof irrigation demand due to
volatility in agricultural markets, technologicalnovations, and genetic development that

increases water use efficiency (Bramblett, 1995)opposed to the impossible task of
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identifying a “most likely” climate scenario, exping a range of plausible future
conditions with multiple climate scenarios allowes $ystem resilience (Daniels et al.,

2012) .

To obtain daily data for future scenarios, manyligsl that utilize crop simulation models
have simply adjusted historical data by doublindemt CQ concentrations and/or
modifying observed local temperature, solar radigtand precipitation with rather
arbitrary relationships (Saarikko, 2000). Howewgopal climate models (GCMs) used
in conjunction with weather generators (e.g. WGRBM)Vvide stochastic sequences of
daily weather that are intended to be statisticajyresentative of future climate
conditions. Alternatively, monthly mean GCM aveza@re often projected onto
historical data with a simple and low-cost downsatechnique known as the delta
approach (Horton et al., 2011). Dynamic downscalisgs a regional climate model
(RCM) nested within a GCM in an attempt to betepresent regional climate (Daniels et
al., 2012).Both statistical and dynamic downscaéipgroaches are frequently utilized in
the climate change IAV research community. Therigonsensus on the best method
for downscaling GCM outputs. While these technigassist in providing greater spatial
and temporal detail than GCM outputs at coursdescthe assumptions associated with
the downscaling approaches introduce another aspecicertainty. There is no
individual downscaling approach that has yet todeatified as the most appropriate for

climate change studies (Southworth et al., 2002).
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3.2.3.3Statistical Uncertainty

There are different methods for evaluating the icbpaf uncertainty in model inputs
with varied degrees of complexity, effort, and daquirements. Notably Aggarwal
(1995) assesses the implications of uncertaintiesdp, soil, and weather inputs in the
spring wheat WTGROWS crop simulation model by reprging the uncertainty of each
input with a statistical distribution of values bdson literature review, measurements,
and expert judgment. Monte Carlo simulation wabkzeiil to assess total uncertainty in
simulated yield. One hundred combinations of rand@aines were generated from the
specified distributions and the uncertainty in demed outputs was expressed as the
percentage deviation in the output as compareldet@éterministic output associated
with fixed input values. The author evaluates pt&énrrigated, and rainfed production
environments for three contrasting crop seasonsandudes that deterministic model
outputs have a larger bias in water and N limitedrenments in comparison to a
potential production environment. However, non-$inerop simulation model response
to variation in input variables and parameters m@tstaken into account. Furthermore,
no significant spatial correlation existed amonfpstrandomly generated input variables

and parameters.

Spatial interpolation methods are popular toolss&trmating values of environmental
variables at unsampled locations with data froompobservations (Guerra et al., 2007).
A recent review of comparative studies of spatiedipolation methods in environmental
sciences by Li and Heap (2011) found that inverstadce weighting (IDW), ordinary

kriging (OK), and ordinary co-kriging (OCK) are theost commonly used methods. In
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general, kriging methods performed better than geostatistical methods when the
statistics of the differences between measurecpaedicted values at sampled points are

used to evaluate performance (Li and Heap, 2011).

3.3 Aggregation Error Assessment
Many problems associated with “scale transfer’smale change” occur due to scale
differences between the model and observationsierhand and the model and policy
makers on the other hand. The term “scale” hadlagroal sense (as opposed to the
cartographic sense) that is used in this work, hirctv“large scale” refers to large areas.
The “extent” is the area that is of interest fag #iudy. The extent may be divided into
smaller areas that are called “support units” ded*support” is the information available
on some or all support units. The support unite@ased with crop simulation models
typically correspond to the simulation units whatie the spatial units considered to be
homogeneous for the model application. In mostgabe crop simulation model is run
independently for each simulation unit. Thus, tbegible interactions between the
simulations units are not taken into account. Wienspatial interactions are important
and need to be considered, the crop simulation hrodg be coupled with a different
model for an integrated assessment. For examm@egdhpling of a crop model with a

hydrological model allows one to obtain simulatiesults at the watershed outlet.

Thescalingproblem has been identified by Beven and Fish@@§) as the pursuit of a

set of concepts that allow information gatherech arodel developed, at one particular

scale to be used in making predictions at anotteegSchulze, 2000). The terms
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“upscaling” and “downscaling” refer to increasingdadecreasing the support
respectively in this work and are commonly referieds “aggregation” and
“disaggregation” respectively. While the charadtciscales of a crop simulation model
are both spatial and temporal, this chapter wdbfprimarily on changes in spatial
scale. In Chapter 5, there is additional discusaimout challenges and solutions

associated with changes in temporal scale.

When crop simulation models developed at the felmle are used to make decisions at a
broader scale such as the county scale, the extenthe support unit of the study
becomes larger than a field or individual croppsygtem. All input data inevitably will

not be available for all fields in the county. Thascommon assumption is that many
fields have the same characteristics and, conségutre crop simulation model can be
run with same input data for all the fields consede The support unit in this case is a set
of fields although the units associated with thguindata remain unchanged. In this case,
upscaling (or aggregation) is accompanied by aghah support as well as a change in

extent.

The integration of crop simulation model outputsoas the range of variability of the
environment within a region of interest resultsigpatial average for an intensive
variable (e.g. crop yield or irrigation depth). Fex@ample, the average irrigation demand

over a two-dimensional region in a given year igegiby
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d=A" . f(e(x 2)dxdz
where the function, = f (e ) represents simulated irrigatiemand in year due to

environmental inputs,  (i.e. weather, soil, and ng@n@ent conditionsR  is thegion

of interes, andA is the area of the region.

3.3.1 Background

Few studies have addressed the response of crofasiom models to variations in the
level of input data and parameter aggregation. Hewespatial averaging biases the
variability of daily time-series weather data. Tiagarticularly important for
precipitation because of its influence crop watezss response which depends on soil
water balance dynamics. Furthermore, soil heter@igehas significant implications for
crop simulation model applications (Hansen and oP@00).This work aims to evaluate
the aggregation error introduced by the aggregatfanputs in crop simulation

modeling.

Lorite et al. (2005) assess the impacts of inptampater and data spatial and temporal
aggregation on the assessment of irrigation schparfermance through the simulation
of average irrigation schedules and the correspanciiop yields. This study is carried
out using the Genil-Cabra irrigation scheme whichers an area of 6990 hectares in the
province of Cordoba (Spain). Four irrigation seas@®96/1997 — 1999/2000) are
considered in analysis and the most frequent onegoe winter cereals, sunflower, and
cotton which occupy about 55% of the area. Dailyeumlogical data was obtained from

a weather station in the irrigation area and infaiion about irrigation application
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methods, practices, and sowing dates was obtawyediting each field during each
irrigation season, consulting the scheme managdrsarveying farmers (about 10% of
farmers responded). The water balance model rehethie USDA Soil Conservation
Service (1972) curve number method and infiltratedier was distributed following a
cascade approach along ten equal layers for a goiéprofile. The Penman-Monteith
formula was utilized to calculate reference evagudpiration and subsequently
maximum crop evapotranspiration. The ratio of seakactual evapotranspiration to
seasonal maximum evapotranspiration allowed faela yeduction estimate using a
production function approach (Doorenbos and Kasd4&m9). Irrigation application
efficiency and the depth of water necessary tdl te# soil profile are utilized to

determine gross irrigation requirements.

Three levels of aggregatioadgregation level * the entire areaggregation level 2

83 command areas, aadgregation level 3- approximately 800 parcels) were defined to
evaluate the effects of input parameter aggregatiotine estimation of scheme water
requirements. To extend the validity of this analye situations where the variability in
soil properties is different, four different sodenarios were generated by varying the
variance of the soil water holding capacity (itee tifference in soil water content
between field capacity and wilting point) but kegpconstant its average over the
irrigation area. Five temporal aggregation levdklfy, weekly, monthly, quarterly, and
annual) were defined for the temporal aggregatimalysis that utilized the effective
rainfall concept (as opposed to the curve numbeatef)@nd a soil evaporation model

lumped into a single crop coefficient (Allen et, 41998; Doorenbos and Pruitt, 1977).
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The authors found that irrigation requirementsnested with aggregation level 1 were
about 0.5% and 1% less than those estimated wireggtion level Il and IlI
respectively. They argue that such differencesiaexpectedly small and deserve closer
analysis. However, soil variation was shown touafice the magnitude of the
aggregation effect. Its impact was most markediémap-rooted crops in rainy years (i.e.
20% error associated with highest soil variabiitsaluated for sunflower in
1997/1998).Temporal aggregation had little effectlee simulation of irrigation
requirements up to monthly time steps. The autbmt$10t observe interaction between

temporal and spatial aggregation.

The full integration of crop simulation models @@€Ms remains a challenging

endeavor due to the different scales at which mseEetake place. In order to quantify the
bias in yield simulation introduced by the spafighregation of precipitation inputs,
Baron et al. (2005) conducted a case study in Sgndwere 17 rain gauges were
available inside a grid box with a size (i.e. 17t0\14.2° W and 12.6° N to 15.4° N)
similar to a GCM grid box. A smaller box approximigt1°® square was also defined as
an intermediate level of aggregation. The authateypret GCM output as a spatial

average as opposed to a point observation.

The SARRA-H crop modeling platform was utilized wdaily weather records (1950-

1980) to simulate millet production on a sandy saih a water holding capacity of 100

mm m*. The water balance model consisted of two so#igyRunoff and evaporation
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was simulated daily and the remaining water wastared into storage, drainage, and
transpiration. Plant transpiration and carbon agsiion are reduced as the soil water in
the root zone decreases. Maximum evapotranspiré@dhwas determined by a crop
factor while potential evapotranspiration (PETyaverned by FAO guidelines for
different species (Doorenbos and Kassam, 1979; é&mrs and Pruitt, 1977). Grain
yield simulations were performed by averaging weathputs or with individual weather
station inputs (with subsequent averaging of sitedlgields). Both grain yield and crop
biomass were significantly overestimated as a tegulggregated rainfall input. The
authors argue that the distortion of rainfall freqay and intensity caused overestimation
of ‘agronomically effective precipitation’ or theaction of rainfall that is ultimately

transpired.

