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RESUMO

CUADRA, Santiago Vianna, D.Sc., Universidade Federal de Vigosa, novembro
de 2010. Desenvolvimento de um modelo biofisico de crescimento da
cana-de-agucar para estudos globais. Orientador: Marcos Heil Costa.
Coorientadores: Aristides Ribeiro e Rosmeri Porfirio da Rocha.

Previsbes apontam uma expansao das terras cultivadas ao longo das
proximas décadas devido a uma combinagdo do aumento da populagéo global,
com consequente necessidade de aumento da producédo de alimentos, e do
recente crescimento exponencial da producdo de biocombustiveis baseados
em cultura agricolas. As alteragdes resultantes do uso da terra podem, por sua
vez, impactar significativamente os ciclos biogeoquimicos e biogeofisicos ao
longo do globo. Portanto, a representacédo de culturas agricolas para produgao
de biocombustiveis, como a cana-de-agucar, devem ser integradas em
modelos de processos superficiais terrestres, possibilitando considerar nas
simulagbes numéricas os feedbacks bidirecionais entre a superficie e a
atmosfera. Neste estudo, nds apresentamos um novo modelo mecanicista de
crescimento da cultura da cana-de-agucar, incluido como um modulo dentro do
modelo dindmico de agro-ecossistema Agro-IBIS, que pode ser aplicado em
multiplas escalas espaciais (do local ao global). O modelo pode ser acoplado a

um modelo atmosférico, permitindo a simulagcdo das interagcbes bidirecionais
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entre a atmosfera e o sistema de cultivo de cana. Esse novo modulo inclui uma
série de equacbes e parametros de manejo agricola que diferem das
formulagdes para as culturas anuais pré-existentes. O modelo é avaliado contra
observagbdes micro-meteorologicas e de biomassa, obtidas para um ciclo da
cultura (391 dias), no norte do Estado de Sao Paulo (Brasil), e para a
produtividade agricola em diferentes escalas espaciais. Os resultados da
validacdo micro-meteoroldgica indicam que o modelo produz robustamente as
flutuacdes sazonais e diarias do albedo, biomassa seca, e as relagdes entre
troca liquida do ecossistema (NEE) e das variaveis atmosféricas (temperatura e
umidade relativa do ar). Ao nivel local, o modelo simulou com precisdo a
intensidade e a variabilidade diaria da evapotranspiracdo (ET) durante dois
ciclos consecutivos da cana-de-agucar em um sitio experimental na localidade
Kalamia, nordeste da Australia. O modelo simulou com exatiddo a média da
produtividade da cana-de-agucar para as quatro maiores mesorregides
produtoras (aglomerados de municipios) do estado de Sao Paulo (Brasil),
durante um periodo de 16 anos, com viés relativo entre -0,68% e +1,08%.
Finalmente, a simulacdo da produtividade média anual de cana para o Estado
de Louisiana (EUA) produziu um viés relativo (-2,67%) baixo, mas apresentou
menor variabilidade interanual do que a série de produtividade estimada.
Considerando os resultados de todas as validagdes, podemos concluir que o
novo modelo € capaz de capturar a relacdo entre a producdo de biomassa e
variabilidade do clima (temperatura e precipitagdo), indicando que o maodulo
pode ser utilizado com sucesso para prever alteragcdes nos sistemas de cultivo

de cana e as respectivas interagbes com o clima.



ABSTRACT

CUADRA, Santiago Vianna, D.Sc., Universidade Federal de Vigosa, November,
2010. A biophysical sugarcane growth model for global studies. Adviser:
Marcos Heil Costa. Co-advisers: Aristides Ribeiro and Rosmeri Porfirio da
Rocha.

Global agricultural lands are predicted to expand over the next few
decades due to a combination of increasing global population, the need for
increased food production, and exponential growth in crop-based biofuels
production. The resultant changes in land use could, in turn, greatly impact
biogeochemical and biogeophysical cycles across the globe. Therefore,
representation of biofuel crops such as sugarcane should be integrated into the
latest models to ensure that accurate simulations of the bidirectional feedbacks
between the land surface and atmosphere take place. In this study, we present
a new process-based sugarcane model, included as a module within the Agro-
IBIS dynamic agro-ecosystem model, that can be applied at multiple spatial
scales (from site to global). The model may be coupled to an atmospheric
model, allowing the simulation of the bi-directional interactions between
atmosphere and the sugarcane cropping system. It includes a series of
equations and crop management parameters that differ from the standard
formulations for annual crops. The model is evaluated against micro-

meteorological and biomass observations, obtained for one crop cycle (391
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days) in northern Sdo Paulo state (Brazil), and yield at a range of spatial scales.
The results of the micro-meteorological validation suggest that the model
produces robust simulations of seasonal and daily albedo fluctuations, dry
biomass, and relationships between net ecosystem exchange (NEE) and
atmospheric variables (temperature and relative humidity). At the site level, the
model accurately simulated the intensity and variability of daily
evapotranspiration (ET) for two consecutive crop cycles at an experimental site
at Kalamia estate, northeast Australia. The model also accurately simulated the
average Yyield for the four largest mesoregions (clusters of municipalities) in the
state of Sdo Paulo (Brazil), over a period of 16 years, with a relative bias of
-0.68% to 1.08%. Finally, a simulation of the annual average sugarcane yield
over 31 years for the State of Louisiana (U.S.) produced a low relative bias
(-2.67%) but exhibited lower yiled interannual variability than the estimated
yields. Considering the results of all validations, we conclude that the new
model is able to accurately capture the relationship between yield and climate
variability (temperature and precipitation), indicating that the module may be
successfully used to forecast changes in sugarcane cropping systems and

associated climate interactions.
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1. INTRODUCTION

The environmental and social impacts of global climate change are one
of the greatest challenges facing the human race. Anthropogenic greenhouse
gas emissions and land use change (FORSTER et al.,, 2007; HOUGHTON,
2007; RAMANKUTTY et al., 2008; RAUPACH et al., 2007) are projected to alter
the global climate in the next decades (MEEHL et al., 2007). For example,
global temperature, precipitation intensity, number of dry days and heat waves
are projected to increase and frost days are projected to decrease as result of
anthropogenic activities (MEEHL et al., 2007). These changes are expected to
have a large impact on both natural and agricultural ecosystems (e.g., COSTA;
FOLEY, 2000; MILES et al., 2004; WANG, 2005).

Accordingly to Ramankutty et al. (2008), in the year 2000 cropland
covered 15.1 million km? while pastureland covered 28.3 million km?,
representing a combined total of about 30% of the global land surface. This
significant area of agricultural land is likely to considerably increase in the
following decades (FOOD AND AGRICULTURE ORGANIZATION OF THE
UNITED NATIONS - FAO, 2008; INTERNATIONAL ENERGY AGENCY - IEA,
2007) under the pressure of an increasing global population, the associated
need for increased food production, and the recent expansion of crop-based
biofuels production (e.g., ORGANIZATION FOR ECONOMIC CO-OPERATION
AND DEVELOPMENT/FOOD AND AGRICULTURE ORGANIZATION OF THE
UNITED NATIONS — OECD-FAO, 2007). These land use changes have the
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potential to greatly influence biogeochemical and biogeophysical processes
across the world (e.g., BETTS et al, 2007; COSTA; FOLEY, 2000;
HOUGHTON, 2007; PIELKE et al., 1998).

Many studies have highlighted the potential impact of climate change
on agriculture and food security (e.g., CHALLINOR et al., 2007; HAIM et al.,
2008; TUBIELLO et al., 2007), particularly in developing regions (EASTERLING
et al., 2007). Currently, the most frequently used approach to evaluate these
impacts is to use crop models that are then forced by the data from Global
Climate Model (GCM) projections. However, this approach suffers from a
number of inherent limitations. First, most current global climate models work on
a scale of tens to hundreds of kilometers (RANDALL et al., 2007), while crop
models are usually developed and validated at the site scale (e.g.,
DUBROVSKY et al., 2000b). Such spatial scale issues are often not considered
(e.g., ALEXANDROV; HOOGENBOOM, 2000) or a statistical or dynamical
downscaling technique is applied to bridge this difference (e.g., MEARNS et al.,
2001).

Another frequently overlooked issue is the fact that crop development is
affected not only by the mean atmospheric conditions, but also by the frequency
of extreme events such as frost, heat waves, floods, and droughts (e.g.,
BAIGORRIA et al., 2007; DUBROVSKY et al., 2000a). Many studies have only
included mean climatic changes (usually only temperature and precipitation),
and considered the present observed climatic variables statistical distribution
(e.g., ALEXANDROV; HOOGENBOOM, 2000; FELKNER et al., 2009). In a few
cases this limitation was addressed through a stochastic weather generator with
modified parameters based on GCMs simulations (e.g., DUBROVSKY et al.,
2000b; HAIM et al., 2008).

Another frequently overlooked factor is the bi-directional interaction
between land use and climate. Specifically, agriculture may significantly alter
atmospheric conditions, particularly over heavily cultivated regions where most
of these studies are focused (e.g., BETTS, 2005; COSTA et al., 2007;
FEDDEMA et al., 2005; RADDATZ, 2007; TSVETSINSKAYA et al., 2001).
Thus, by exclusively focusing on the unidirectional impact of climate change on

cropping systems these important feedbacks are not considered.



