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Requirements for the Degree of Master of Science 

 
EVALUATION OF MODELING APPROACHES TO ESTIMATE BAHIAGRASS 

(Paspalum notatum) YIELD AFFECTED BY CLIMATE VARIABILITY IN FLORIDA 

By 

Eduardo Monteiro Gelcer 
 

August 2012 
Chair: Clyde William Fraisse 
Major: Agricultural and Biological Engineering 
 

Bahiagrass (Paspalum notatum) is a perennial grass widely used for grazing and 

hay in Florida. In the past few years, exceptional drought has been reported as 

impacting the forage and causing losses to the grazing herd. As seasonal climate 

variability has a large importance on the risks faced by farmers, seasonal climate 

forecast and tools to assist forage-livestock managers can have a positive impact on 

forage production systems. The objectives of this study were to adapt a simple crop 

model that uses the Agricultural Reference Index for Drought (ARID) to predict 

bahiagrass losses and to understand the spatial and temporal variability of ARID in 

Florida. To verify the influence of drought and N stress on bahiagrass, a field trial was 

conducted using two irrigation and two fertilization levels. Simulations based on this trial 

were conducted to validate the bermudagrass CROPGRO-Forage model, and to use 

the combination of CROPGRO-Forage and ARID to predict bahiagrass yield. Monthly 

ARID maps in Florida were created to understand ARID’s spatial and temporal 

variability and to identify potential anomalies caused by the El Niño Southern Oscillation 

(ENSO). The results of the field trial showed that yield and crude protein concentration 

are influenced by irrigation and fertilization, with last one being the main factor. The 
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average yield for fertilized treatments was 3.5 higher that non-fertilized ones. The 

average crude protein content for fertilized treatments was15.3% and for non-fertilized 

ones it was 7.3%. The result of the simulations using the CROPGRO-Forage showed 

better predictions in case of the irrigated and fertilized treatment (D-Stat=0.79). The 

combination of CROPGRO-Forage model and ARID showed better results (D-

Stat=0.91). For all simulations, better results were obtained when low water and N 

stress was observed. The ARID maps showed that typical ARID values for Florida vary 

throughout the year. During cold months, south Florida had higher values of ARID 

ENSO showed strong influence during cold months causing reduction of ARID during El 

Niño and increase during La Niña. The results of this study show that, the spatial and 

temporal variability of yield as well as ENSO influence on it can be estimated using 

ARID. 
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CHAPTER 1 
INTRODUCTION 

The land area dedicated to agriculture in Florida in 2007 was estimated at 1.2 

million hectares of which 31% was covered by pasture mostly used for raising cattle and 

calves. In 2010, the estimated herd was more than 1.7 million animals (cattle and 

calves), resulting in an income of billions of dollars (USDA-NASS, 2007). In Florida, the 

most planted perennial warm-season grass is the Paspalum notatum Flueggé, 

commonly known as bahiagrass. This tropical grass, native from South America is 

spread by seed or vegetative stolons (Mannetje and Jones, 1992). Due to its high 

tolerance to severe defoliation, low fertility, disease and nematodes, bahiagrass has an 

important role as forage being used for grazing and hay and it is a key component for 

the beef industry in Florida(Burson and Watson, 1995; Newman et al., 2010). 

Stocking rate and amount of hay purchased are important decisions that a pasture 

manager makes (Breuer et al., 2005). Among all factors (forage, weather conditions, 

fertilization, amount of concentrate being fed, and production goals) influencing the ideal 

stocking rate in a given situation, the only factor not controlled by the decision-maker is 

weather conditions. For this reason, decision-makers need to understand the influence 

of weather conditions on grass production to minimize production risks and financial 

losses (Inyang et al., 2010). 

A severe and persistent drought may harm forage crops causing loss in the 

grazing herd and consequently being a stressful situation for the herd manager (Peel, 

2002). In the case of a dry period, forage-based livestock producers can make some 

decisions to reduce the problems. They can either i) purchase feed and/or hay or ii) sell 

some animals. The first option might be the best if short-term drought is expected. 
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However, in case of a long period with low water availability, the investment in feedstock 

can be more detrimental if the return is too small. During the prolonged extreme and 

exceptional drought of 2007, beef cattle producers had to make some risky decisions to 

overcome drought problems. Many farmers had to over-graze their pastures, buy and 

feed expensive and low-quality hay, allow their brood animals to lose weight and 

condition or delay the decision to sell their animals until mid-September, when is a poor 

timing to sell cows relative to the annual cattle cycle, since prices on brood cows decline 

during this period (Peel and Meyer, 2002).The same was observed in 2011, when the 

Florida Climate Center1-1 reported extreme drought during spring and early summer and 

the U.S. Drought Monitor1-2 showed that in the panhandle, the water shortage lasted 

until September. Due to these conditions, higher than normal supplemental feed was 

necessary to compensate the overall dryness. Also, farmers had to send higher number 

of animals to the feed lot due to poor pasture conditions. 