3.3.2 Study area

The Apalachicola — Chattahoochee — Flint (ACF) hasitends across 50 counties in
Georgia, 10 counties in Alabama and 8 countiedanda. The basin is drained by the
Apalachicola, Chattahoochee and Flint rivers. Tha River drains an area of 8,460
square miles and is characterized by humid, suigimbplimate with long summers and
mild winters (USGS, 2007). Agricultural irrigatioapresents the largest consumptive use

of water in the Flint River basin (Hook et al., 299
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Figure 3.5.Map of Apalachicola — Chattahoochee — Flint Widteds: Buford,

West Point, George, Montezuma, Albany and WoodBaihbridge (Kimaite, 2011).

The study area (31°32' N, 84°31'W to 31°36’ N, 84"®) is approximately 10,000
acres and lies in Baker County, GA which has oe0@0 acres of irrigated acreage

(USDA, 2007). Water withdrawals for agricultureBaker County were estimated to
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exceed 40 million gallons per day (MGD) in the y2@00 (USGS, 2009). This area lies
in the Lower Flint — Ochlockonee water planningioag WPR) which is in the southern

portion of the Flint River basin.

Lower Flint - Ochlockonee WPR
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Figure 3.6.Irrigated acreage in Baker County, GA (adaptechftdook et al 2010).

Mean annual temperature ranges from 56 °F in themains to 69 °F near the coast in
Georgia (Perkins, 1987). Annual precipitation rafyem 43 inches (1,100 mm) to 75
inches (1,900 mm) and is caused by two differeat@sses (frontal and convective).
While rainfall occurs mainly as a result of frodigring the fall and winter (i.e. October
to March), the spring and summer (i.e. April to ®epber) are characterized by
convective processes, tropical storms, and smabteatric patterns. Significant

correlation in monthly rainfall exists at distan@eslarge as 600 km in the ACF basin
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during January. However, the range decreases t&@0da the month of July due to the
different atmospheric physics causing rainfall dgrihe convective rainy season

(Baigorria et al., 2007).

3.3.3 Weather Data

Daily historical weather records were obtained fittwa Georgia Environmental
Monitoring Network (GAEMN) for 38 automated weatls¢ations. The data consists of
daily values of solar radiation (MJfjn minimum/maximum temperature (°C), and
precipitation (mm/day)The GAEMN is a valuable resource that is utilizeztjtiently by

farmers and agricultural researchers in the Soathé&.
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Figure 3.7.The Georgia Environmental Monitoring Network (GAEMRD11).

59



3.3.4 Soils Data

Soil profile data is derived from bulk and corel saimples collected for multiple soll
horizons in fifty counties (Perkins, 1987). In attwh, USDA — Natural Resources
Conservation Service (NRCS) soil characterizatiatabase and soil maps were utilized
to develop the data set. Soil properties are @dsived using methods incorporated into
the SBUILD software program that accompanies th&8Bsuite of crop models
(Hoogenboom et al., 2010; Jones et al., 2003; Rerkio87; Salazar et al., 2012; Tsuji et
al., 1998). The soll profile data selected to depehe variogram function presented in
this chapter included drained lower limit, drainggper limit, as well a geographic

coordinates for each soil profile.

3.3.5 Methodology

In order to assess the aggregation errors assdaidtie spatially aggregated inputs, a
hypothetical region is developed and partitioneéd angrid of homogenous land units.
Each land unit is assigned unique soil propertiebvaeather data. Spatial fields of daily
weather data and soil properties are generatedgsittatistical techniques and
described below. Land units are aggregated intokislat various levels of aggregation
and then CSM-CROPGRO-Peanut is forced with aggeelgaputs. Comparison is made
between model outcomes with “true” weather inputs on-aggregated input data) as

opposed to aggregated inputs.
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3.3.5.1Geostatistics

Consider the problem of estimating soil properteg. field capacity) or daily rainfall at
an unmeasured location. The available informatmmststs of soil property data and
measured daily precipitation data at point locaionspace. To estimate values at any
location other than the measured locations, a maktieal model of spatial variability is
needed. The kriging systems allows for spatial camdield analysis and the “best
estimation” of a random field by utilizing point eurements (Luo, 2007). The structural
distance between model estimates and true valuesasured and the most accurate
estimate is subsequently obtained (Kitanidis, 19B@)gorria et al. (2007) utilized

kriging to quantify spatial correlations of dailgcdamonthly rainfall events in the
Southeast U.S. and to produce realizations of dedlgther that preserve spatial patterns

associated with historical rainfall events.

Geostatistical techniques consider the set of uwknealues as a set of spatially
dependent random variables related to the samleudér(Nour et al., 2006). The
variogramfunction is utilized to represent spatial varidapilvhen utilizing the most
common geostatistical model, timrinsic isotropic mode(Kitanidis, 1997; Nour et al.,
2006). The best linear unbiased estimation (BLUE)hadology is applied and the mean
square error of estimation is considered a ratioredsure of prediction reliability (Luo,
2007). The assumptions associated with the intrimsidel are that (1) the mean is an
unknown constant and (2) the variogram may be sgmted as a function of the distance.
Consider thah measurements have been collected:

Z(X1), Z(X2),..-, Z(Xn)
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whereZ(x;) andx; represent the spatial random function and thefsgpatial coordinates
under consideration respectively. For any locatigra method called kriging can obtain
the best estimate afxp) as well as the error associated with the estinTdte
semivariogranm(hereafter referred to as the variogram) is closalated to the covariance
function which is given by

Cth)= - (h)
where Zis the stationary variance, I)(is the covariance, angh) is the variogram

function at Euclidean distante

3.3.5.2Realizations

The best estimation of a random field is in fast jone realization of the random field.
For this study, a number of realizations condittbna the known measuremeiix;) are
needed that that allow for statistical analysisq(L2007). The procedure utilized for
generating a conditional realization is as follows:

1. An unconditional realizatiod,(X;) is generated with a mean of zero and the
covariance matrix for the attribute of interest.(daily rainfall or available water
holding capacity).

2. Then differencesZ(x;) - Zu(X;) are used for kriging over the extent of the aa
interest.

3. The unconditional realization is added to the laigdferences over the extent of

the area of interest. The conditional realizat®given by

Z.(%) = 2 (%) + 1 IZ(X) 20

i=1
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whereZ,(Xo) is the unconditional realization at the locatainnterest and;are the
kriging weights associated with each measurer@éq). The simple kriging system is
utilized to generate unconditional realizationdwitean zero and the covariance matrix

developed with the known measurement values araditots. The linear equation system

is given by
A =b
with
I
=
I
C(X,,X,)
b= C(X,,%,)
C(X,1%,)
s’ C(x,,X,)
A=
C(x,,X,) s’

where the kriging weights associated with the miummmean square error are chosen

such that

1G04 = CO% %)

j=1
and the estimator is unbiased in that the expectati the estimator and the actual value

is zero, i.e.,

E Z(x,)- Z(x,) = 0
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The ordinary kriging system exactly reproduces kmawaluesZ(x;) at the measurement
locationsx; utilized to develop the covariance matrix. Howevke kriging weights

become subject to the constraint

where

- jg(xi’xj)- F - QX,XO)

j=1
and is a Lagrange multiplier. While the simple krigisgstem is utilized to generate
random spatial fields that have a mean of zero thighdesired spatial correlation
structure in step 1, ordinary kriging is utilizedultimately develop random fields that

honor the true observations at measurement locatiostep 2.

3.3.5.3Variogram

Theraw andexperimental variogrameontains information about the scale of spatial
variability. The raw variogram is the scatter pbthe square differenc&(x;) - Z(x;)] %12
and the separation distance for all n(n-1)/2 mesameant pairs. The experimental
variogram is a common tool used in applied geastesi to visualize spatial
interdependence and it allows for a means to thkedistribution of spatial variability
(Kitanidis, 1997). Examination of the experimentatiogram is often a preliminary step

used to estimate the variogram function and itvemgby

1 N

g(h) :m . [AX)- 4X%;)]
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where the axis of the separation distance has diseretized intk consecutive intervals
(spatial lag classe&) andN(K) is the number of data pairs separated by distndene
experimental variogram is formed graphically by mecting all the points given by the

separation distance intervdisand the corresponding average square differences.

There are limitations to the experimental variogthat are important when fitting a
variogram model. While the experimental variograma useful tool for exploratory
analysis, it is often sensitive to the number ¢éiivals used to discretize the separation
distance range. Furthermore, fitting a variograndehdalata to the experimental

variogram does not ensure that the model is adequat

Alternatively, the concept of the stochastic preaesy be invoked and a probability
distribution is established for tmesiduals The actual error and the normalized error of
the kriging estimate are given by
d, =z(x;)- 7 and
d

e =—
s

i

where j is the actual error,; = 2 (X1,X2) is the standard error, ands the normalized
(orthonormal) residual at theh measurement location. Allare orthonormal in that
they are uncorrelated with each other and normaliaénave unit variance. In fact, the
orthonormal residuals must be uncorrelated if kiggis a minimum variance unbiased

estimator (Kitanidis, 1997).
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The residuals may be thought of as random variasdsconsequently, their probability
distributions may be calculated. The evaluatiothefvariogram is based on statistical
tests (Q and Q) involving the residuals. Under the null hypotise€) is normally
distributed with mean zero and variance 1/(n-1jedatively, Q is normally distributed
with mean one and variance 2/(n-1). In additior1)@. follows the chi-square

distribution with parameter (n-1).
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Figure 3.8.Raw variogram cloud (black circles) and fitted emential variogram model

(blue dashed line) associated with available wadéding capacity (AWHC).

The exponential variogram model is given by

() = 1-™)
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where %> 0 and> 0. While the spatial structure of the availabktev holding capacity
(AWHC) may be described with one exponential vaidng model (see Figure 3.6), daily
rainfall is modeled as a collection of temporaltyrelated random spatial functions
(Nour et al., 2006). Stochastic simulation of ralhbccurs on all days in which at least

one weather station recorded rainfall.