Land use change can influence the global climate in at least two ways:
Firstly, through alterations in biogeochemical processes — usually releasing CO»
and reducing the capacity of the ecosystem to absorb part of anthropogenic
emitted CO, (HOUGHTON; HACKLER, 2002; HOUGHTON, 2007). Secondly,
by changing the physical properties of the land surface (e.g., BETTS et al.,
2007; COSTA; FOLEY, 2000; COSTA; YANAGI, 2006; SNYDER; FOLEY,
2004) thereby altering the energy, mass and momentum balances at surface
(PIELKE et al., 1998). For example, the replacement of natural forest by
grassland or cropland usually alters the latent and sensible heat fluxes at the
surface due to the biophysical differences that characterize these vegetation
types — e.g. leaf area index, phenology, stomatal conductance, and root profile
(LIU, 2003; SOUZA-FILHO et al., 2005; JUAREZ et al., 2007; TWINE et al.,
2004).

Most published studies on the biogeophysical impacts of land use
change on climate and ecosystems have focused on the replacement of natural
vegetation by pasture land (e.g., COE et al., 2009; COSTA; FOLEY, 2000;
NOBRE et al., 1991). However, the biophysical differences between pasture
and cropland may result in significantly different interactions with the
atmosphere (COSTA et al., 2007). For example, crops usually show a higher
seasonal variation in land cover faction (e.g. fallow soil period) and in canopy
structure (e.g. leaf area index) than pasture, reflected in more pronounced
energy and water surface balance differences across the year as compared to
the original forest cover.

Although the models used to predict climate change are improving
rapidly (RANDALL et al., 2007), there are still some important processes that
have not been incorporated or which are generically characterized. One
example is the bi-directional feedbacks between croplands and climate (BETTS,
2005). Crops are not explicitly included in most current land surface schemes
coupled to atmospheric models (MEEHL et al., 2007). Furthermore, studies of
climate change impacts on crop yield have generally neglected issues of spatial
scale, or the impact of extreme weather events on crop yield. These limitations
may be largely overcome if crops are explicitly included as part of land surface
models (hereinafter referred as Agro-LSMs) and directly coupled to climate

models.



Recently, there has been an increasing effort to explicitly represent
crops in LSMs (e.g. BONDEAU et al., 2007; GERVOIS et al.,, 2004;
KOTHAVALA et al., 2005; KUCHARIK; BRYE, 2003; LOKUPITIYA et al., 2009;
OSBORNE et al., 2007). Diverse approaches have been used to incorporate
different crop types within LSMs — with crop types varying from a single generic
variety (e.g., OLESON et al., 2007) to thirteen crop classes (BONDEAU et al.
2007). The inherent scale flexibility of Agro-LSMs has lead to their successful
application at a range of spatial scales: (i) site level (e.g., BONDEAU et al.
2007; GERVOIS et al., 2004; KOTHAVALA et al.,, 2005; KUCHARIK AND
TWINE, 2007; LOKUPITIYA et al., 2009); (ii) regional level (e.g., KUCHARIK,
2003); (iii) global scale (e.g., BONDEAU et al. 2007; OSBORNE et al., 2007).

Representation of crop growth vary between Agro-LSMs, spanning
from: (i) few crop characteristics specifications, (ii) coupling LSM and crop
models; and (iii) explicit inclusion of crop growth as function of net crop carbon
balance. For example, the Canadian LSM (CLASS) pre-specifies the above
ground biomass and empirically calculates LAl based on growing degree days
(GDD) and longitude (KOTHAVALA et al., 2005). Gervois et al. (2004) coupled
the LSM ORCHIDEE (Organizing Carbon and Hydrology in Dynamic
Ecosystems) with the crop model STICS (Simulateur Multidisciplinaire pour les
Cultures Standard) — and both models are run synchronically and forced with
the same atmospheric conditions, and STICS updates ORCHIDEE with LAI,
root density profile, nitrogen stress, and vegetation height. In another example,
Osborne et al. (2007) incorporated some of the crop model GLAM (General
Large-Area Model for annual crops) functions within the LSM MOSES (Met
Office Surface Exchange Scheme). Finally, Agro-IBIS (KUCHARIK, 2003),
SiBcrop (LOKUPITIYA et al., 2009) and Agro-BGC (DI VITTORIO et al., 2010)
incorporates crops phenologic and physiologic characteristics based on
previous crop models and literature review. In such approach, crop growth is
dependent on net carbon balance — the same vegetation growth principles
applied to the natural ecosystems.

However, achieving this objective is not straightforward mainly due to
the difficulties to characterize one cropping system at a global scale. Crop
management can significantly vary from region to region and crop hybrids may

present significant biophysical variations (e.g., EDME et al., 2005; TEJERA et
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al., 2007). For example, in North America maize has only one crop cycle per
year (and may be rotated with typical winter crop such as winter wheat) while in
Brazil the common practice is to reap two maize crops per year, in some cases
sharing the land with a third crop during the year. This difference determines,
for instance, the sowing dates, which is a critical parameter to adequately
simulate crop development and its interaction with atmosphere. For regions with
marked climatic restrictions on crop growth (e.g., low winter temperatures or a
marked dry season) climatic conditions may be a good proxy for sowing dates.
However, these are frequently hard to accurately predict as they vary with
climatic conditions, biophysical/physiological crop characteristics and
management or technological level (e.g., SACKS et al., 2010). Sowing and
harvest dates may therefore have a large degree of variability and
independence from climatic conditions even in the same region (illustrated in
Figure 1). Thus, the derivation of observed global data sets and the simulation
of management practices is one of the main challenges when running Agro-
LSMs on the global scale (OSBORNE et al., 2007).

Another important challenge in creating a realistic Agro-LSM is how to
control the climate model biases when the models are coupled. For instance, at
a regional scale climate models may deviate significantly from observations
(e.g., DAI, 2006) and affect crop yield. Therefore, climate model biases need to
be interactively corrected or considered when crop vyield is directly assessed
from Agro-LSM coupled simulations (OSBORNE et al., 2007).

Even though atmospheric model bias and crop management practices
may have a significant impact on coupled Agro-LSM crop yield simulations
(e.g., BAIGORRIA et al., 2007; CHALLINOR et al., 2005; KUCHARIK, 2008),
both of these effects can be partially controlled through the off-line application of
Agro-LSMs (e.g., GERVOIS et al.,, 2004; KUCHARIK, 2003; KUCHARIK;
TWINE, 2007; OSBORNE et al., 2007). This works in a similar way to off-line
uses of crop models (BAIGORRIA et al., 2007; SHIN et al., 2009), whereby an
intermediary methodology may be used to correct climate model bias or to
incorporate local management practices and hybrid characteristics for local

yield assessments.
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2007-08 crop season (a); Brazilian sugarcane harvest area (millions
of hectares) and average yield (t ha™) (b).



The potential of Agro-LSMs to provide more realistic simulations of yield
and to simulate land use or management impacts on local to regional climate
has led to increasing efforts to explicitly represent different crops in LSMs (e.g.,
BONDEAU et al.,, 2007; GERVIOS et al., 2004; KOTHAVALA et al., 2005;
KUCHARIK; BRYE, 2003; LOKUPITIYA et al., 2009; OSBORNE et al., 2007).
However, as of yet there is no explicit global model of sugarcane growth,
phenology, and yield. Sugarcane is becoming increasingly important in the
tropics where it is one of the main biofuel crops, beside its use for sugar
production. For example, in Brazil sugarcane harvested area increased fourfold
from 1975 to 2008 (Figure 1b), while the annual average yield nearly doubled
over the same period. In 2007, Brazil sugarcane cultivation accounted for
approximately 34% of the 20 millions of hectares that is planted annually across
the globe (OECD-FAO, 2007). Additionally, among crops used for biofuel
production, sugarcane is an energy crop with one of the highest rates of
renewable energy output (MACEDO, 2006) and biofuel yields per area (GIBBS
et al., 2008). Moreover, it has one of the lowest biofuel production costs (US$
per liter; OECD-FAO, 2008) and ecosystem ‘carbon payback times’
(FARGIONE et al., 2008; GIBBS et al., 2008). It has thus become one of the
most important global crops for renewable energy production, carbon savings,
land use change, and food-versus-biofuel related case studies and scenarios.

This study presents a new process-based sugarcane model, intended for
applications from site to global scale. It is included as a module in the LSM
Agro-IBIS (KUCHARIK; BRYE, 2003) which allows coupling of the LSM to
atmospheric models, thereby permitting the simulation of bi-directional

interactions between atmosphere and the sugarcane cropping system.