Since climate variability is a key source of production risk and almost 80% of 

Florida’s hay production is rainfed (USDA-NASS, 2007), farmers cannot avoid drought 

conditions. They can only make decisions to adapt and reduce its impact. As seasonal 

climate variability has a large importance on the risks faced by farmers, seasonal 

climate forecast and tools to assist forage-livestock managers can have a positive 

impact in forage production systems reducing risks associated with it (Fraisse et al., 

2006; Lara et al., 2012). Systems models describe plant growth and development, as 

well its interaction with soil. Therefore, they can be used as a tool to understand the 

                                            
1-1

 http://coaps.fsu.edu/climate_center/index.shtml  

1-2
 http://droughtmonitor.unl.edu/ 

http://coaps.fsu.edu/climate_center/index.shtml
http://droughtmonitor.unl.edu/
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relationships between environmental factors and plants in agricultural systems and also 

the results of this relationship over time (Pedreira et al., 2011). These models are useful 

tools to guide decision makers about management, yield variability and crop yield risk. 

There are several crop models available for use e.g. DSSAT (Decision Support 

System for Agrotechnology Transfer) (Jones et al., 2003; Hoogenboom et al., 2004), 

EPIC (Erosion-Productivity Impact Calculator) (Williams et al., 1989), SWAT (Soil and 

Water Assessment Tool) (Neitsch et al., 2005) and others. These models use air 

temperature and solar radiation as environmental factors controlling growth at maximum 

rate (under non-stress conditions) and water and nutrients as limiting factors to growth 

under stressful conditions.  

DSSAT simulates growth, development and yield of a crop. It also simulates 

changes in soil water, carbon and N that occur during the crop development. It has 

been used in research around the world to study crop, fertilizer, irrigation, tillage and 

pest management, climate change and climate variability, yield forecast, sustainability, 

variety evaluation and others. In DSSAT, bahiagrass and other forage species growth 

can be simulated using the CROPGRO which is a mechanistic model that integrates 

plant, soil, management, and weather inputs to predict crop growth and composition 

(Boote et al., 1998a; b). 

A CROPGRO-Forage version was created to simulate perennial tropical forage 

growth. This version was calibrated and used to simulate growth of bahiagrass 

(Paspalum notatum Flueggé) (Rymph, 2004), Tifton 85 bermudagrass 

(Cynodondactylon (L.) Pers.) (Alderman, 2008), palisadegrass (Brachiaria brizantha) 

(Pedreira et al., 2011), and guineagrass (Panicum maximum) (Lara et al., 2012). 
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As CROPGRO simulates a high number of processes and the soil-plant-

atmosphere interaction, it is then very complex and, thus, requires a high number of 

inputs to make more accurate predictions. Therefore, its use is restricted to locations 

where these data are available. Simpler models that take into account less processes 

and need fewer inputs can be useful tools for decision makers. The Agricultural 

Reference Index for Drought (ARID) is an example of a simple agricultural drought 

index based on a reference crop (grass) that is calculated by subtracting the ratio of 

actual to potential transpiration from 1 (Woli et al., 2012). As ARID is based on 

physiological principles frequently used in crop models to reduce growth when root 

water uptake does not match plant’s demand (Woli et al., 2012), it shares similarities 

with soil water balance used in the DSSAT. The main differences are that ARID does 

not consider the division of soil into layers nor root growth and distribution.  