Realizations or random spatial fields of the rdirdastribution are constructed for the
days under consideration (Nour et al., 2006). is Work, a drought year (i.e. 2002) is
considered and exponential variogram parameteresti@ated for all the wet days of the
crop season. The geographic coordinates (i.eudktiand longitude) included with the
soil profile data allowed for a variogram cloudo® developed and subsequently a

variogram function to be evaluated.
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Figure 3.9.Example of raw variogram cloud (black circles) ditt¢ed exponential

variogram model (blue dashed line) associated dadly rainfall (May 17", 2002).
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Figure 3.10.Fitted variogram models associated with dailyfadin

3.3.5.4Spatial Aggregation

Stochastic simulation algorithms have become monencon over the last two decades
for uncertainty modeling in soil science althougkessing uncertainty about soil
attributes is rarely the goal. Rather it is typiga precursor to a more in depth in
investigations concerning the propagation of ertbrsaugh complex functions or models
(Goovaerts, 2001). In this work, input samplingmsployed by simulating crop response
to stochastic realizations of soil and weather #matsampled in a manner that captures
the spatial heterogeneity of the environment. Waggregation by stochastic input
sampling and crop model simulation is data and edatnally intensive, it allows for
the characterization of uncertainty associated aitplying the crop simulation model at

a scale different from the one for which it was eleped (Hansen and Jones, 2000).
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Representative management practices consistenthdttecommendations of
agricultural extension agents and farmers in thedrd=lint River basin are employed.
The CSM-CROPGRO-Peanut model was used to simutadated peanut production.
The popular Runner type variety “Georgia Greersakected due to its widespread use
over the last decade by farmers in the Flint Rbesin. One planting date (Maﬁ?)Swas
used and irrigation scheduling was automated vagfirtigation threshold(IT) approach.
This approach allows irrigation events (i.e. watgplications of 25 mm, 100%
efficiency) to be automatically simulated wheneseit moisture falls below a set
threshold value (IT = 50%) at a given managemeptid@l0 cm). The application of a
fixed amount is consistent with irrigation systecesnmonly used by farmers in this

region (see Fig. 3.11).
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Figure 3.11Plant water availability in the soil column (adapfeom Ines et al., 2001).
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One hundred realizations of daily precipitationutgpand soil properties (drained upper
limit and lower limit) have been generated for eksid unit and the crop simulation
model was run to obtain crop water demand at eawth Uinit. There are 2,304 land units
that form the 48 cell by 48 cell grid that coveppeximately 40 square kilometers.
Rainfall at the boundaries of the conditional rzations exactly reproduced rainfall at the

Arlington, GA and Camilla, GA weather stations adjat to Baker County, GA.

Next, precipitation and soil inputs are averageddocks of land units and the crop
simulation model is run utilizing these variousdtvof spatial aggregation. Statistical
comparison between the model outputs generated tlsn‘true” input data associated
with individual land units and the outputs geneilaising spatially aggregated inputs will
provide valuable insight into the effects of agg®an error on estimates of agricultural

water demand.

Several preliminary analyses were conducted befssessing the full aggregation
scenario (all 2,304 grid cells aggregated). Theat#f of aggregation on irrigation demand
are shown in Figures 3.13 — 3.15 for blocks ofid gells, 9 grid cells, and 16 grid cells
for one stochastic realization of AWHC and pre@pdn. The smoothing of the irrigation

demand surface is evident as a result of the agtgoegof inputs.
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Figure 3.13Simulated irrigation with aggregation of blocksfofir grid cells.
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Figure 3.14Simulated irrigation demand with aggregation ofdi®of nine grid cells.
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Figure 3.15Simulated irrigation demand with aggregation ofdi® of sixteen grid cells.
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The model outcome (i.e. irrigation demand) erresutting from the conditional
realizations generated form an empirical cumuladidsgribution function (see Figure
3.16). As the level of aggregation increases, éiselts show that the distribution spreads
and the magnitude of simulated errors increases.bbi plot of aggregation errors
associated with full aggregation (i.e. all 2,30&lg)y in shown in Figure 3.17. The

standard deviation of aggregation error is plo#gdinst spatial scale in Figure 3.18.
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Figure 3.16.Empirical cumulative distribution functions of aggation error.
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Figure 3.18Standard deviation of aggregation error with insheg spatial scale.
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3.3.6  Summary

The soil profile data selected to develop the \gram function presented in Chapter 3
included drained lower limit, drained upper linas well a geographic coordinates for
each soil profile. The soil profiles were developfmdagricultural researchers at the
University of Georgia with USDA - Natural Resour¢@snservation Service (NRCS)
soil maps, bulk and core soil samples collectedrfaltiple soil horizons in fifty counties
(Perkins, 1987), as well as the SBUILD softwaregpam that accompanies the DSSAT
suite of crop models. The geographic coordinates l@titude and longitude) allowed for
a variogram cloud to be developed and subsequantriogram function to be

evaluated. This is now described in more detaihethesis.

Ideally a network of weather stations with an agerdistance between stations of about
0.4 square kilometers (i.e. 0.16 square milesspatial scale of 100 acres) would be
utilized to develop the variogram functions of gigorecipitation described in Chapter 4.
However, there is no such weather station netwokkxistence due to the high costs
associated with the desired spatial density andexurently, consultants and planners
typically use representative or aggregated weatiperts from the nearest weather
station(s) for water resources planning applicatidrhus, the precipitation data from the
Georgia Environmental Monitoring Network is utilzand the geostatistical techniques
described in Chapter 4 are employed for this rebedthe work presents a technique to
evaluate the potential benefit of a denser weath&vork when utilizing aggregated

weather inputs to assess agricultural water demand.

75



Radar-derived precipitation derived may presergeful means of evaluating real-time
drought stress at a relatively high resolution (Nt et al., 2011). For planning
applications and climate change projections, achedsured data from rain gauges is
typically used. Furthermore, radar data must be irseonjunction with ground based
measurements in order to characterize the uncgrtassociated with radar-derived
precipitation. Future work may evaluate the potdrienefits of radar data for describing
the spatial variability of daily rainfall and aggeged weather inputs for agricultural

water demand assessments.

In this chapter, geostatistical techniques arézetil to represent the heterogeneous nature
of soils, crop management, and climate at mulgglges. A methodology for estimating
the aggregation error associated with forcing @iopulation models with aggregated
inputs is presented. Results suggest that the atdnigviation of model error is
approximately 23 mm at a spatial scale of 1/8 dedrechapter four, irrigation strategies
are characterized by simulating observed irrigatlepths. The results from this chapter
inform model calibration guidelines for estimatipgrameters to represent regional

irrigation strategies in the Lower Flint River basi
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Chapter 4: Agricultural Water Demand in the Southeast U.S.

In this chapter a methodology is presented foradttarizing regional irrigation strategies
in the Lower Flint River basin and estimating regibwater demand. Previous research
with the AWP data set has shown that the moistuess threshold (MST) irrigation
scheduling algorithm (Brumbelow, 2001) has the ptigéto represent regional irrigation
demand under current climate conditions in thetfiver basin (Braneon and
Georgakakos, 2011).County-scale irrigation straggire determined with metered
irrigation data from the GSWCC for 2007 and the M&ifation scheduling algorithm.
Historical assessments of agricultural water denaedsubsequently conducted in the
Lower Flint River basin that utilize the 2007 baselirrigated acreage developed by
Hook et al. (2009). In Chapter 5, agricultural watemand assessments under climate

change are presented.

4.1 Introduction
In order to effectively develop water managemeangland policies in the Southeast
U.S., estimation of water demand in the agriculteeztor is essential. Agricultural water
use is the dominant form of consumptive water ngbeé Flint River basin and many
river basins throughout the world. While measuretsi@h municipal and industrial
abstractions have been available for many yeamspoehensive measurements of
agricultural water demand remain scarce (GWRI, 20B@rthermore, Georgia’s

significant population growth and expansion ofgatied agriculture over the last four
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decades (see Fig. 4.1) has raised concerns abethevHlows in the Flint River will be

sufficient during periods of drought or below awgFaainfall.
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Figure 4.1 Georgia irrigated acreage trend (Kimaite, 2011).

The doctrine of “riparianism” forms the basis ofdsgia’'s modern water rights and
dictates that land ownership entitles the propeviyer to “reasonable use” of surface
and ground water (Hodgson, 2006). These watergigid “usufructary” in that land
owners have a right to the use and enjoyment oémwaithin the state but no property
right (Hodgson, 2006). Reasonable use of surfadensaggests that a property owner
adjacent to a waterway must leave enough watdramiaterway so as not to inhibit
reasonable use by downstream users. Amendmentsai@i@'s Groundwater Use Act of
1972 and Water Quality Control Act were made in888require agricultural water
users to obtain permits from the Environmental &won Division (EPD) of the Georgia

Department of Natural Resources (DNR).
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While agricultural irrigators that use more tha® D0 gallons per day on a monthly
basis are required to obtain permits from the E§d® Fig. 4.2), permit records do not
include enough information to estimate actual watersumption by irrigators. Permit
records identify permitted agricultural water useyq1) type of water source(s), (2)
county of withdrawal, (3) pumping limit, and (4)}abpossible irrigated area(s).
However, no information is provided in permittedaeds regarding which crops are

irrigated or what types of irrigation systems atiéaed.

@® GroundwaterSources

® Surfacewater Sources

:I River Basin Boundaries

Figure 4.2.EPD permitted withdrawals for irrigation withinelstate of Georgia (adapted

from GSWCC, 2013)
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In the last fifteen years there have been sigmtiedforts to strengthen the quality and
spatial extent of agricultural water use data im@&. The Ag Water Pumping (AWP)
monitoring program included monthly field visitsrimore than 800 irrigated fields from
1999 to 2004 (Hook et al., 2005). A stratified ramdsampling approach was developed
when identifying potential participants in this uotary irrigation monitoring program.
While AWP contributed much needed information relgag irrigation depths applied
during the 2000 to 2002 drought by agriculturaldarcers in Georgia, uncertainty
regarding the spatial distribution of irrigated eage throughout the state remained a
water planning challenge. As a result, a compreakiemsap of irrigated area was
developed by Hook et al., 2009 as part of EPD ésgarch efforts to support regional
water planning groups. The map formed a commogated area baseline that is
representative of 2007 land use. Approximately @,d80 acres of irrigated cropping

systems were mapped and water sources were i@ehfiifi most irrigated fields by 20009.