2. METHODOLOGY

2.1. Model description

2.1.1. Biogeophysical processes represented in Agro-IBIS

All crops represented in Agro-IBIS share the same physical and
biophysical equations to simulate energy and mass balance within the natural
ecosystem. Here we provide a concise summary of these processes, the
complete equations used by the land surface models IBIS (Integrated Biosphere
Simulator) and Agro-IBIS are fully documented in Foley et al. (1996) and
Kucharik and Brye (2003). Agro-IBIS solves a set of equations to simulate
energy, water, carbon, and momentum exchange between soil, vegetation
(canopy and root system) and atmosphere. The physical equations operate
over a one-hour time step. Other processes such as carbon allocation and
phenology operate on scales from daily to yearly. Solar radiative balance in the
surface is resolved using the two-stream approximation for each plant functional
type (PFT), individually considering the direct and diffuse radiation in two
wavebands (visible and near-infrared) - additional details are discussed in
Section 3.1.

Agro-IBIS considers two canopy layers for natural vegetation types: an
upper layer for trees and a lower one for grasses and shrubs. Only one layer

(the lower) is considered when a crop is assigned. Turbulent flux and wind
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through the canopy are simulated using a simple logarithmic profile. An
empirical linear function of wind speed is used to estimate turbulent flux
between the soil (or snow) and the lower vegetation canopy. With the inclusion
of the sugarcane module Agro-IBIS has 16 PFTs in total: 12 natural and four
crops (soybean, maize, wheat, and sugarcane).

Hydrological processes simulated within the model include precipitation
interception and retention by canopy, surface puddle formation, infiltration,
water flux between the soil layers, deep percolation, evaporation from soil
surface and from intercepted water by canopy, and canopy transpiration. In the
current simulation, eight soil layers (from the top 12 m) were used to resolve
hourly heat and water flux into soil. The soil module integrates the Richard’s
equation to calculate the change of the liquid soil moisture, while the vertical
flux of water is modeled according to Darcy’s Law. Soil texture and organic
matter content in each layer, and differences between layers, influence one-
dimensional water flow. Canopy transpiration is coupled to the photosynthesis
through stomatal opening. Nitrogen cycle considers N fertilization, deposition,
fixation, mineralization, plant uptake, and leaching. The current model version
accounts for leaf nitrogen effects on photosynthesis.

The carbon cycle depends on atmosphere, canopy and soil conditions.
Agro-IBIS simulates ecosystem carbon cycle through net primary production
(NPP), heterotrophic respiration, and organic matter decomposition. Canopy
physiology is characterized within the model in the following way:
photosynthesis and stomatal conductance are calculated using the Farquhar-
Ball-Collatz equations (BALL et al., 1987; COLLATZ et al., 1992; FARQUHAR
et al.,, 1980). Gross photosynthesis rate (Ag) is a function of absorbed
photosynthetic active radiation (APAR), intrinsic quantum efficiency, intercellular
CO; concentration (which depends on atmospheric CO, concentration, stomatal
regulation, and leaf boundary layer conductance), maximum capacity of
Rubisco enzyme (Vmax), and leaf temperature. The Ag relation with these
quantities varies according to vegetation type (e.g., trees, shrubs, C3 and C4
grasses and crops). Two stress functions (water and nitrogen) also affect Ag.
The water stress function is based on soil water content in the root zone - the
contribution of each layer to the overall plant water stress being weighted by the

soil layer root fraction. The Nitrogen stress function is dependent on the amount
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of available inorganic nitrogen in soil and on water availability for transpiration.
This function accounts for the reduction of nitrogen transport from soil to leaves
as soil water potential drops. Leaf maintenance respiration depends on Vpmax
and leaf temperature, and root and stem maintenance respiration are functions
of the total live carbon in the organs and their respective temperatures. Finally,
NPP for each PFT is given by Ag less the respiration of the three organ systems
(root, leaf and stem), and is further reduced by a coefficient to account for the
fraction of carbon lost due to growth respiration (KUCHARIK et al., 2000).
Weather (climatic) conditions affect photosynthesis through clouds (surface
incident radiation), temperature (e.g., Rubisco Carboxilization), water vapor
pressure (e.g., stomatal conductance), wind speed (turbulent CO,, heat, and
water fluxes) and precipitation (soil moisture conditions).

Agro-IBIS explicitly includes carbon flow between vegetation, detritus,
and soil organic matter pools (KUCHARIK et al., 2000). Following the
framework of Verberne et al. (1990), the model simulates microbial growth as a
function of available litterfall biomass, root turnover, soil organic matter, and soil
texture. Microbial activity dependents on an Arrhenius function of hourly
temperature (LLOYD; TAYLOR, 1994) and water-filed pore space (LINN;
DORA, 1984) — representing modifications of the original CENTURY model
equations (PARTON et al., 1987). Root profiling functions designate where fine
root and soil carbon are most likely to reside in the soil profile. These profiles
allow soil moisture and temperature values to be weighted by depth according
to carbon and microbial biomass. Leaves, wood and fine root biomass detritus
are divided separately between three litter pool compartments (decomposable,
structural, and lignified) according to theirs C:N ratios.

Agro-IBIS assumes that annual biomass and fine root turnover of the
previous year are divided into equal daily increments in the current simulation
year, that all living root biomass die during harvest, and that all root biomass
enter into soil carbon pools immediately after harvesting. However, during
sugarcane harvest most of non-millable cane (immature top portions of stalk)
and leaves may be either burned (as occurs for most of harvested sugarcane in
Brazil) or left over soil (usually when the sugarcane is mechanically harvested).
Another notable difference from other crops is that the sugarcane root system

dies partially immediately after harvest, and the remaining root biomass is

10



completely or partially replaced in the subsequent months after ratooning
(SMITH et al., 2005). To account for these specific physiological and
management characteristics of the sugarcane cropping system some
modifications to the model were therefore necessary: First, daily root biomass
decayed along the crop cycle was added to soil in the same day. Second, it was
assumed that 17% of root biomass dies immediately after harvest, and the
remaining biomass is assumed to decay in the subsequent 60 days (figures
based on the review of SMITH et al., 2005). Additionally, the impact pre-harvest

fire on carbon balance was considered, as discussed in the next section.

2.1.2. Crop management

The original Agro-IBIS model included only annual crops (maize,
soybean, and wheat), while sugarcane is a perennial crop. Moreover, the
sugarcane growth period (between planting and harvest) is quite variable,
depending on climate and plant cultivars. Usually, sugarcane is harvested
between 12 and 24 months after planted (namely planted crop), and in the
following years (usually from two to six years) it re-grows from the stubble
(known as the ratoon crop) and is harvested every year. In the continental
United States (mainly in Florida and Louisiana), planted sugarcane grows for 12
to 18 months before harvest, and two ratoon crops are typically grown
(GREENLAND, 2005). In Hawaii, planted crop may grow continuously for 2 or 3
years before harvest. In Brazil two different groups of hybrids are planted: one
that matures 12 months after planting and one that maturates after 15 to 18
months. The harvest season goes from May to November in Southeast Brazil
and from September to February in Northeast Brazil.

In a typical 18 month cycle in southern Brazil (illustrated in Figure 2),
the sugarcane is planted in the first months of the year, between January and
May and is harvested from May to November of the following year. Four to five
ratoon crops are grown in consecutive years with an associated drop in
productivity in the ratoon cycles. After the last ratoon cycle the land is either left
fallow for some months or a summer crop is cultivated, after which the soil is

managed for the next crop cycle.
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Figure 2 — Example of Leaf Area Index (LAI) development (simulated) for a
typical sugarcane crop cycle (one plant cycle and four ratoon
cycles) in southeast Brazil.

For all crops, planting date may be either prescribed or determined by
the model. The model’s decision to plant a crop is based on three conditions:
The 10-day running averages of both daily mean air temperature and minimum
temperature must be higher than specified thresholds. Furthermore, planting
cannot take place before a specific date based on the typical growing season
across the region in question. All three conditions must be met for planting to
take place.

For annual crops, harvest takes place when both GDD (Growing
Degree Days, thermal time in units of °C per day accumulated since planting) is
equal or higher than GDD,, (GDD to achieve physiological maturity) and the day
during the integration is higher than the specified day-of-year set as the earliest
harvest day. For sugarcane, the harvest takes place in a specified harvest
window between a minimum and maximum day-of-year (represented in Figure 2
by a bracket). Then, as in the other crops, sugarcane is harvested (in the
harvest window) when GDD reaches GDDp. In the literature, a base
temperature between 8°C and 15°C is used to compute the GDD for sugarcane
(KEATING et al., 1999) and Agro-IBIS uses a base temperature of 12°C. Since
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the model is designed to run from site to global scale, the thermal time to reach
physiological maturity is not a pre-specified crop GDD, but is calculated
interactively during integration based on the normal planted crop growth period,
days between planting, and expected harvest date (date centered between
maximum and minimum harvest days). A first approximation for GDDy, is
calculated based on annual climatology, for a given grid point, and then for
every crop cycle this value is interactively updated based on temperature during
integration. A maximum defined hybrid GDD,, can also be specified. After the
sugarcane is harvested the consecutive ratoons are grown until the same
harvest window.