ARID was successfully used to simulate yield losses caused by drought (Woli, 

2010), since there is a straight relationship between crop transpiration and crop dry 

matter accumulation (Jensen, 1968; Hanks, 1974; Doorenbos and Kassam, 1979; 

Jones et al., 2003; Woli, 2010). It relates the amount of total dry matter produced per 

unit of transpired water, which is the water use efficiency (Doorenbos and Kassam, 

1979). As the water use efficiency is assumed to be constant for a given crop in a given 

year, actual yield can be expressed as potential yield times the ratio of actual to 

potential evapotranspiration (Hanks, 1974). This approach using the ratio of actual to 

potential evapotranspiration is commonly used in crop models. If this ratio is lower than 

1, it indicates that stomatal conductance was decreased at some time of the day to 

avoid plant desiccation thus water stress occurred (Jones et al., 2003). 
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The hypothesis of this study were: i) The Agricultural Reference Index for Drought 

(ARID) can be used as an indicator of crop losses due to water stress; and ii) El Niño 

Southern Oscillation (ENSO) influences the variability of soil moisture in Florida causing 

lower water stress during El Niño and higher stress during La Niña. The objectives of 

this study were adaptation of a crop model that uses ARID to predict bahiagrass losses 

caused by drought and identify the influence of ENSO phenomenon on the temporal 

and spatial variability of ARID in Florida. 
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CHAPTER 2 
LITERATURE REVIEW 

Bahiagrass 

Bahiagrass (Paspalum notatum Flueggé) is rhizomatous warm-season perennial 

grass, largely used for grazing with some production of hay and sod in Florida 

(Newman, 2007). This species is originally from South America but currently it is largely 

distributed in the southern United States of America, Central and South America and 

some regions in Australia, Africa and Asia (Mannetje and Jones, 1992; Burson and 

Watson, 1995). In the USA, it can be found from east Texas to the Carolinas including 

Florida, Georgia, Alabama, northern Arkansas and central Tennessee covering more 

than 1.6 million hectares in southeastern USA and about 1 million hectare in Florida 

(Burson and Watson, 1995; Inyang et al., 2010; Newman et al., 2010). The most 

commonly used bahiagrass cultivar is Pensacola (Inyang et al., 2010; Newman et al., 

2010). This cultivar has long and narrow leaves, long stems and higher persistence 

under grazing. It also has a higher tolerance to colder temperatures than others 

cultivars. 

Bahiagrass is widely used in Florida and other areas of the southern USA because 

of its adaptation to wide range of soil conditions, its establishment by seed, high 

tolerance to insects, diseases and nematodes and relatively high yields in low fertility 

soils (Burson and Watson, 1995). Bahiagrass has better development in sub-humid and 

humid subtropical climates with optimum temperature between 25 and 30oC. Although it 

tolerates temperatures as low as -10 oC, the top growth is killed by frost. This species is 

well adapted to sandy-loams soils and tolerates low fertility and pH. The tolerable soil 
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pH ranges from 4.5 to 6.5 being 5.5 the ideal (Burson and Watson, 1995; Newman, 

2007). 

In Florida, bahiagrass annual dry matter (DM) yield varies depending on the soil 

moisture and fertility (Newman et al., 2010). In high fertility conditions and adequate 

water supply, DM yield can be higher, ranging from 13000 to 16000 kg of DM ha-1, and 

daily accumulation varies between 44 to 67 kg of DM ha-1 day-1 (Newman et al., 2010). 

Due to warmer temperature and mild winters, production in South Florida is usually 

higher than in central and northern areas of the state. From March to May temperatures, 

solar radiation and daylength might be adequate for bahiagrass growth; however, during 

this period growth is usually limited by water availability. Inyang et al. (2010) observed 

yields as high as 25000 kg of DM ha-1 in Ona, FL. In this experiment, the daily 

accumulation varied from 38 kg of DM ha-1 day-1 in May 2007 to 158 kg of DM ha-1 day-1 

in June 2008. 

It is known that even with warm temperatures biomass accumulation of bahiagrass 

and other tropical grasses can be reduced in late summer and fall in the southeast USA 

(Rymph, 2004). More than 85% of yearly bahiagrass production occurs between April 

and September due to higher temperature and longer days during this period (Mislevy 

and Everett, 1981; Newman et al., 2010). The limited availability of forage during short-

daylength months has been one of the most important factor influencing animal 

production and pasture management (Sinclair et al., 2001, 2003). 

To study the environmental factors that may cause reduction of biomass 

accumulation in forages, (Burton et al., 1988) compared the biomass accumulation of 

fertilized, irrigated and rainfed Costal bermudagrass in Tifton, GA. In this experiment the 
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harvests were every 24 days from 1 April until 27 October from 1966 to 1968 (23 

harvests during this period). For irrigated treatment, the average daily biomass 

accumulation rate for the period between September 8 and October 2 was 34 kg of DM 

ha-1 day-1 which is approximately one third of the accumulation rate of the period 

between May 9 and June 1 (100 kg of DM ha-1 day-1) even if the average temperature 

for the period with lower production was 1.1oC higher. As the treatment was irrigated 

and well fertilized, the authors concluded that some other factor besides nutrition, 

temperature, and water availability would be limiting the growth. They found moderate 

relationship between yield and temperature as well as between yield and growing 

degree days. However, in this study, yield was highly correlated with daylength and 

solar radiation. Even if in this study the effects of daylength could not be separated from 

solar radiation, the authors concluded that daylength strongly affects biomass 

accumulation. 