The Georgia Soil and Water Conservation Commis€e®WCC) took on the challenge
of reading and maintaining meters for all permitheater withdrawals for irrigation in
2003. However, it would be several years beforentagority of irrigated fields in
Georgia actually had meters installed on theigation systems. In 2011, an analysis of
metered locations from 2007 to 2010 showed thairgptvater users used about a third
more irrigation volume than surface water useraverage. However, normalization of
applied irrigation by irrigated acreage nearly @tiates the disparity between

groundwater and surface water irrigation demana@luation of metered irrigation data
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shows that more irrigation (water depth per acra3 applied in dry years with less
rainfall such as 2007 and 2010. Over 10,000 meters installed by the end of 2010

(Torak and Painter, 2011).

35

304
30

Water depth [inches]

2007 2008 2009 2010

M seasonal precipitation (Camilla, GA) B Groundwater withdrawals W Surface water withdrawals

Figure 4.3.Precipitation depth (April to September) at GAEMMather station in
Mitchell County and metered irrigation depth in ttaver Chattahoochee-Flint River

basin (Torak and Painter, 2011).
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4.2 Methodology
While estimates of agricultural water demand weilezad to develop the Flint-
Ochlockonee Regional Water Plan, the Council hdated that there is a need for
improved “quantification of agricultural water withawal permit limits, based on use
over a number of years “(Georgia State-Wide Watandfjement Plan, 2011). A better
understanding (i.e. “quantification”) of actual egiitural water use “may provide for
more predictable and fair management of agricultweder demand in drought periods”

(Georgia State-Wide Water Management Plan, 2011).

4.2.1 GSWCC Metering Data

The GSWCC currently oversees Georgia’s legally ragadi Agricultural Water Use
Measurement Program that began in 2004. Ultimagdlyermitted agricultural irrigation
wells and pumps must have a measurement devial@s{see Fig. 4.13 and 4.14).
Installation of annually reported meters progregsezbmpletion in the Lower Flint
River basin in time to monitor agricultural watexeuduring the 2007 growing season

(Torak and Painter, 2011).
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Figure 4.4.Map showing the counties that form the Lower Fidhlockonee Region

(adapted from Georgia State-Wide Water Managemiamt, 2011).

Data from the GSWCC that is presented in this digg8en is used solely in a manner
consistent with the intent of Georgia General Adsigriiouse Bill 579 (Georgia General
Assembly, 2003) and the Privacy Act of 1974 (U.8p&rtment of Justice, 2010). The
right to privacy of each farmer is protected ag/@yggregated data and analyses are

presented without reference to specific water ysedividual farmers.

A thorough quality-assurance program was develdgye@SWCC to ensure internal
consistency of metered agricultural water use deataually reported meter data from the

Chattahoochee-Flint River basin was assessed ¢éondieie if “roll-back” or “roll-
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forward” may have occurred (Torak and Painter, 30Rbll-back occurs when the
impeller of the water meter rotates in reverse @mkequently, measured water use is
reduced. Roll-back may be attributed to (A) suctiothe supply pipe containing the
meter after the pump is turned off or (B) negatuepressure in a well due to a water
level drop in the aquifer. Roll-forward may be cadidy rising water levels in wells but

this phenomenon is more difficult to detect.

4.2.2 Data Sampling Procedure

Metered sites are randomly sampled from the pojoulatf sites associated with a given
county within the Lower Flint River basin (see Hgl5). Approximately 75% of
irrigated acreage in the Lower Flint River basiassociated with maize, peanut, and
cotton (see Fig. 4.16). Furthermore, these fietgpsthave been shown to be well
represented with the DSSAT suite of crop modelsdwneral researchers in the Southeast
U.S. (e.g. Hook et al., 1994; Brumbelow and GeorgakaR661; Salazar et al., 2012)
Thus, only metered sites that could be identified@wing one of the three primary
irrigated field crops in isolation were alloweddomprise the county populations utilized
for random selection. These sites are assumedaterorops in order to reduce the
prevalence of plant disease and achieve highels/isee Fig. 4.17). The sampled sites
were further reduced to sites that did not utilAzdl-to-pond systems and sites that

applied less than thirty-five inches during theryea

The decision to irrigate is mimicked by utilizinget moisture stress threshold (MST)

algorithm to represent regional irrigation stragsgiConsultation with farmers,
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agricultural extension agents, and agriculturadaeshers revealed that in some instances
an inch or water may not be applied to large fi¢klg. a 250 acre field in one day).
Furthermore, while many farmers have irrigationtsyss that are able to irrigate multiple
fields with one source and minimal manpower, soammérs have irrigation systems that
require manual adjustments that may result in s@goa in which an irrigation event
occurs over a time period that exceeds one dayrder to focus on the farmer’s decision
to apply irrigation on a daily basis and the envimental heterogeneity associated with
increasing the spatial scale, only permitted ghasincluded less than one hundred acres
of irrigated area are selected to characterizgation strategies. This final constraint is
imposed to reduce the likelihood of operationalstoaints that prevent water from being

applied to the entire irrigated area in one day.
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Figure 4.5.Sites in Statistical Region 1 (adapted from Taanl Painter, 2011).
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Figure 4.6.Historical crop acreage in Georgia (Lin et al.02p
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Figure 4.7.Peanut yield estimates for various maize (MZ) npe#&PN), and cotton (CO)

rotations (USDA, 2008).

4.2.3 Irrigation Strategy Characterization

A random sample of twenty-one to thirty-two meteséds was selected from each
county population. The MST algorithm (Brumbelow02is implemented with the
DSSAT suite of crop models in order to quantify tiniggation strategy utilized at each

metered site.
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Irrigation demand is represented with a dynamit¢esysmodel as
(t+0) =1 () 4, X (1), w(1); @

wherel(t) = total applied irrigation at the end of day t is one dayd, is a daily water
demand function associated with the crop simulatiaael, X(t) is the vector of state

variablesw(t) is the vector of daily climatic forcing, ands the vector of parameters.

Physiological moisture stress is a phenomenonishatiservable at the field scale by
farmers (Brumbelow, 2001). However, farmers arkugriced by a variety of factors
when scheduling irrigation. Many irrigators in thknt River basin rely on “visual
inspection of the plant” and “general experience’aaneans to determine how much
water to apply (Yu et al., 2005). The irrigatiomuind planning framework utilized in
this work relies on a plant stress index (statéabde) calculated by the DSSAT suite of
physiologically-based crop models. Thus, plant watess (or moisture stress) is
assumed to be the primary cause for irrigationdmcaltural producers in the Southeast

U.S.

After numerous discussions and extensive correggaoawith agricultural researchers
and producers in the Lower Flint River basin, aoegl irrigation scheduling approach
was developed that allows approximately 33 mm dews be applied at 75% efficiency
when plant water stress exceeds a crop-specifistorei stress threshold (MST). The

implementation of the irrigation scheduling appfo&mlows:
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1. The daily moisture stress index is determined frendaily plant stress factor as:
MST=TURFAC
TURFAC (i.e. turgor factor) is the most sensitiiélee plant stress factors
determined daily for all crops in DSSAT. It dirgc#ffects the growth rates of
most plant organs and ranges from zero (i.e. exanelant stress) to one (i.e. no
plant stress).

2. At each metered site, irrigation is scheduled dyaamic approach so that an
irrigation application is applied any time the M8Xceeds the user defined MST
target. The crop-MST combination that results seasonal irrigation depth that
is closest to the observed irrigation at each redtsite is retained as a plausible

irrigation strategy.

Developing irrigation strategies based on mainteyrgoil moisture stress below a
particular threshold is justified in that this apach implicitly incorporates crop
development stage, precipitation, and soil moistAggicultural producers aim to
prevent plant water stress because water is usethhis for temperature regulation,
chemical transport, structural integrity, as wellpdotosynthetic processes (Brumbelow,
2001). TURFAC is a drought stress index affectialj @xpansion that is a function of the
ratio of potential plant water uptake to potentiahspiration. The index is represented

mathematically as:

n

RWU,
TURFAC =min 1,0.67———

pot
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whereRWU is root water uptake in soil layem is the number of soil layers, affight is
potential transpiration. Thus, when total potentiat water uptake is 125% of potential

transpiration, cell expansion is reduced to 83%hmefpotential transpiration rate.

4.2.4 Weather Data

Daily weather data is utilized from the Global Suamgnof the Day (GSOD) dataset
(NCDC, 2010) as well as the Georgia Environmentahibring Network (GAEMN).
The GSOD dataset is derived from hourly observatessociated with the Integrated
Surface Hourly (ISH) database. This database iposed of surface weather
observations from about 20,000 stations worldwsee (Fig. 4.18). The data in the ISH
database is collected and stored from sourcesaitie Automated Weather Network
(AWN), the Global Telecommunications System (GTeé®)d the Automated Surface
Observing System (ASOS). The GAEMN is describesiction 3.3.3 and Figure 3.7 of

chapter three.

90



) S, 5 |} A {
£ - - . .\ v ™ — = A - I|
J ot AN 2
! i 1§ —y R
{ - — \
J ) e
v % i
i = '
=< SR s i

Figure 4.8.NCDC weather stations in the Southeast U.S. (adaipom NCDC, 2010).

The daily temperature and precipitation inputszed for each metered site are spatially

interpolated from GSOD weather stations in the Beast U.S. The inverse distance

weighting procedure applied is given by
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Wherew is the daily weather variable being estimated fetered sitg, w; is the value
of the weather variable of interest at weathertat d;; is the distance between the
metered sit¢ and weather statianandn is the number of weather stations utilized for
the estimation procedure. Conversely, daily sa@dration inputs are utilized from the

nearest GAEMN weather station as climatic forcioagdrop simulations at metered sites.