In addition to the plant and harvest controls, the crop management
module also considers nitrogen fertilization and irrigation. Fertilization is applied
every planting date, and the amount of N per hectare applied is pre-specified,
either fixed for each crop type or varied according to an input file. However, due
to the lack of information on level of fertilization, soil nitrogen content, impact of
pre-harvest fire on nitrogen emission/deposition in the present simulations, the
nitrogen impact on photosynthesis was not considered and nitrogen stress
functions was considered as non-limiting. Irrigation, if applied, can be either
specified or calculated during the integration based on average daily water
content in the soil (the amount of water applied to a managed ecosystem was
computed on a daily basis).

Another important difference between the sugarcane agro-ecosystem
and the other crop systems is the employment of fire by the time of harvest.
Cane harvest is achieved in two main ways. The cane can be manually cut,
which is normally associated with pre-harvest fire. Alternatively, it can be
mechanically harvested with or without pre-harvest burning. In both cases, fire
may be use before harvesting to increase efficiency (RIPOLI et al., 2000) and
after harvest to clean the ground. The model considers the possible use of fire
through the incorporation of one parameter that determines the use of fire
during the harvest process. It is quite difficult to predict the litter during any crop
cycle (INMAN-BAMBER et al., 2002), and to estimate the biomass left after
harvest with pre-harvest fire may be even more difficult and variable (in time
and space). In the present simulation, we considered the simple hypotheses

that in case of fire only 25% of straw (total dead leaf and meristem) is
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incorporated into litter (based on SOUZA et al., 2005), and the remaining is
assumed to be burnt.

2.1.3. Phenology and carbon allocation

Agro-IBIS has different methodologies to account for the phenology and
carbon (C) allocation of crop and natural ecosystems. For annual crops, Agro-
IBIS considers three key growth stages controlled by GDD: (i) from planting to
leaf emergence; (ii) from leaf emergence to end of silking; (iii) from grain fill to
physiological maturity. Each phenological stage is characterized by different C
allocation fractions to the four specific C pools (i.e., leaf, stem, root, and grain)
based on CERES-Maize and EPIC models (KUCHARIK; BRYE, 2003). Leaf
emergence occurs when the GDD is higher than a specific percentage of the
GDD,. The second phase goes from leaf emergence to end of silking, at which
time most of NPP goes to leaves and roots. The third phase, grain fill to
senescence, is characterized by grain formation.

For the sugarcane crop, a new carbon allocation scheme was
implemented. Based on an analysis of the two main international sugarcane
crop models, APSIM-Sugarcane (KEATING et al.,, 1999) and CANEGRO
(SINGELS; BEZUIDENHOUT, 2002; SINGELS et al., 2005) we developed a
new Agro-IBIS carbon allocation scheme, drawing heavily on the CANEGRO
model equations. Our first modification in the original CANEGRO C allocation
set of equations was to consider the allocations as a function of GDD, instead of
accumulated biomass (since it is not possible to know the typical crop biomass
for all grid points). As mentioned above, in grain crops such as soybean and
maize, daily NPP is allocated to the four carbon pools: leaves, roots, grains and
stem. Analogously, in the sugarcane module daily NPP is allocated to four
carbon pools: leaves (A)), roots (A,), stem sucrose (As.), and structural stem
(Astc - stem fibre plus non-sucrose material). First, daily NPP is divided between
aerial (A, - all above ground biomass), roots (A;), and stem (Asm) C pools,

where Agm, includes Asyc plus Ag:

Ay = (1= App) x min[1,1 — e (RIXRM)] "
Agem = min [(1 — App — Apm), Ag X max (0, Fy, F,) ] @)
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Fl = (RM X Clstem) - (Ilstem X Clstem) (3)

FZ =1- e[(RMXCestem)_(lestemxcestem)] (4)
RM = 100 x (G‘j;’fn) (5)

Where RM is the crop relative maturity, Ry is the root decline coefficient,
and A, and A, are the minimum fraction of carbon allocation to roots and
leaves, respectively. RM expresses the evolution in GDD along the crop cycle in
a scale that ranges from 0 to 100. It normalizes the spatial variability of GDD
and is computed for each grid point interactively. F; and F, are the linear and
exponential functions that describe stem allocation; the maximum value of these
two functions composes the allocations to stems (Asm) (Figure 3). These
functions are based on the principle that carbon allocation to stems is nearly
linear in the beginning of sugarcane growth and then follows a logarithmic
profile for the rest of crop cycle (see KEATING et al.,, 1999 for some

observational evidence).
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Figure 3 — Fractional carbon allocation to the different carbon compartments in
sugarcane along crop cycle: root (brown line), leaves (green line),
stalk (cane - blue line), structural (red line), and sucrose (yellow
line).
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F; (Eq. 3) is a linear function of RM (Eq. 5), Cistem is the angular
coefficient of Fs and the product between Cisterm times Iistem; determines the GDD
for which F; is greater than 0.0. Therefore, Cisiem and Istem define when carbon
starts to be allocated to structural stem (when F; and F, are lower than 0.0 they
are not accounted for Asm — there is no negative allocation). For example, a
listem (linear intercept point) of 10 (Figure 3) signifies that the linear allocation to
Asim starts when RM is equal to 10 (or GDD is equal to 10% of GDD,).

F> (Eq. 4) is an exponential function of RM (Eqg. 5). The coefficient
Cestem determines the exponential function F, and the product between Cegtem
and lestem €stablish the GDD for which F; is greater than 0.0; therefore, Cestem
times l.stem defines when the exponential function F, can potentially (i.e., F»
greater than F; and zero) direct carbon allocation to the structural stem. For
example, listem (€XpoOnential intercept point — RM for which F; is equal to zero) is
equal to 15 in Fig. 3, meaning that F; is greater than zero from RM higher than
15 (or GDD higher than 15% of GDDyy).

In addition, root allocation (A,) is the complement of A, to the unit, and
leaves allocation (A)) is given by (As; - Astm). Following the same form of
functions, carbon allocated to stem (Eq. 2) is then partitioned between stem

sucrose (Asuc), and structural stem (As) following the set of equations:

Aguc = Agtem X max(0, F;, F,) (6)
F; = (RM X Clsuc) - (Ilsuc X Clsuc) (7)
F4 =1-— e[(RMXCesuc)—(Iesucxcesuc)] (8)

Additionally, temperature is known to alter carbon allocation in
sugarcane. For example, under cold or mild dry conditions carbon is allocated
preferentially in the sucrose form (SINGELS; BEZUIDENHOUT, 2002).
However, in this initial version of model we focus on simulating total stem (cane)
production. Currently, temperature influences sugarcane physiology (e.g.,
influencing photosynthetic efficiency, stomatal opening) and, if daily
temperature drops below 0°C, leaf area index (LAl) is linearly reduced until
-5.6°C, at which point the crop dies (GREENLAND, 2005; KEATING et al.,
1999).
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Finally, the carbon content of each organ is updated on a daily basis by
accumulating the daily NPP allocated to each organ fraction and subtracting the
organ turnover (considered to occur only for leaves and roots). Although leaf
turnover in sugarcane depends on temperature, leaf age, light competition, and
water stress (e.g., KEATING et al., 1999; SMITH; SINGELS, 2006), leaf and
root turnover are simulated as the product between the carbon content in each
pool and a constant turnover rate. Additionally, leaves are considered to decay
if temperature drops below water freezing point. The physical proprieties of the
canopy (e.g., reflectance, transmittance, canopy water storage and heat
capacity) are modeled as a function of the carbon accumulated to leaves and
stem, and LAl is given by the product of carbon in the leaf pool and a constant

specific leaf area (SLA - m?.kg™").
2.2. Validations and input data sets

Four different datasets of increasing spatial scale were used to validate
the yield simulated by the sugarcane module: (i) micro-meteorological and
biomass observations, obtained for one crop cycle (391 days) in northern Sao
Paulo state (Brazil), (ii) yield from two consecutive ratoons grown with three
different irrigation regimes at an experimental site at Kalamia estate, Australia;
(iii) sixteen years of yield data for the four largest sugarcane producing meso-
regions in the Brazilian state of Sdo Paulo; (iv) annual average yield over 31

years for the U.S. state of Louisiana.
2.2.1. Sao Paulo state experimental site

First we validate the model against micro-meteorological measurements
made over a sugarcane plantation (Saccharum spp., cultivar SP83-2847) during
one ratoon cycle (second ratoon) cultivated in a commercial area of 351 ha.
This area belongs to the Santa Rita Mill in the Sao Jose do Pulador farm (Farm
n.° 27), near the city of Luiz Antonio, Sao Paulo state, Brazil (21°38’S, 47°47'W,
elevation 552 m). The ratoon cycle goes from 14 April 2005 to 10 May 2006
(second and third harvest, respectively). The crop was planted with an inter-row

spacing of 1.5 m and attained a height of 3m at harvest. As there were no
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observations for the preceding cycle, the days between 38 and 104 of 2005 are
only shown as reference points for the analyzed crop cycle and were not
considered in the analyses.

The granulometric analysis showed a mean (first 2 m) soil composition
of 22% of clay, 3% of silt and 74% of sand. The regional climate is typically
warm and wet in the summer, and mild and dry in the winter (see TATSCH et
al., 2009). Both temperature and precipitation show a marked annual cycle. The
mean monthly temperature varies between 19°C in June and 24°C in February,
with a mean annual temperature of 22°C. The mean monthly rainfall is about
50 mm in the dry season and reaches more than 200 mm during wet season.