Newman et al. (2007) studying the effect of short-daylength on growth of 

bahiagrass and two other tropical grasses (Common guineagrass, Panicum maximum 

Jacq; and Tifton-85 bermudagrass, Cynodon spp. Pers.) in three tropical and 

subtropical locations (South Florida, USA; Gurabo, Puerto Rico; and St. Coix, Virgin 

Islands) exposed these forages to an artificially extended photoperiod (15 h) and to 

natural daylength. In this experiment all treatments were irrigated and fertilized 

according to its needs. The harvests occurred between October 7, 2002 and April 21, 

2003 and between October 6, 2003 and April 19, 2004. Plots were harvest in a 5-week 

interval from October to February and 4-week interval in March and April. In Florida 

bahiagrass produced 140 kg of DM ha-1 for natural daylength and 490 kg of DM ha-1 for 
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extended daylength, showing significant difference and yield 3.5 times higher in case of 

extended photoperiod. In Puerto Rico, the yield was 850 kg of DM ha-1 for natural 

daylength and 1640 kg of DM ha-1 for extended daylength, which also was a significant 

difference and then corresponds to almost two times more biomass in case of extended 

photoperiod. Although the difference St. Croix was not significant (560 kg of DM ha-1 for 

natural daylength and 800 kg of DM ha-1 for extended daylength), the extended 

daylength treatment resulted in 40% higher yield. The other two species only showed 

significant increase of biomass for the extended daylength in Florida. In Puerto Rico and 

St. Croix the difference of biomass between treatments was not significant. For all 

locations, the crude protein concentration in bahiagrass was higher for plants exposed 

to natural daylength. This difference might be explained by the fact that the crude 

protein content should be similar for treatments; however, as the dry matter is higher for 

the plants exposed to extended daylength, the percentage of crude protein is lower. The 

other species did not show significant difference between the treatments. 

Also studying the effect of short-daylength in forage production, Sinclair et al. 

(2001, 2003) compared the yield and crude protein concentration of Pensacola 

bahiagrass and three other commonly used forage grasses (Tifton 85 bermudagrass; 

Florakirk bermudagrass, Cynodon dactylon L.; and Florona stargrass, Cynodon 

nlemfuensis Vanderyst) exposed to natural and extended (15h) daylength. The halogen 

lamps used to increase the daylength provided less than 2% of photosynthetic active 

radiation of full sunlight; therefore, the results can be attributed only to variation in 

daylength and not to the increase of radiation. The harvests occurred in a 4-week 

interval during early summer and a 5-week during the rest of the year. The extended 
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daylength was imposed from August 19, 1998 to April 21, 1999 and from August 18, 

1999 to April 19, 2000. Sinclair et al. (2001) found out that the extended daylength 

resulted in increase of biomass for the four grasses. However bahiagrass had the 

biggest increase of 3.59 times for the first year and of 2.02 for the second due to 

extended daylength treatment, while for the other grasses the maximum value was of 

1.84. Sinclair et al. (2003) showed that percentage of crude protein decreased for 

bahiagrass exposed to extended daylength. The authors argued that two factors could 

have influenced the decrease of crude protein: i) decrease of relative amount of leaves 

(leaves:total weight ratio) since stems have lower concentration of crude protein than 

the leaves; and ii) the extended daylength reduced the relative ability to accumulate N 

during cold months. For Hirata and Pakiding (2002) bahiagrass yield decreases during 

fall due to translocation of reserve substances from the stems to the roots and stolons. 

Therefore, daylength greatly influences bahiagrass growth and thus being a critical 

factor in subtropical regions.  