4.2.5 Soils Data

Soil profile data is utilized that was developegast of the Agricultural Irrigation Water
Demand study completed by Hook et al, 2009 (sedeléf). The data set is described in
section 3.3.4 of chapter three and includes segeibproperties such as saturated
hydraulic conductivity as well as soil water cortehthe drained upper limit (i.e. field
capacity) and lower limit (i.e. wilting point) olgint available soil water. Simulated
irrigation water demand estimates that are utilizedssess irrigation strategies are
weighted by the estimated proportion of each gpitassociated with irrigated

production within selected counties.
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Table 4.1.Soil profiles utilized in crop model simulatiortddok et al., 2009).

County Soil Association Soil type
BAKER ORANGEBURG-FACEVILLE-LUCY Orangeburg Loamy Sand
BAKER BONMEAU-BLANTOMN-TROUP Troup Sand
BAKER TIFTOM-DOTHAN-GRADY Tifton Leamy Sand
CALHZUP ORAMGEBURG-FACEVILLE-LUCY Crangeburg Loamy Sand
CALHCURM TIFTOM-DOTHAMN-GRADY Crathan Loamy Sand
CRISP TIFTOM-ALAPAHA-DOTHAN Tiftan Leamy Sand
CRISP TIFTOMN-ALAPAHA-DOTHAN Drothan Leamy Sand
DECATUR BOMNMEAU-BLAMNTOMN-TROUP Troup Sand
CECATUR ORAMNGEBURG-FACEVILLE-LUCY Crangeburg Loamy Sand
DECATUR TIFTOM-DOTHAN-GRALDY Tiftan Leamy Sand
DooLY TIFTOM-DMITHAN-GRALDY Tifton Leamy Sand
CeOLY ORAMNGEBURG-FACEVILLE-LUCY COrangeburg Loamy Sand
DOoLY TIFTOM-ALAPAHA-DOTHARM Crathan Loamy Sand
EARLY TIFTOM-DOTHAN-GRADY Tiftan Leamy Sand
EARLY ORAMNGEBURG-FACEVILLE-LUCY Orangeburg Loamy Sand
EARLY ORAMNGEBURG-FACEVILLE-LUCY Faceville Sandy Loam
LEE TIFTOM-ALAPAHA-DOTHAN Tifton Loamy Sand
LEE ORANGEBURG-FACEVILLE-LUCY Orangeburg Loamy Sand
LEE TROUP-FUQUAY-PELHAR Fuguay Loamy Sand
IMILLER TIFTOM-DMITHAN-GRALDY Tifton Leamy Sand
IMILLER BOMMEAU-BLANTOMN-TROUP Troup Sand
IMILLER GRADY-DCILLA-TIFTCN Ccilla Loamy Sand
MITCHELL BOMMEAU-BLANTOMN-TROUP Troup Leamy Sand
MITCHELL TIFTOM-DMITHAN-GRALDY Tifton Leamy Sand
MITCHELL ORAMNGEBURG-FACEVILLE-LUCY Crangeburg Loamy Sand
SUMTER ORANGEBURG-FACEWVILLE-LUCY Crangeburg Loamy Sand
SUMTER ORAMNGEBURG-FACEVILLE-LUCY Faceville Sandy Clay Loam
SUMTER ORAMGEBURG-FACEVILLE-LUCY Lucy Leamy Sand
TERRELL ORAMNGEBURG-FACEVILLE-LUCY COrangeburg Loamy Sand
TERRELL TIFTOM-ALAPAHA-DOTHARM Tiftan Loeamy Sand
WORTH TIFTOM-ALAPAHA-DOTHAN Tiftan Leamy Sand
WORTH TIFTOMN-ALAPAHA-DOTHAN Drothan Leamy Sand

4.2.6 Management Practices

The field management practices utilized as fixecpeeters in crop model simulations

were developed after consultation with agricultsécialists, researchers, and farmers
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in the Lower Flint River basin. These practices@esistent with recommendations

from agricultural extension agents in southwestGieo

Table 4.2.Field management practices utilized in crop siroe.

. Planting Date | Planting Density | Row Spacing | Planting Depth
Crop Cultivar .
(DoY) (plants/m?) (cm) (cm)
Corn PIO 31G98 74 7 90 5
Cotton | Deltapine 555 BG/RR 136 11 80 3
Peanut Georgia Green 121 13 85 5

4.2.7 Regional Irrigation Strategies

The farmer’s decision to irrigate is mimicked witle MST algorithm by simulating

water applications during the crop season whery qdaint water stress (i.e. [plant water

uptake] / [potential transpiration]) exceeds ashmd MST value. While MST values

may theoretically range from zero (i.e. high styésone (i.e. no stress), the box plot

shown in Figure 4.20 reveals that the central teog@amongst randomly sampled

irrigated fields in the Lower Flint River basinapproximately 0.77. MST values and

irrigation demand are shown for several countigsigures 4.21 - 4.44.
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Figure 4.9.Simulated and measured irrigation demand at Call@nunty farms.
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Terrell County Farms
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Figure 4.11.Simulated and measured irrigation demand at Teainty farms.
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Figure 4.12.Box plot of MST values associated with Terrell Gtu
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Crisp County Farms
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Figure 4.13.Simulated and measured irrigation demand at @mpnty farms.
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Figure 4.14.Box plot of MST values associated with Crisp Cqunt
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Figure 4.15.Simulated and measured irrigation demand at B&keinty farms.
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Figure 4.16.Box plot of MST values associated with Baker Cgunt
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Figure 4.17.Simulated and measured irrigation demand at DGolynty farms.

Figure 4.18.Box plot of MST values associated with Dooly Cgunt
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Figure 4.19.Simulated and measured irrigation demand at E2olynty farms.

Figure 4.20.Box plot of MST values associated with Early Cqunt
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Figure 4.21.Simulated and measured irrigation demand at M@leunty farms.

Figure 4.22.Box plot of MST values associated with Miller Coyn
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Figure 4.23.Simulated and measured irrigation demand at De€xunty farms.

Figure 4.24.Box plot of MST values associated with Decatur @gu
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Figure 4.25.Simulated and measured irrigation demand at Su@denty farms.

Figure 4.26.Box plot of MST values associated with Sumter Ggun
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Figure 4.27.Simulated and measured irrigation demand at Wodhnty farms.

Figure 4.28.Box plot of MST values associated with Worth Cgqunt
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Figure 4.29.Simulated and measured irrigation demand at Mit€@unty farms.

Figure 4.30.Box plot of MST values associated with Mitchellu@ay.
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Figure 4.31.Simulated and measured irrigation demand at Sdenfdbounty farms.

Figure 4.32.Box plot of MST values associated with Seminolely.
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4.3 Historical Irrigation Water Demand Assessment
Historical assessments of agricultural water densardrerequisite for the climate
change assessments that will be discussed in cHajgteln the remaining sections, the
approach utilized for characterizing regional freqey distributions of irrigation demand

is presented as well as an evaluation of the tingastrategies discussed in section 4.2.

Figure 4.33.Local drainage areas and county boundaries in ¢iveek Flint River basin.
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Figure 4.34.Schematic of irrigated acreage in Southwest Gaagd local drainage
areas (LDASs) in the Lower Flint River basin: Albamainbridge, Iron City, Milford,
Newton, and Woodruff. The grid mesh associated wikorical precipitation and

temperature data is also shown (Hook et al., 2010).

4.3.1 Weather Data

The model-derived dataset of daily precipitatiod samperature (minimum and
maximum) developed by the University of WashingsoBurface Water Modeling group

is utilized for the historical assessment. The skettapans the period (1950-2010) and has
a 3-hr time step with a spatial resolution of 1&8jicte. The dataset was developed by
forcing a macroscale (i.e. > 10 km) hydrologicald®lp the variable infiltration capacity

(VIC) model (Liang et al., 1994), with observed ewblogical data. Data inputs for the
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VIC model are derived from the National Oceanic Atrtiospheric Administration
(NOAA) Cooperative Observer (Co-op) network as vaslithe parameter-elevation
regressions on independent slopes (PRISM) moddy @al., 1994). The VIC model
balances both surface energy and water at eachstepeover all grid cells (Maurer et al.,
2002). The grid mesh is shown along with local mige areas and irrigated area in

southwest Georgia in Figure 4.46.

Daily solar radiation data is utilized from the Matl Renewable Energy Laboratory
(NREL, 2007) National Solar Radiation Database (B8R The 1991-2005 NSRDB
contains hourly solar radiation (including globditect, and diffuse) and meteorological
data for 1,454stations. This update builds on t6&32990 NSRDB, which contains data

for 239 stations.

Atmospheric carbon dioxide concentration data isioled from NOAA. The data

utilized is shown in Figure 4.47.
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Figure 4.35Historical atmospheric carbon dioxide concentra(ld®AA, 2012).

4.3.2 Soils Data

The soils data has been previously described itioses.2.5.

4.3.3 Assessment Approach

Historical assessments of agricultural water denmardonducted for local drainage
areas in the Lower Flint River basin. The countgksdrrigation strategies discussed in
section 4.2 are utilized along with scaling factibrst were derived for each county.
Metered sites utilized to develop the irrigatiorattgies are associated with row crops

that may be less water intensive(i.e. applied viatee) than other crops (e.g. vegetables)
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that may contribute significant irrigation demandsome counties. Thus, county
specific-factors were developed by taking the rafithe irrigation depth of sampled sites

and the irrigation depth of all metered sites witeach county (see Table 4.2).