The model was forced with meteorological data from an automatic
weather station. The data were sampled every 10s and registered as 10 min
averages in a datalogger (CR10X, Campbell Systems). Hourly average means
of air temperatures, global solar radiation, relative humidity, surface pressure,
wind speed, and daily precipitation were used as input for the simulation. Tatsch
et al. (2009) provide a detailed description of the experimental site,
meteorological and biomass datasets. Micro-meteorological measurements
made over sugarcane at the Sdo Paulo state are also described in Cabral et al.
(2003) and Rocha et al. (2000). Validations include sensible heat flux (H), latent
heat flux (AE) and carbon dioxide flux (which is compared against modeled net
ecosystem exchange NEE) derived from the eddy covariance technique. In all
simulations, model was integrated considering 11 soil layers, with a total soil
depth of 2.5 m.

2.2.2. Kalamia estate experimental site

The site level data at Kalamia estate (19.6°S, 147.4°E), northeast
Australia, is used to evaluate model biomass and evapotranspiration (ET) for
two consecutive ratoon crops grown with three different irrigation regimes.
Sugarcane was planted on 27 September 1999 and harvested on 25
September 2000. The first ratoon covers the period from 25 September 2000 to
18 July 2001, and second ratoon from 18 July 2001 to 16 August 2002. This
field experiment used three irrigation schedules once the crop was fully

established: two treatments were irrigated 1-3 times a week to replace water
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used at an estimated rate of 1.00xET, (1.00ETo) and 1.25xET, (1.25ET)),
where ETj is the reference evapotranspiration (ALLEN et al., 1998). The third
treatment was conventional furrow irrigated (FRW), providing at least 70 mm of
water when a soil available water deficit of about 70 mm had developed. This
deficit was calculated using the estimated evapotranspiration rate of 1.25xET),.
The experimental site was divided into 12 plots, 4 replications for each
treatment. Each plot consisted of nine rows 1.52 m apart and 39 m long. All
plant and soil measurements were taken from the four inner irrigated rows (net
plot). Complete information about the field experiment is given by Inman-
Bamber and Attard (2008). Simulations were forced with daily meteorological
observations made at the site, and daily irrigation (see Figure 4, gray columns)

follows the daily field observations for each treatment.

2.2.3. Sao Paulo mesoregions

A second set of simulations were compared with sixteen years (1990-
2005) of modeled and observed sugarcane yield for the four mesoregions (= a
cluster of municipalities used for statistical purposes) (Figure 4) in Sdo Paulo
state (Brazil). Sao Paulo is the largest sugarcane producer in Brazil, producing
around 60% of total Brazil production (http://www.conab.gov.br/conabweb/).
Data were collected by the governmental institution IBGE (Brazilian Institute of
Geography and Statistics — http://www.sidra.ibge.gov.br). The IBGE
mesoregions and the four largest mesoregions sugarcane producers are (1)
Ribeirao Preto, (2) Sdo José do Rio Preto, (3) Bauru, and (4) Aragatuba. The
combined output of these four mesoregions represents ~40% of total Brazil
production. The Agro-IBIS terrestrial grid (0.5°) points considered in the
simulations are based on the 1995 gridded sugarcane fractional cover (Figure
4). Simulations were forced by the Climate Research Unit (CRU) version 3.0
climate data set (http://badc.nerc.ac.uk) monthly maximum and minimum air
temperature, precipitation, vapor pressure, and cloud cover (from 1982 to
2005), and the period between 1990 and 2005 was used to compare
simulations against IBGE’s yield estimation. Growing season was considered as

one year starting/ending in August (for the Sdo Paulo state). Climatic means
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and anomalies also consider one year average, from August to August;
anomalies were derived from the 1990-2005 mean.
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The four mesoregions considered in the simulations are indicated by the numbers: (1) Ribeirdo Preto; (2) Sdo José do
Rio Preto; (3) Bauru; (4) Aragatuba. Grid corresponds to the terrestrial grid used by Agro-IBIS (0.50), which is the same
as the CRU monthly climate dataset. Percentage under sugarcane cultivation (fractional cover) for each pixel (~0.160) is
plotted over the map (shaded field), based on the IBGE's 1995 census.

Figure 4 - Sado Paulo state map (Brazil) showing the mesoregions
(municipalities cluster) according to IBGE's (see text) municipal
aggregation.
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2.2.4. Louisiana state

The third validation compares simulated results over a 0.5° x 0.5° grid
against statewide yield for the U.S. state of Louisiana. Estimated yields were
taken from Greenland et al. (2005). The dataset was produced by the American
Sugarcane League and the period used for validation goes from 1963 to 1993.
The model was integrated from 1958 to 1993 for all Louisiana State grid points
and state yield average considers the grid points following the main sugarcane
cultivated area presented by Greenland et al. (2005).

The simulation used version 2.1 of the CRU data set (Mitchell and
Jones, 2005) and the National Centers for Environmental Prediction National
Center for Atmospheric Research (NCEP-NCAR) reanalysis (KANAMITSU et
al., 2002) in conjunction with a weather generator to produce hourly data. Daily
variability for each meteorological variable were derived from the NCEP climate
reanalysis considering the monthly values from the CRU data set for the period
from 1963 to 1993. This improve the representation of daily weather events,
which impacts the crop growth, while preserving the monthly variables values
from the CRU data set. Finally, hourly average values of air temperature,
precipitation, relative humidity, solar radiation, and wind speed were derived
using the WGEN (RICHARDSON; WRIGHT, 1984) weather generator. Kucharik
(2003) provides the full details of this methodology to obtain sub-daily
meteorological variables to force Agro-IBIS.
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3. RESULTS AND DISCUSSION

3.1. Sao Paulo state experimental site
3.1.1. Leaves biomass and radiation fluxes

Hourly radiation intercepted by canopy is given by the nature of incident
radiation (direct or diffuse), incidence angle, leaves and stem area index,
radiation extinction coefficient, and leaves and stem reflectances at each
waveband. The process adopted to adjust reflectances followed three
interactive steps: (i) adjustment of carbon allocation to leaves pool (i.e., LAI); (ii)
adjustment of radiation extinction coefficient, and; (iii) adjustment of green and
brown (dead) leaves reflectances.

The simulation underestimated green leaves dry matter in the first and
later stages of crop cycle, while dry matter in the more photosynthetic active
phase was in close concordance with the observed data (Figure 5). LAl field
observations were not as frequent as dry matter ones and LAl was therefore
indirectly estimated by the product of green leaves dry matter and the specific
leaf area (SLA) measurement (5.7 m%kg') on a dry matter base or
approximately 13.5 m? per kg of carbon (TATSCH et al., 2009). However, this
estimation introduces a degree of uncertainty in the LAl validation because SLA
is usually variable in time, whereas the calculation was based on a single
measurement of SLA during the period of the investigation. SLA is also quite
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dependent on cultivar and environmental conditions, and the 5.7 m2-kg'1
observed is relatively low compared with typical range of published values (e.g.,
PELLEGRINO, 2001; PINTO et al., 2006). Assuming the observed total green
leaves maximum (average) of 5.5 tha™' (Figure 5 — dry matter) results in an
observed maximum LAl of around 3.1 m*>m™ (0.55 kg-m™ times 5.7 m%*kg™),

while the maximum simulated green LAl was 2.7 m?m™ (Figure 5).
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Figure 5 — Observed (symbols) and simulated (lines) dry matter accumulation in
green (black) and dead (dark gray) leaves during the ratoon cycle.
Simulated total (green plus attached dead, dark gray dashed line)
and green (light gray dotted line) LAl are displayed in the right axis.
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Agro-IBIS simulates leaf decay as the product between foliage biomass
and a constant turnover time. Even using a relative low (related to the others
cultures) value for average leaf resident time (175 days) simulated dead leaves
dry biomass is underestimated. Although the simulated value is much lower
than observed, the observed and simulated dead leaves values are in the range
of values reported in literature (e.g., THOMPSON, 1978; ROBETENSON et al.,
1996; INMAN-BAMBER et al., 2002).

Two different procedures were adopted to calibrate the radiation
extinction coefficient, both based on the assumption that LAl and SAIl (stem
area index) had been accurately simulated. Radiation extinction coefficient (K)
in IBIS depends on three parameters (leaf orientation, transmittance and
reflectance) and two diagnostic variables (LAl and SAl). Leaf orientation along
with LAl determines the leaf projected area in the beam direction. Typically, leaf
angle departure (x.) is assumed to be -0.5 for C4 species (x. ranges from -1 for
vertical leaves, 0 for randomly oriented, 1 for horizontal leaves).

The sensitivity of the simulated reflectance was assessed for phase 2
and phase 3 using two different values for ¥ (-0.5 and -0.2) (Figure 6). Phase 2
is the full canopy phase (from day 270 of 2005 to 48 of 2006) and is
characterized by low albedos. Phase 3 is the senescence period (from day 68
to 130 of 2006) during which green/brown LAI gradually reduces/increases, and
albedos increase. The best fit to the observed values was achieved when .
was set at -0.2.