Table 4.3.County-specific scaling factors

Each grid cell is associated with a county in tleaver Flint River basin. Each year a
crop-MST combination is randomly sampled from tbéection of irrigation strategies
previously determined for the county of interegtisicrop-MST combination is the
irrigation strategy that drives irrigation schedgliwhen the DSSAT model is run. After
weighting the crop simulation outputs based orrépeesentative soil profiles, the
scaling factor is applied to estimate irrigatiopptefor the grid cell. Finally, model
outputs for all grid cells within a local drainageea are weighted equally to obtain

historical irrigation demand estimates.
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4.3.4 Model Evaluation
The results show that median historical irrigatitemand varies between about six and
ten inches. There is significant interannual valiigdn demand though. The highest

demands are associated with the drought periotteia980s (see Figure 4.49)

Figure 4.36.Box plots of historical irrigation demand for ldclainage areas in the

Lower Flint River basin.

A comparison with EPD estimates of agriculturaleavatemand shows the value of
estimating irrigation demand with this novel apmtoaVhile EPD estimated irrigation
depth takes on only two values, the irrigation demstimated with the approach
described above display the interannual variabthst is expected as weather and soil

conditions vary from year to year.

112



Figure 4.37.Comparison between different demand estimatiomcguhes for the

Newton local drainage area (GWRI, 2012).

A negative correlation may be observed betweenamainfall and irrigation depths.

However, for all the drainage areas, the negativeetation increases when seasonal (i.e.

May - Sept.) rainfall is considered instead of aimainfall (see Table 4.3).

Table 4.4Correlation between historical irrigation demand @necipitation.
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4.3.5 Summary

In this chapter a methodology is developed for idigng irrigation strategies with field
scale agricultural water use and management datoridal projections of regional

water demand in the Lower Flint River basin aresprgéed that utilize these crop
management strategies. This novel approach utiéigasultural water use data as well
crop simulation models to estimate irrigation sigaes and subsequently, regional water
demand. The irrigation demand projections are megjgitcorrelated with seasonal
precipitation as expected. Furthermore, simulategiition demands demonstrate greater
interannual variability than methods relying ongamefficient methods that are often
used in practice. The uncertainty associated wighprojections presented in this chapter
is described in chapter three. In chapter five ni@hodology presented in this chapter is

applied to assessments of agricultural water dernader climate change.

There is some uncertainty that is not addresseatdety permitted sites that are greater
than one hundred acres in area. These larger ar@abave differing water use

efficiency than sites with less acreage and ttssaech does not fully address how water
is delivered to large fields or multiple fields tvibne source of water. In order to evaluate
the additional uncertainty associated with larggated fields and sites with multiple
fields, an adaptive approach must be developedétiats on the distribution of field

sizes and associated irrigation technologies. Euttark may include an assessment of
irrigated fields greater than one hundred acrespanohitted sites that are associated with

multiple fields.
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While the FAO-56 approach and other crop coeffictenhniques are still used by
researchers to assess irrigation requirement®riyegults are generally expected by
using crop models that operate on a daily time &iepssessments of agricultural water
demand. Physiological crop models account for #uoe ¢rops respond not only to
monthly or seasonal conditions, but also to theadyios of weather events (Allen et al.,

1998; Suleiman et al., 2007).

For projections of irrigation demand under climelb@nge, crop coefficients developed
with historical data may not be appropriate foreassents under future climate
conditions. The approach presented in this chajtiezes actual regional irrigation data
to develop irrigation strategies that are appliéith \werop simulation models under
historical and future climate conditions. The ceamulation models also are
advantageous in that they allow for varying irrigatpractices to be taken into account in

the modeling framework.
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Chapter 5: Projections of Future Agricultural Water Demand

In Chapter 3, the aggregation error associated suitlulated irrigation demand is
characterized. In Chapter 4, regional irrigaticatglgies are presented and applied with
crop simulation models to assess historical irftgatiemand in six local drainage areas
(LDASs) in Georgia. In this chapter, projectionsre§ional agricultural demand in the
Lower Flint River basin are presented.

5.1Introduction

The United Nations Intergovernmental Panel on Cign@hange (IPCC, 2007) has
reported that “warming of the climate system irergadecades is unequivocal”.
Furthermore, the large-scale hydrological cycle inayinked to the observed warming
during the 28 century. The area of land on Earth classifiedvasy* dry” has more than
doubled over the last four decades and the “prapodf land surface in extreme drought
at any one time is projected to increase”. Regignkrge scale changes in agricultural

water demand are expected (IPCC, 2007).

The Apalachicola-Chattahoochee-Flint (ACF) Rivesibhahas historically been
vulnerable to droughts that are associated withl&ke levels and significant reductions
in river flows. Thus, potential changes in the @tenof the Southeast U.S. could have
significant impacts on the agricultural sector agdicultural water demand (Hatch et al.,
1999). Irrigation water use is estimated to accdon®0% of water used during the

April-September growing season hetFlint River basin (EPD, 2009). As a resulater
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demand management is now recognized as a prudexpiooent to water supply
management for integrated and sustainable wateuress management. Agricultural
water use data and agricultural water demand projecare valuable resources as
planners and policymakers seek to enhance congenedtorts and develop water
management strategies that increase the abilitggdbnal water resources systems to

support society during periods of low water sug(dymaite, 2011).

Figure 5.1.Map of the ACF basin (USACE, 1997).
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5.2 Methodology
Climate change impact studies typically identifiyaseline scenario associated with
current or recent conditions that allows for thejgction of future impact. The model
outcomes of interest from the baseline scenaric@amgpared with outcomes derived
from scenarios of future climate in order to assdéissate change impacts. There is
recognized ignorance underlying long range propectiof irrigation demand due to
volatility in agricultural markets, technologicalnovations, and genetic development that
increases water use efficiency (Bramblett, 1995)opposed to the impossible task of
identifying a “most likely” climate scenario, expiog a range of plausible future
conditions with multiple climate scenarios allows $ystem resilience (Daniels et al.,

2012).

Projections of future climate are uncertain du@Apthe uncertainty in forecasts of future
anthropogenic and natural forcings, (B) the impsifa of climate models, and (C) the
internal variability of the climate system. Howeyvprojections of future climate provide
valuable information about the range of future d¢bads associated with a changing
climate. In this work, a baseline period of 198®2@s utilized such that climate change
is expressed as a change with respect to a reegntif history. The future conditions
(i.e. “time slices”) evaluated consist of twentyayéime periods (2046-2065 and 2081-
2100) that allow for some interannual-to-interdedadriability and relatively

monotonic anthropogenically induced forcing trefiderton et al., 2011).

5.2.1 Historical conditions
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The model-derived dataset of daily precipitatiod amperature (minimum and
maximum) developed by the University of Washingso8urface Water Modeling group

is utilized for the historical assessment. The skttapans the period (1950-2010) and has
a 3-hr time step with a spatial resolution of 1&8eke. Daily solar radiation data is

utilized from the National Renewable Energy Laborai{NREL, 2007) National Solar
Radiation Database (NSRDB). These datasets areilues@n more detail in Chapter 4

(see Section 4.3.1).

5.2.2 Carbon emission scenarios

Scenarios allow all inputs to evolve in time inantextually consistent manner so that
model outcomes of interest can be evaluated thagégmond to plausible manifestations
of reality. Scenarios are postulated sequencesgenfte that help policymakers focus
attention on causality, impacts, and tradeoffs. [&/écenarios alone are not an adequate
means of addressing model outcome uncertainty asiceanalysis is quite popular in the
climate change impacts, adaptations, and vulnatabiihV) research community (Katz,

2002).

There are four IPCC storylines (i.e. carbon emissicenarios) that form the basis of
most studies on climate change impacts on wateuress. The Al and B1 scenarios
assume that the world economy is dominated by ¢kohde and alliances, while the A2
and B2 scenarios assume less globalization andecatiye agreements. In this work

irrigation demand projections from two time sli¢gg946-2065 and 2081-2100) and two
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emission scenarios (A1B and A2) are compared wédtohcal demand projections (see

Figure 5.2).

Figure 5.2. Summary characteristics of the four IPCC Specegdt on Emissions

Scenarios (SRES; adapted from IPCC, 2007).

5.2.3 Future conditions

Projections of future climate are based on sixlalsle GCM configurations with outputs
available in the World Climate Research ProgramWiRCP) Coupled Model
Intercomparison Project, phase 3, (CMIP3) multimal#¢aset (Meehl et al., 2007). The

six GCMs and two emission scenarios (i.e. A1B a)l @onsidered combine to produce
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12 output sets. These output sets are utilizedirmstoc forcing in order to evaluate

impacts common to a range of possible future coordit

Figure 5.3.Description of GCMs (Jiang and Yang, 2012).

The bias correction and constructed analogues (BG@thod is utilized to obtain daily
climatic forcing of temperature and precipitatidfidalgo et al., 2008). The method
utilizes a library of previously observed daily weer patterns to construct an analogue
for a course scale GCM output of interest. The hegpatterns for several days serve as
predictors that are combined to construct the ajueds. The method is used to downscale
GCM output to obtain daily temperature and preaipin on a 1/8 x 1/8 degree

resolution grid. Daily solar radiation was derivieain the downscaled daily air

temperatures and rainfall using the Weather Geoefat Solar Radiation (WGENR)
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(Hodges et al., 1985), as modified and evaluateGé#rgia y Garcia and Hoogenboom

(2005) and Garcia y Garcia et al. (2008).

5.2.4 Demand projections

In this work, the Decision Support System for Agadtnology Transfer (DSSAT) suite

of crop models is utilized to estimate regionabation demand. Historical and future
projections of agricultural water demand are infednby regional irrigation strategies
that are represented with the moisture stresshbl@é¢MST) algorithm (see Section
4.3.3). The farmer’s decision to irrigate (i.e. tiregation strategy) is represented with
the MST algorithm by simulating water applicatiahging the crop season when daily
plant water stress (i.e. [plant water uptake] t¢ptial transpiration]) exceeds a threshold
MST value (see Sections 4.2.2 and 4.2.3). Soils datl field management practices are

described in sections 4.2.5 and 4.2.6 respectively.
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5.3 Regional Water Demand Assessments
In the appendix, box plots of historical and futprejections of agricultural water
demand are presented for the six local drainagesgeee Figure 5.4) that compose the
Lower Flint River basin. Annual and monthly irrigat demand projections are presented
for two future time slices (i.e. 2046-2065 and 2@3D0), two emission scenarios (i.e.
A1B and A2) and six GCMs. A discussion of key fimgs and conclusions is presented

in Section 5.3.1.

Figure 5.4.Schematic of irrigated acreage in Southwest Gaagd local drainage areas
(LDASs) in the Lower Flint River basin: Albany, Bdiridge, Iron City, Milford, Newton,

and Woodruff.
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Table 5.1.Agricultural water demand expressed in inches (AtBnario, 2046-2065).

Table 5.2.Agricultural water demand expressed in inches (AtBnario, 2081-2100).

Table 5.3.Agricultural water demand expressed in inches (82nario, 2046-2065).

Table 5.4.Agricultural water demand expressed in inches (8@nario, 2081-2100).
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5.3.1 Discussion

There is an emphasis in this work on assessingrpacts of climate change on
agricultural water demand with current irrigati@chinologies and management practices.
The results of this work provide valuable inforneatregarding the policy instruments,
technological developments, and irrigation efficgigains that are needed to address
potential increases in agricultural water demandeurclimate change in the Southeast

U.S.

The approach for estimating irrigation demand presein this work is novel in that it
utilizes actual metered irrigation data to devatoigation strategies to estimate regional
irrigation demand under historical and future clieneonditions. The development of the
irrigation strategies incorporated the errors asged with model structure and
aggregated inputs at a spatial scale up to onerbdratres. However, it should be noted

that GCM outputs have uncertainty at spatial sogleater than one hundred acres.

While results presented in section 5.3 suggestaiatial irrigation demand will increase
over the next century in the Lower Flint River maghe magnitude and timing of
demand increases varies depending on the climategehscenario. In general, the most
significant climate change impacts may be assatiaith the A2 scenario and the 2081-
2100 time slice. However, in some instances thelianrrigation demand associated with
the 2046-2065 time slice doe not vary much betwikeriwo emission scenarios. The
GFDL and MIROC3 models typically are associatedlite largest projections of

median agricultural demands. On the other handMiiluB model is often associated
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with median demands that are less than or notfgignily different than historical

demands.

The monthly irrigation demands show the greatesemses during the peak crop water
demand months of July and August. The largest adsimgprojected monthly irrigation
demand are generally associated with the 2081-ft@slices and the A2 emission
scenarios. However, some significant increasesigation demand are also observed in
June and September for some scenarios. Overalg th minimal projected change in

May irrigation demands.
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Chapter 6: Conclusions and Recommendations

6.1 Summary of contributions and key findings
Although Georgia is typically considered to beatestwvith plentiful water resources due
to average annual rainfall exceeding that of mahgroparts of the United States,
population growth, rapid urbanization, and the cetimy demands placed on water
resources by the municipal, industrial, agricultuaad ecological sectors make water
resources management and planning a significafieclga for planners and policy
makers. In addition, agricultural water use repmeséhe primary consumptive use of
water with over eighty percent of agricultural wademand occurring between the
months of May and August. Furthermore, in dry yewsth rainfall totals significantly
below average and reduced streamflow, agricultueaér demands are higher. Thus, this
research presents an important contribution towiangsoved water resources
management and planning by presenting a new apgpfoaestimating agricultural water

demand under historical and future climate condgio

This research uses a novel approach to estimatmedggricultural water demand with
a consistent framework that may be applied to hists well as future demand
projections. The study utilizes (a) actual measuagricultural water use along with (b)
geostatistical techniques, (c) crop simulation niedend (d) general circulation models
(GCMs) to assess irrigation demand and the unogytassociated with demand
projections at spatial scales relevant to watesuees management. The study has

several important scientific contributions:
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Calibration of geostatistical models that desctitespatial variability of daily
precipitation and soil water properties in the Lowknt River basin (Chapter 3).
Characterization of the uncertainty associated witip simulation model outputs
that utilize aggregated soil and climate data; tgrmaent of a relationship
between the standard deviation of model error gadia scale (Chapter 3).
Development and evaluation of procedures for regrisg regional irrigation
strategies with the moisture stress threshold (M8gdorithm and metered
irrigation data. (Chapter 4).

Assessment of historical agricultural water demianglx local drainage areas
(LDASs) in Southwest Georgia; comparison with exigtapproaches (Chapter 4).
Assessment of future agricultural demand in the &oklint River basin under

climate change with two emission scenarios and>$is (Chapter 5).

The main findings of the assessment are summabizkeav:
The spatial variability of daily rainfall in Soutlest Georgia may be represented
with exponential variogram models with ranges taat exceed 200 km. On the
other hand, available water holding capacity wamébto have a range less than
20 km.
The standard deviation of aggregation error igreged to be approximately 23
mm or 10-15% of the spatial mean at a scale ofi¢({fee (i.e. 144 kin A
logarithmic relationship is developed that is cetesit with the exponential

variogram models used to represent the spatiahbiity of soils and climate.

128



Regional irrigation strategies are well represented the MST algorithm,
metered annual agricultural water use, and cropag@ment data. The novel
approach developed may be applied to other locaiiothe world as agricultural
metering programs become more common.

Crop coefficient approaches applied at the regisnale to estimate agricultural
water demand lack the interannual variability olaedrwith this novel approach.
Crop simulation models are useful tools for repnéigg the intra-annual and
interannual variability of regional irrigation denth

GCMs indicate a range of possible futures thatidelthe possibility of relatively
small changes in irrigation demand in the LowentHRiver basin. However, most
of the GCMs utilized in this work project significincreases in median water
demand towards the end of this century. In paricuksults suggest that peak

agricultural water demands in July and August nmezyaase significantly.
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6.2Recommendations for Future Work
The outcomes of this research create opporturfdiefsiture work related to (1)
assessment of surface water and groundwater resoumpacts, (2) evaluation of
regional water demand in adjacent river basins,(@hdssessment of water management
strategies during drought conditions. The followspgcific recommendations are made
regarding future research areas to expand this:work

1. Consideration of farmer adaptation — This rese&ochsed on row crops (i.e.
maize, peanut, and cotton) and held field manageprastices constant under
future conditions. Although this approach allows ddransparent comparison
between historical and future irrigation demandsyters are likely to alter some
crop management practices in a changing climatis. vibork may be improved by
allowing planting dates to change based on soiktnoe conditions and projected
climatic trends.

2. Estimation of surface water and groundwater demaAdnual and monthly
demand is assessed under current and future clnratkis work. These
assessments would be more valuable to water resoaranagers if demand was
partitioned into surface water and groundwater dema significant amount of
data regarding water sources utilized by irrigatas been collected in recent
years and this information may allow for surfacéevand groundwater demand
estimates.

3. Integration with river basin models — The demanujqutions developed in this

work are estimated at spatial scales relevant terwasources management. This
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work may be improved by simultaneously assessitegmated water resources
impacts.

Further evaluation of aggregation error — A lodanic function was developed to
estimate the standard deviation of aggregationr es@ function of spatial scale.
The spatial variability of soils and climate in $imuest Georgia may not be
representative of other regions in the world thouighs work may be improved

by characterizing aggregation error at larger gpatiales and in other regions.
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Appendix

Figure A.1. Center pivot irrigation system in operation in tteever Flint River basin

(May, 2011).
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Figure A.2. Center pivot irrigation system in operation in ttever Flint River basin

(May, 2011).
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Figure A.3. Drip irrigation system (May, 2011).

Figure A.4.Hose-pull traveler type irrigation system (May, 2D1
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Figure A.5.Well-to-pond system (May, 2011).

Figure A.6. Center pivot irrigation system in operation in ttever Flint River basin

(May, 2011).
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Figure A.7. Linear irrigation system (SIRP, 2011).

Figure A.8. Richard Royal (left) discusses Flint-OchlockonesgiRnal Water Planning
Council activities with researchers and agricultpraducers at Stripling Irrigation

Research Park (SIRP, 2011).
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Figure A.9. Schematic of propeller-style metering device (GSW@@L3).

Figure A.10.Example of propeller-style metering device (GSWQQ13).
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Figure A.11. An agricultural extension agent examines an iteddield in the Lower

Flint River basin (June, 2011).
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Figure A.12. Annual demand in Albany under A1B emissions scen@046-2065).

Figure A.13. Annual demand in Albany under A1B emissions scen@081-2100).
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Figure A.14. Annual demand in Albany under A2 emissions scen@046-2065).

Figure A.15. Annual demand in Albany under A2 emissions scen@@81-2100).
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Figure A.16.Annual demand in Bainbridge under A1B emissionsiade (2046-2065).

Figure A.17.Annual demand in Bainbridge under A1B emissionsiade (2081-2100).
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Figure A.18. Annual demand in Bainbridge under A2 emissions ager{2046-2065).

Figure A.19. Annual demand in Bainbridge under A2 emissions a&ger(2081-2100).
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Figure A.20. Annual demand in Iron City under A1B emissions scgn(2046-2065).

Figure A.21. Annual demand in Iron City under A1B emissions scgn(2081-2100).
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Figure A.22. Annual demand in Iron City under A2 emissions scen@046-2065).

Figure A.23. Annual demand in Iron City under A2 emissions scen@081-2100).
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Figure A.24. Annual demand in Milford under A1B emissions scemé2046-2065).

Figure A.25. Annual demand in Milford under A1B emissions scemé2081-2100).
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Figure A.26. Annual demand in Milford under A2 emissions scemé2i046-2065).

Figure A.27. Annual demand in Milford under A2 emissions scemé2081-2100).
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Figure A.28. Annual demand in Newton under A1B emissions scen@046-2065).

Figure A.29. Annual demand in Newton under A1B emissions scen@081-2100).
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Figure A.30. Annual demand in Newton under A2 emissions scer{dfd6-2065).

Figure A.31.Annual demand in Newton under A2 emissions scer(af81-2100).

148



Figure A.32. Annual demand in Woodruff under A1B emissions scen@046-2065).

Figure A.33. Annual Demand in Woodruff under A1B emissions scen@081-2100).
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Figure A.34. Annual demand in Woodruff under A2 emissions saen@046-2065).