Simulated total solar radiation flux (Rs) attenuation by canopy resulted
in an estimated K. (radiation extinction coefficient) of 0.55 (Figure 7a). Although
0.55 is relative high in the range of sugarcane observations (0.37-0.53) reported
by Park et al. (2005), it is consistent with their observation that tropical locations
are characterized by high K. It is also important to note that K. differs between
crop classes, cultivars, and soil and climatic conditions (ROBERTSON et al.,
1996; PARK et al., 2005). The relationship between intercepted Rs and LAl
(Figure 7b) is also consistent with other reported values (e.g., MUCHOW et al.,
1999; PARK et al., 2005).
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extinction coefficient (K;) of 0.55 (best fit to the simulated Rs
extinction) (a); Rs extincted by canopy as function of LAI
integrated by model (black symbol) and according to Beer-
Lambert law using K¢ = 0.33 (black line) and 0.53 (gray line);
values of K, reported by Park et al. (2005) (b).

The model produced a very close concordance between daily simulated
and observed surface Rs and photosynthetic active radiation flux (Rp)
reflectances (Figure 8) — solar radiation is separated in two wavelength bands
(visible from 0.4 to 0.7 ym and near-infrared from 0.7 to 4.0 ym). In the day
after harvest (day 108 of 2005) R, reflectance leaps from 0.05 to 0.1 in both
observation and simulation. Aerial biomass not harvested (top and leaves) was
left over ground and burned around day 140, as seen by the drop in observed
albedo (R; reflectance). Although the model successfully simulates the increase
in albedo after harvest, in the days between harvest and biomass burn the
simulation somewhat deviates from observations (R, reflectance). This is
attributable to the fact that Agro-IBIS does not have a module to account
explicitly the management of aerial biomass not harvested — leaves were
considered to be burnt on the harvest day and any remaining meristem was
incorporated into the litter pool. Field observations indicate that both

reflectances remain high until the day the fields are burnt, probably because of
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straw left over ground, in contrast to simulated albedo that was derived from
bare soil. After this initial stage, the simulation and observations show a similar
pattern, indicating that Rs/R, reflectances gradually increase/decrease as LAl
develops. As LAl grows, simulated R, reflectance increasingly approaches

observations until it stabilizes at 0.05, when simulated LAl is around 2.0.
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Figure 8 — Daily surface total solar radiation flux (Rs - dark gray) and
photosynthetically active radiation flux (R, - black) reflectances,
observed (symbols) and simulated (solid lines) — right vertical axis
scale. Total, green plus attached dead leaves, LAl (m2 m™— black
dotted line) simulated is plotted in the left axis scale. Period goes
from day 38 of 2005 to 129 of 2006.
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3.1.2. Carbon balance and evapotranspiration

The seasonal photosynthetic cycle is robustly simulated by the model,
although daily variability is best simulated for the period of maximum
assimilation (Figure 9). Another clearly observable pattern is that simulated
NEE drops sooner and to a greater degree than observed values during periods
with low precipitation (e.g. between days 10 and 40 of 2006). The
underestimation in this period is the major contributor to the final diurnal
average NEE bias (-6.44%, as inferred from the deviations of the cumulative

curves — Figure 9).
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Figure 9 — Average diurnal (from 8 am to 18 pm, local time) CO, net ecosystem
exchange (NEE - pmol of CO, m? s™) observed (blue line) and
simulated (red line). Cumulative NEE observed (gray line) and
simulated (black line) are also plotted in the left axis. Green LAl (m?
m? — green dotted line) and observed precipitation (cm day” -
background gray column) are plotted in the right axis scale. Period
goes from day 105 (ratooning) of 2005 to 129 of 2006 (harvest).
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Diurnal cycles of NEE (Figure 10) were divided in three periods: (1)
initial growth (from day 124 to 233 of 2005); (2) crop growth maximum (from day
270 of 2005 to 48 of 2006), and; (3) crop growth decline (from day 68 to 130 of
2006). The gaps between periods being caused by a lack observations during
these times (illustrated in Figure 9). In the initial period Agro-IBIS
underestimated NEE (Figure 10), this being most apparent after midday. In the
second period of the cycle, assimilation increases with R, flux until 11.00 am
and then gradually decreases after that (Figure 10). Although simulated and
observed NEE show a high degree of concordance, modeled NEE tends to
decreases relative to the observed data from 11.00 am to 4.00 pm. During the
latter period the modeled results follow the observations closely throughout the

entire diurnal cycle.
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A OBS (3) = Simulated (3)

Figure 10 — Observed (symbols) and simulated (lines) average CO, net
ecosystem exchange (NEE - pmol of CO, m? s™) diurnal cycle
for three periods: (1) initial growth (blue line and symbol); (2)
maximum crop growth rate (red line and symbol); and (3) decline
crop growth rate (black line and symbol).
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Simulated hourly NEE shows a similar relationship with air temperature
to observed NEE (Figure 11a). NEE grows exponentially with temperature until
a maximum assimilation around 27°C, and then drops shutting down for
temperatures higher than 35°C. It is important to note that other factors also
affect this relationship. For example, relative humidity (h) also has a strong
influence over NEE, and h tended to vary from 20% to 40% for temperatures of
about 35°C. The model also accurately simulates the relationship between
photosynthesis and h (Figure 11b). When simulated NEE is plotted against
observed NEE (Figure 11c), the general fit of the model is good (R? = 0.69,
relative bias -6.6%).

The model gives a generally robust simulation of ET (Figures 12a and
12b) as demonstrated by a strong correlation with observed values (R? = 0.87),
although there is a tendency of overestimation (0.32 mm day™ on average) —
with the exception of periods of soil exposure when LAl is below 1.0 m? m2. ET
bias tends to be especially high in days following precipitation events, and tends
to drop during dry periods. This pattern is driven by the soil water stress
function, which tends to reduce photosynthesis and ET as soil dries.

The model tends to overestimate ET when temperatures are higher
than 25°C (Figure 13a). Despite this bias, the simulated relationship is once
again generally concordant with observed values. Both simulation and
observation are characterized by a maximum ET at approximately 30°C, while
maximum NEE occurs at about 27°C, reflecting a decrease in the water use
efficiency above this value. The relationship between ET and h is also well
captured by the simulation (Figure 13b). Maximum ET tends to increase when h
ranges from 20% to 50% and decrease linearly when h varies from 50% to
100%. Dispersion between observed and simulated ET (Figure 13c) presents
low dispersion (R? = 0.79) and systematic deviation for observed ET > 0.3 mm

hr'; linear regression has a slope coefficient of 1.13.
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Figure 11 — Dispersion diagram between hourly net CO, ecosystem exchange
(NEE - umol of CO, m?s™) and air temperature (above canopy —
reference level), observed (gray symbol) and simulated (black
symbol) (a); same as (a) for NEE and relative humidity (%) (b);
dispersion diagram between hourly observed and simulated NEE

(c).
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ET underestimation resembles NEE and air temperature relationship
(Figure 14a), suggesting that this relationship is (as expected) related with
stomatal opening. Maximum ET bias occurs at temperatures around 30°C,
indicating a concomitant effect of temperature via water vapor pressure deficit.
However, there is no clear relationship between ET bias and h (R2 = 0.003;
Figure 14b), with the maximum observed bias for h between 40 and 70%

(coincident with temperatures of around 30°C).
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Figure 14 — Dispersion diagram between ET (evapotranspiration — mm hour'1)
bias against: (a) air temperature (°C) and (b) relative humidity (%).

The modeled relationship between NEE and absorbed solar radiation is
generally similar to observations (Figure 15). NEE over absorbed solar radiation
(ARs) increases almost linearly until a maximum is reached around day 340 of
2005 (some days before green leaf biomass reaches its maximum — Figure 5,
DAR 237), and model overestimates this increase after day 249. Although result
is close to the observations during the maximum photosynthetic active period,
the model tends to be over sensitive to dry events. During the final phase of
crop cycle, the model tends to overestimate the rate of NEE/ARs; — with
exception of final days of the cycle when the model responds more intensely to
water shortage. Most of literature reports radiation use efficiency (RUE) as the
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rate of aerial dry biomass per MJ of solar radiation intercepted (e.g., 1.59 g MJ™"
for ratoon crop; ROBERTSON et al., 1996). This cannot be derived from
observations in the current study as solar radiation just below green canopy
was not measured. Modeled NPP over-absorbed solar radiation by total green
leaves was 1.9 g MJ™ during the full canopy period, which is consistent with
potential (non stressed) 2.12 g MJ” value reported by Singels and
Bezuidenhout (2002) and field values reported by Muchow et al. (1999).

== NEE/ARs (Simulated) =~ ———NEE/ARs (OBS)

*1°** LAI (Simulated)

Daily NEE/AR, (g of dry matter per MJ)

105 150 195 240 285 330 10 55 100
Day-of-year

Figure 15 — Observed (gray line) and simulated (black line) daily rate between
CO; net ecosystem exchange (NEE - in dry matter base) and
surface absorbed solar radiation (ARs — MJ m? day™). Simulated
LAl (m? m?— black dotted line) is plotted in the right axis scale.

The ratio between simulated NEE and ET, a measure of water use
efficiency, follows observations closely across the entire crop cycle (Figures 16a
and 16b). NEE/ET starts to drop around day 147 then decreases faster until

day-of-year 210. This decline continues until about day-of-year 336, which
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coincides with maximum green leaves biomass. Observed and simulated

dispersion between NEE and ET present similar linear regressions (Figure 16b).
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Figure 16 — Observed (gray line) and simulated (black line) daily C02 net

ecosystem exchange (NEE - 9002 m? day') over
evapotransplratlon (ET — kg m? day”). Simulated LAl (black
dotted line - m? m?) is plotted on the right aX|s scale (a);
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Dry biomass observations made in the micro-meteorological experiment
go from June 5" of 2005 (22 days after ratooning - DAR) to May 10™ of 2006,
two days before harvest (389 DAR). Total green leaves dry biomass is
accurately simulated, with a slight underestimation from the middle until the end
of cycle (Figure 17). Total dead leaves dry biomass is overestimated at the
beginning of cycle and underestimated from 140 DAR onwards. Cane biomass
is robustly simulated for most points along the crop cycle. The main deviations
occurred from day 327 to 375, with final biomass converging again with
observations (final relative bias equal to -6.23%). Total aerial biomass is
underestimated from 140 DAR onwards. Most of the underestimation is related
to total dead leaves biomass, which was relatively high compared to other
published locations (e.g., ROBETENSON et al. 1996; INMAN-BAMBER et al.,
2002).
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Figure 17 — Observed (symbols) and simulated (lines) dry biomass (t ha™)
accumulated along the ratoon cycle: total aerial (black), cane
(blue); dead (dry) leaves (brown), and green leaves (green).
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3.1.3. Energy balance

Net radiation (R,) is underestimated by the model when soil is exposed
(Figure 18). As the canopy grows simulated R, converges with observations,
and bias tends to be less than 5.0%. Even though the simulation follows the
observed decrease in the rate between R, and ARs when soil is more exposed
(consistent with the high soil heat accumulation during the day and increase of
thermal radiation lost during night, and less transpiration), Agro-IBIS
overestimated the long wave radiation lost in the initial crop growth stage.
Considering the entire cycle, the model shows a relative bias of -6.5% (R? =
0.97).
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Figure 18 — Observed (black) and simulated (gray) daily net radiation (R,). Light
gray columns shows net radiation relative bias (%, scale in the right
axis).
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Daily soil temperature is accurately simulated by model (Figure 19).
However simulated soil heat flux diurnal cycle shows a more pronounced
amplitude (21d), highlighting the importance of considering a specific layer of
dead biomass over the soil — thereby connecting the litter fall biomass with the
energy and water balance. Despite a large amplitude in the diurnal cycle, the
seasonal and diurnal variability of soil temperature is consistently simulated.
The soil temperature overestimation during the period when vegetation cover is

non-existent (Figure 19) was also reported by Kucharik and Twine (2007).
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Figure 19 — Observed (at 2 cm, gray line) and simulated (first soil layer — 2.5
cm, black line) soil surface temperature (°C).

After harvest, the Bowen ratio (f) rises rapidly from around 0.5 to 2.0
(Figure 20). During this period g is strongly coupled to precipitation and is
observed to drop after rain events and to increase as soil dries. As the canopy
develops, f tends to decrease linearly until it reaches an average minimum of
about 0.5 (observed) and 0.35 (simulated). Although the simulated energy
partition seasonal cycle is consistently simulated, £ is overestimated for low LAl
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and underestimated for high LAIl. The dispersion diagram of observed and
simulated H and AE (Fig. 20b) shows that the model systematically
under/overestimates H/AE with a relative bias of -10.5% (H) and 14.8% (AE) and
an R? equal to 0.68 (H) and 0.87 (AE).

3
. J = =LAI(IBIS) =) (Simulated)
(@)
s b (OBS)
= P
E 2-
5 )
g 1,5 o) S
.8 o
R ° Q
2 ° 8 °
o Q [¢]
m 0,5
1° T .
o o
0 = T T T T T T T T
38 83 128 173 218 263 308 353 33 79 124
Day-of-year
(@)

[—
(9]

R?>=0,870

—_
[\

e}

Simulated H and AE (MJ m2 day!)
(@)}

-3 0 3 6 9 12 15
Observed H and AE (MJ m? day!)

(b)

Figure 20 — Observed (black line) and simulated (gray line) daily Bowen ratio (8
- Sensible over Latent heat fluxes). Simulated LAl (m? m™, dotted
black line) is shown as references (a); dispersion diagram between
daily observed and simulated Sensible (H - black symbol) and
Latent (AE - gray symbol) heat fluxes (MJ m? day”) — linear
regressions and R? are shown for each dispersions (b).
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The diurnal cycle of energy balance components (Figure 21) was
separated in two periods: (i) canopy development (from day 124 to 233 of
2005), (ii) full canopy cover (from day 270 of 2005 to the end of crop cycle).
Average R, is accurately simulated in both periods, showing only small
deviations in the first phase when the soil is exposed.

In the first crop period, the model simulates too much heat being
conducted into the soil during the morning and, consequently, soil heat flux (G)
is overestimated (Figure 21d) and H (Figure 21c) is underestimated. Only after
12.00am do G and H converge with observations. Excess heat accumulated in
the soil is conducted back to the surface around sunset, and most of it is lost as
long wave radiation after sunset (Figure 21a). AE is underestimated during the
entire diurnal period (Figure 21c).

During the second crop phase when the canopy is fully developed, AE is
overestimated after 09.00am, with a maximum bias at 01.00am — interestingly,
the same period when NEE is underestimated. G is also overestimated,
although to a lesser extent, from sunrise until 12.00am (into soil), and after
03.00pm (out of soil). H is underestimated from 08.00am to 01.00pm, but is
accurately simulated for the remaining period. However, the correct simulation
of H after 01.00pm is probably a reflection of the overestimation of soil
temperature (due to the morning soil heat flux overestimation), and not from

correct energy partitioning.
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Figure 21 — Observed (symbols) and simulated (lines) diurnal cycle energy

balance components averaged for two periods: (1 — gray) during
canopy development; (2 - black) for full canopy cover. (a) Net
radiation (R, — W m?), (b) Latent heat flux (AE — W m™), (c)
Sensible heat flux (H— W m), and (d) Soil heat Flux (G - W m™).
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3.2. Kalamia estate experimental site

The final simulated LAl was very similar to observed for the three
experiments (Figure 22), although simulated LAl deviated from the observed
value at 199 DAR (days after ratooning) for the 1.00ET, and FRW treatments.
In the second ratoon cycle there were no LAl observations. Here, the LAl
simulations showed a greater difference between 1.25ET, and FRW than in the
first cycle, in part because initial LAl development occurred in a relative drier

period in the second ratoon (see black bars in Figure 23a-c).
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Figure 22 — Observed (symbols) and simulated (lines) LAl (m? m?) over two
consecutive ratoon cycles for the three irrigation treatments: 1.00 x
ETO (black), 1.25 x ETO (dark gray), and furrow irrigation (light

gray).

The model slightly underestimated ET at the beginning of ratoon cycles,
but closely followed estimated values (gray symbols) in the middle of the cycle
(Figure 23a-c). In the first ratoon cycle, ET increased quickly during the first
months due to high solar radiation flux and rapid LAl development (The first

ratoon starts in September and the second one in July). At the end of the first
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cycle the different irrigation regimes resulted in significant ET differences. The
last irrigation application in the 1.00ET,, 1.25ET,, and FRW treatments were
33.9 mm (236 DAR), 43.8 mm (236 DAR), and 112.6 mm (241 DAR),
respectively. In the days following these last irrigations, ET decreased
exponentially in both 1.00ETy and 1.25ET,, while ET decreased linearly in FRW
(mainly following a reduction in radiation rather than soil moisture). Although the
model slightly overestimated ET at the end of first ratoon cycle in 1.00ET, and
1.25ET,, responses of ET to different irrigation regimes were robustly
simulated. Observed and simulated datasets were characterized by higher ET
during most of dry season in the second ratoon cycle (300 DAR). This
increased ET during this period is probably associated with higher levels of
irrigation.

The dispersion diagram between observed and simulated results
indicated that the model tended to underestimate ET in all range of ET values
and for all experiments (Figure 23d). Experiment 1.00ET, had the lowest bias
(relative bias were -10.1%, -12.5%, and -12.1% for the 1.00ET,, 1.25ET; and
FRW, respectively), and the experiment 1.25ET, presented the lowest
correlation coefficient (for the 1.00ETy, 1.25ET, and FRW experiments were
0.83, 0.85, and 0.84, respectively).