Figure A.35. Annual demand in Woodruff under A2 emissions saen@081-2100).
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Figure A.36.May demand in Albany under A1B emissions scen&@a6-2065).

Figure A.37.May demand in Albany under A1B emissions scen&@8{-2100).
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Figure A.38.June demand in Albany under A1B emissions scel{26i46-2065).

Figure A.39.June demand in Albany under A1B emissions scerfafi81-2100).
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Figure A.40.July demand in Albany under A1B emissions scen@046-2065).

Figure A.41.July demand in Albany under A1B emissions scen@@81-2100).
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Figure A.42. August demand in Albany under A1B emissions scen@046-2065).

Figure A.43. August demand in Albany under A1B emissions scen@081-2100).
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Figure A.44.Sept. demand in Albany under A1B emissions scerfafid6-2065).

Figure A.45.Sept. demand in Albany under A1B emissions scerfafi1-2100).
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Figure A.46.May demand in Albany under A2 emissions scenai@d§22065).

Figure A.47.May demand in Albany under A2 emissions scena@@122100).
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Figure A.48.June demand in Albany under A2 emissions scena@iégq-2065).

Figure A.49.June demand in Albany under A2 emissions scena@i8l(-2100).
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Figure A.50.July demand in Albany under A2 emissions scen@(d-2065).

Figure A.51.July demand in Albany under A2 emissions scen@081-2100).
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Figure A.52. August demand in Albany under A2 emissions scer(@0d6-2065).

Figure A.53. August demand in Albany under A2 emissions scer@081-2100).
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Figure A.54.Sept. demand in Albany under A2 emissions scer{afi46-2065).

Figure A.55.Sept. demand in Albany under A2 emissions scer{afi§1-2100).
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Figure A.56.May demand in Bainbridge under A1B emissions séen{d046-2065).

Figure A.57.May demand in Bainbridge under A1B emissions se¢er{da081-2100).
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Figure A.58.June demand in Bainbridge under A1B emissions sae(2046-2065).

Figure A.59.June demand in Bainbridge under A1B emissions swe(2081-2100).
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Figure A.60.July demand in Bainbridge under A1B emissions sder{a046-2065).

Figure A.61.July demand in Bainbridge under A1B emissions sderfa081-2100).
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Figure A.62. August demand in Bainbridge under A1B emissionsace (2046-2065).

Figure A.63.August demand in Bainbridge under A1B emissionsiace (2081-2100).
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Figure A.64.Sept. demand in Bainbridge under A1B emissionsatei2046-2065).

Figure A.65.Sept. demand in Bainbridge under A1B emissionsatei2081-2100).
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Figure A.66.May demand in Bainbridge under A2 emissions scen@046-2065).

Figure A.67.May demand in Bainbridge under A2 emissions scern@081-2100).
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Figure A.68.June demand in Bainbridge under A2 emissions sie(2046-2065).

Figure A.69.June demand in Bainbridge under A2 emissions sie(2081-2100).

167



Figure A.70.July demand in Bainbridge under A2 emissions s¢erfaf46-2065).

Figure A.71.July demand in Bainbridge under A2 emissions s¢erfa081-2100).
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Figure A.72. August demand in Bainbridge under A2 emissions aterf2046-2065).

Figure A.73.August demand in Bainbridge under A2 emissions aterf2081-2100).
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Figure A.74.Sept. demand in Bainbridge under A2 emissions se(2046-2065).

Figure A.75.Sept. demand in Bainbridge under A2 emissions sie(2081-2100).
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Figure A.76.May demand in Iron City under A1B emissions scené2D46-2065).

Figure A.77.May demand in Iron City under A1B emissions scen&2D81-2100).
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Figure A.78.June demand in Iron City under A1B emissions sder{a046-2065).

Figure A.79.June demand in Iron City under A1B emissions sa¢er{a081-2100).
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Figure A.80.July demand in Iron City under A1B emissions scien@046-2065).

Figure A.81.July demand in Iron City under A1B emissions scien@081-2100).
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Figure A.82. August demand in Iron City under A1B emissions scen(2046-2065).

Figure A.83.August demand in Iron City under A1B emissions scen(2081-2100).
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Figure A.84.Sept. demand in Iron City under A1B emissions sider(2046-2065).

Figure A.85.Sept. demand in Iron City under A1B emissions siger(2081-2100).
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Figure A.86.May demand in Iron City under A2 emissions sceng6-2065).

Figure A.87.May demand in Iron City under A2 emissions sceng@1-2100).
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Figure A.88.June demand in Iron City under A2 emissions scer(@046-2065).

Figure A.89.June demand in Iron City under A2 emissions scer(@081-2100).
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Figure A.90.July demand in Iron City under A2 emissions scengt46-2065).

Figure A.91.July demand in Iron City under A2 emissions scengtd81-2100).
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Figure A.92. August demand in Iron City under A2 emissions saern@046-2065).

Figure A.93. August demand in Iron City under A2 emissions sgen@081-2100).
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Figure A.94.Sept. demand in Iron City under A2 emissions saer(a046-2065).

Figure A.95.Sept. demand in Iron City under A2 emissions saer(a081-2100).
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Figure A.96.May demand in Milford under A1B emissions scen§2io46-2065).

Figure A.97.May demand in Milford under A1B emissions scen§?io81-2100).
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Figure 5.98.June demand in Milford under A1B emissions scen@@#6-2065).

Figure A.99.June demand in Milford under A1B emissions scen@@@1-2100).
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Figure A.100.July demand in Milford under A1B emissions scen§2i@46-2065).

Figure A.101.July demand in Milford under A1B emissions scen§2i@81-2100).
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Figure A.102.August demand in Milford under A1B emissions scené2046-2065).

Figure A.103.August demand in Milford under A1B emissions scené2081-2100).
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Figure A.104.Sept. demand in Milford under A1B emissions scengtb46-2065).

Figure A.105.Sept. demand in Milford under A1B emissions sceng81-2100).
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Figure A.106.May demand in Milford under A2 emissions scenai@46-2065).

Figure A.107.May demand in Milford under A2 emissions scena2@g1-2100).
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Figure A.108.June demand in Milford under A2 emissions scen@d6-2065).

Figure A.109.June demand in Milford under A2 emissions scen@@81-2100).
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Figure A.110.July demand in Milford under A2 emissions scené2i®46-2065).

Figure A.111.July demand in Milford under A2 emissions scené2ia81-2100).
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Figure A.112.August demand in Milford under A2 emissions scené2D46-2065).

Figure A.113.August demand in Milford under A2 emissions scen&D81-2100).

189



Figure A.114.Sept. demand in Milford under A2 emissions sceng@®z6-2065).

Figure A.115.Sept. demand in Milford under A2 emissions scen@d31-2100).
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Figure A.116.May demand in Newton under A1B emissions scen20d§-2065).

Figure A.117.May demand in Newton under A1B emissions scen2081-2100).
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Figure A.118.June demand in Newton under A1B emissions sce((20#6-2065).

Figure A.119.June demand in Newton under A1B emissions sce(i20@1-2100).
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Figure A.120.July demand in Newton under A1B emissions scer(2046-2065).

Figure A.121.July demand in Newton under A1B emissions scer(2081-2100).
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Figure A.122.August demand in Newton under A1B emissions scer{@046-2065).

Figure A.123.August demand in Newton under A1B emissions scer{@f81-2100).
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Figure A.124.Sept. demand in Newton under A1B emissions scelj20i6-2065).

Figure A.125.Sept. demand in Newton under A1B emissions scelf20®1-2100).
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Figure A.126.May demand in Newton under A2 emissions scenafid§2065).

Figure A.127.May demand in Newton under A2 emissions scenafi812100).
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Figure A.128.June demand in Newton under A2 emissions scen20io(2065).

Figure A.129.June demand in Newton under A2 emissions scen20i1¢2100).
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Figure A.130.July demand in Newton under A2 emissions scenafdg-2065).

Figure A.131.July demand in Newton under A2 emissions scenaf8X-2100).
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Figure A.132.August demand in Newton under A2 emissions scerfa€id6-2065).

Figure A.133.August demand in Newton under A2 emissions scerfa@i1-2100).
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Figure A.134.Sept. demand in Newton under A2 emissions sce(2046-2065).

Figure A.135.Sept. demand in Newton under A2 emissions sce(20i&1-2100).
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Figure A.136.May demand in Woodruff under A1B emissions sceng@z6-2065).

Figure A.137.May demand in Woodruff under A1B emissions scen@@@81-2100).
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Figure A.138.June demand in Woodruff under A1B emissions scer{@046-2065).

Figure A.139.June demand in Woodruff under A1B emissions scer{@d81-2100).
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Figure A.140.July demand in Woodruff under A1B emissions scengt46-2065).

Figure A.141.July demand in Woodruff under A1B emissions sceng81-2100).
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Figure A.142.August demand in Woodruff under A1B emissions sden2046-2065).

Figure A.143.August demand in Woodruff under A1B emissions sden@081-2100).
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Figure A.144.Sept. demand in Woodruff under A1B emissions sder{a046-2065).

Figure A.145.Sept. demand in Woodruff under A1B emissions sa¢er{a081-2100).
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Figure A.146.May demand in Woodruff under A2 emissions scen@@z16-2065).

Figure A.147.May demand in Woodruff under A2 emissions scen@@81-2100).
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Figure A.148.June demand in Woodruff under A2 emissions scerfa€id6-2065).

Figure A.149.June demand in Woodruff under A2 emissions scerfa€id6-2065).
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Figure A.150.July demand in Woodruff under A2 emissions scen@@z6-2065).

Figure A.151.July demand in Woodruff under A2 emissions scen@@81-2100).
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Figure A.152.August demand in Woodruff under A2 emissions sden@046-2065).

Figure A.153.August demand in Woodruff under A2 emissions sdern(@081-2100).
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Figure A.154.Sept. demand in Woodruff under A2 emissions scer(2046-2065).

Figure A.155.Sept. demand in Woodruff under A2 emissions scer(2081-2100).
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