Simulated daily accumulation of above ground biomass (Figure 24)
showed a classical s-shaped curve. Initial growth was more accurately
simulated in the FRW experiment, with the 1.00ET, and 1.25ET, simulations
showing higher errors. These errors were related to a strong photosynthesis
reduction due to water shortage in simulations around DAR 127 (Note that
model simulated less ET during this period — Figure 23a-b). Final values for
observed/simulated biomass for the 1.00ET,, 1.25ET,, and FRW treatments
were 5.69/4.87 kg.m™, 6.0/5.22 kg.m?, and 5.92/5.61 kg.m™ with a relative bias
of -14.5%, -12.9%, and -5.3%, respectively. The simulations displayed wide
deviations for the second ratoon cycle (Figure 24), in part due to the differences

in LAl development in the first months after ratooning (see the Figure 22).
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Figure 23 - Observed (gray symbol) and simulated (black line) daily
evapotranspiration (ET — mm.day’) for the three different
irrigation treatments (see text): (a) 1.0xET, irrigation; (b)
1.25xET) irrigation; and (c) Furrow irrigation. Precipitation (dark
column) and Irrigation (gray column) are plotted in the right
axis. (d) Dispersion diagram between observed and simulated
daily ET: 1.0xET, irrigation (gray circles), 1.25xET, irrigation
(red diamonds), and furrow irrigation (black squares).
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3.3. Sao Paulo mesoregions

Simulated average yield for the four Sdo Paulo state mesoregions
(Figure 25) were generally in good agreement with observed data, with a
relative bias of less than 1.1%. Ribeirdo Preto had the highest observed yield
(79.4 t.ha™"), followed by Bauru (77.9 t.ha™), Sao Jose do Rio Preto (76.9 t.ha™),
and Aracatuba (75.9 tha™'). The model accurately captured this spatial
variability, simulating the highest yield for Ribeirao Preto (80.4 t.ha™), followed
by Bauru (77.4 t.ha™), Sdo Jose do Rio Preto (76.4 t.ha™') and Aracatuba (76.4
t.ha™).
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Figure 25 — Average (1990-2005) observed and modeled sugarcane yield
(tha™) for the four mesoregions.

The pattern of dispersion between observed and simulated yield for all
points (sixteen years and four mesoregions, Figure 26a) suggested that Agro-
IBIS did not have any major systematic biases, and the points oscillated around
the 1:1 line (RMSE = 3.6 t ha™'). There were two outliers corresponding to yield
underestimations in 2000 (Figures 27a and 27d), see in Figure 26¢ that model
tended to overestimate the yield correlation with precipitation. Relative bias for
all points was -0.15% with a correlation coefficient of 0.44.

The observed and modeled relationships between yield and growing
season temperature (Figure 26b) were quite similar (giving almost identical
quadratic regressions). Both regressions suggested a maximum yield for
growing season temperature of around 23°C. Yield is positively correlated with
precipitation (Figure 26c¢), and the model overestimated the strength of this
relationship. The observed linear regression suggests that yield increased 2.19
tha” for each mm day”, but the simulated response was 4.96 t-ha” for each
mm day™ (note that the range of precipitation variability varies from 2.5 to 5.0

mm day”’, or 912 to 1825 mm year™").
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symbols) sugarcane yield (t ha™'), considering all years and
mesoregions, against growing season (b) temperature (°C) and (c)
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Considering the results from all regions, the model showed a similar
average and amplitude of yield fluctuations compared with the observed data
(Figure 27a-d). In Aracatuba (Figure 27a) modeled yield was negatively
correlated (r = -0.28) with observed yield, although by excluding the data for the
year 2000 the correlation increased to 0.16 and model’s relative bias stayed low
(from 0.73% to 1.7%). For the Bauru mesoregion (Figure 27b) simulated yield
was similar to observed for most years (r = 0.41), and also produced a low
relative bias (-0.56%). Interannual variability in yield for Ribeirdo Preto (Figure
27c) follows the pattern observed in Bauru (Figure 27b), but with more
pronounced oscillations. In Ribeirdo Preto the model had a bias of 1.08% and
correlation coefficient of 0.41. Finally, in Sdo Jose do Rio Preto (Figure 27d),
the observed and modeled data showed the highest interannual variability in
yield. Relative bias was also low (-0.68%) and correlation with observed series
was the highest (r = 0.50) among the simulations.
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Figure 27 — Observed (Detrended — gray line) and modeled (black line)
sugarcane vyield (t ha™") for the mesoregions: (a) Aragatuba; (b)
Bauru; (c) Ribeirdo Preto; (d) Sdo José do Rio Preto. Growing
season temperature (°C - black columns) and precipitation (mm
day™ — gray columns) anomalies are plotted on right axis.

3.4. Louisiana state

The modeled and (detrended) observed statewide yield data (1963 to
1993) from Louisiana were characterized by similar magnitude (relative bias
equal to -2.67%), although the simulated quantities had a lower interannual
variability (Figure 28). The correlation coefficient and RMSE between observed

and modeled yield were equal to 0.26 and 4.83 t ha™, respectively.
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Yield had a positive relationship with winter temperature in both
observed and simulated data (Figure 29a). To capture this positive relationship,
the model considers that LAl is linearly reduced for temperature ranging from
0.0°C to -5.6°C, whereas at lower temperatures the sugarcane is assumed to
die — see Part | for further details (CUADRA et al., submitted). The model was
also able to accurately simulate the negative relationship between yield and
winter precipitation (Figure 29b).
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Observed yield was weakly correlated with temperature and negatively
correlated with precipitation over the summer (Figure 29c-d). In both cases the
model failed to effectively capture these relationships. This failure was related to
the strong negative correlation between summer precipitation and temperature.
The model, by simulating a smaller negative correlation with precipitation, failed
to capture both relationships (Figure 29c-d). Most of sugarcane cultivated in
Louisiana has access to a water table and high precipitation amounts therefore
tend to decrease yield (GREENLAND, 2005). Agro-IBIS would therefore need to
include representation of groundwater to be able to more effectively capture
these relationships and improve the model’s robustness over this region (and

others where crops have access to an elevated water table).

3.5. Relative bias

For the Sdo Paulo simulations (Figure 30), relative bias did not have
any systematic relationship with precipitation or temperature, and the bias was
relatively small (< 20%) across the range of temperature and precipitation
(Figure 30a). By contrast, relative bias for the Louisiana simulations was clearly
correlated with precipitation, overestimating the yield for high levels of

precipitation and underestimating for low levels of precipitation (Figure 30b).
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mesoregions simulations (see Figure 2 for mesoregions names

and locations) (a); same as (a) but for the Louisiana state
simulation (b).
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4. SUMMARY AND CONCLUSIONS

The new process-based sugarcane model has been developed to run
as a module within the Agro-IBIS dynamic agro-ecosystem model. In addition to
the assessment of climate change impacts on cropping systems, this modeling
approach can capture the impact of land use on climate through simulation of
the bi-directional feedbacks between the atmosphere and cropping systems.

Micrometeorological validation showed that through the inclusion of the
new set of equations and parametrizations, the model accurately simulated the
high frequency (hourly average) relationship between carbon assimilation and
atmospheric conditions. The simulations illustrated low deviations of daily
reflectances, resulting in a close approximation of daily solar radiation
absorption. Net radiation partitioning (between latent and sensible heat fluxes)
deviated from observations and the model systematically overestimated daily
evapotranspiration when compared against the micrometeorological
observations (Southeast Brazil), but underestimated ET when compared
against the Australian field experiments, although these biases are probably
within the uncertainty range of the observations. In both cases the model
consistently reproduced daily variability. Future coupled simulations are being
developed to investigate if the representation of crop cover (in regions under
extensive agricultural cultivation) can improve weather and climate forecasts.

Considering all the validation simulations, the model was able to

simulate accurately the average yield, but is less able to capture yield
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interannual variability. The relationship between yield and climate (temperature
and precipitation) variability was accurately simulated for the Sdo Paulo state
(Brazil). In general, the model tended to overestimate the correlation between
yield and precipitation, but with the correct signal. These results support the
analyses presented in Part |, which demonstrated that the model consistently
simulates the high frequency (hourly average) biophysical responses to
atmospheric conditions. However, the relationship between vyield and
precipitation was overestimated for the Louisiana state (U.S.) simulation due to
the lack of groundwater representation in the model.

Although this is the first version of this sugarcane module and some
processes have not been incorporated (e.g. water table parametrization), the
results of the validation indicate that this new module can be used to realistically
simulate the sugarcane cropping system interactions with the atmosphere.
Significantly, the future coupling of Agro-IBIS to a GCM will allow the bi-
directional feedbacks between the atmosphere and cropping systems. Some
important advantages of this approach include the improved evaluation of the
impacts and interactions between crops and environmental parameters, as well
as sensitivity experiments that explore the impacts of selected biophysical
differences (between crops and the original biome; e.g., GEORGESCU et al.,
2009) or the effective environmental benefitss/harm of emerging bio-
geoengineering under different regions and circumstances (e.g., MAKINO et al.,
2000; SINGARAYER et al., 2007; SUZUKI et al., 2002).

Finally, it is important to note that the use of off-line simulations can
also contribute to regional and local crop yield assessments under current
conditions and climate change scenarios. Using this methodology, land use
change impacts on environmental goods and services (e.g., biofuels, food,
carbon sequestration, climate regulation), and related case studies and

scenarios may be explored in further detail with Agro-IBIS.
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