Bahiagrass is commonly known as not being responsive to N and to other mineral 

nutrients (Twidwell, 2011). However, it has been demonstrated that the use of balanced 

fertilization increases yield and bring economic benefits for farmers (Blue and Graetz, 

1977; Overman and Blue, 1991; Sumner et al., 1992). Mineral nutrients are part of 

many components of the plant such as amino acids, nucleic acids, membranes, 

chlorophyll, cell wall being essential for synthesis of enzymatic and structural proteins, 

osmoregulation, charge balance, energy storage and transfer and others. Nitrogen is 

the most limiting nutrient for bahiagrass production. It is the one with higher requirement 

by the plant and when it is used in a balanced fertilization, it usually results in increase 
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in yield and forage quality (Blue, 1973; Blue and Graetz, 1977; Impithuksa et al., 1984). 

Potassium is absorbed in large amounts by the plant and due to its mobilization in the 

soil, it may be deficient in an intensive system, thus regular applications are necessary 

(Newman et al., 2008). 

In a study to verify how the amount of N-fertilizer applied and its distribution along 

the growing season affect bahiagrass growth, Blue and Graetz (1977) conducted an 

experiment near Gainesville applying three different N-fertilizer rates (0, 112 and 224 kg 

of N ha-1 year-1). The total amount of N-fertilizer was split in 1, 2, 4, 8 or 16 applications 

through the year. The forage was harvested at 3 cm height four times a year (mid-May, 

early July, mid-August and early October). For the treatments with 0, 112 and 224 kg 

ha-1 of N year-1 the average yields for the three years were respectively 2780, 8320 and 

13210 kg of DM ha-1 year-1. For the treatments with 112 kg of N ha-1 year-1, average 

yields varied from 7880 kg of DM ha-1 year-1 for 8 applications to 8800 for 16 

applications. For the treatment with 224 kg of N ha-1 year-1, the yields varied from 12620 

kg of DM ha-1 year-1 for 1 application to 13500 for 4 applications. The forage N content 

increased significantly with N-fertilizer rates. In this study, forage production showed 

high dependency of amount of N-fertilizer applied and low correlation with N-fertilizer 

application splitting. The authors observed that forage yield and N content were 

influenced by a number of N-fertilizer applications in an expected way. For low number 

of applications, the yield and N content were higher early in the growing season. It was 

result of higher N availability during spring and early summer when 1 or 2 applications 

were used. 
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Sumner et al. (1992) reported a series of field trials in nine counties in South 

Florida. At each location, five 465 m2 areas were selected and assigned one of five 

treatments: 1) no fertilizer; 2) 67 kg of N ha-1 applied in March; 3) 67 kg of N ha-1 and 50 

kg of K and P ha-1 applied in March; 4) 134 kg of N ha-1 split in two applications of 67 kg 

of N ha-1 in March and September; and 5) 67 kg of N ha-1, 100 kg of P ha-1 and 50 kg of 

K ha-1 applied in March, and 67 kg of N ha-1 and 50 kg of K ha-1 applied in September. 

For all sites, the forage was harvested at 5 cm height every 30 to 60 days from April to 

December. The authors observed an average increase of 1450 kg of DM ha-1 year-1 for 

the treatments receiving 67 kg of N ha-1 in comparison with treatment with no N-

fertilizer. The increase of N-fertilizer from 67 to 134 kg of N ha-1 split in two applications 

resulted in increase of more than 500 kg of DM ha-1 year-1. The comparison between 

treatment 4 and 5 resulted in an increase of almost 800 kg of DM ha-1 year-1, indicating 

a positive response in yield when phosphorus and potassium were applied with the N-

fertilizer. The difference in percentage of crude protein was relatively small between 

treatments. For all treatments the percentage of crude protein immediately increased 

after fertilization.  

The results of these studies show that bahiagrass is benefited by the use of 

mineral fertilizer resulting in higher yield and crude protein content. In Florida, in regards 

to grazing fields has been recommended application of 56 kg ha-1 of N year-1 for low 

input systems and 180 kg ha-1 of N year-1 (90 kg ha-1 in spring and 90 kg ha-1 in fall) for 

high input systems. In case of hay production, the recommendation is 80 kg of N ha-1 

cut-1 until middle of August (Beaty et al., 1974; Newman, 2007; Newman et al., 2010). 
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Bahiagrass has an excellent drought resistance when growing in an appropriate 

climatic region. This resistance is due to dehydration avoidance and dehydration 

tolerance (Beard, 1989). The dehydration avoidance is mainly because of the capability 

of the plant to close their stomata quickly in case of significant water stress, while 

dehydration tolerance is due to a dormancy capability during winter (Kim, 1987). 

To verify the influence of irrigation in bahiagrass growth, Beaty et al. (1974) 

conducted an experiment for two years in Americus, GA using irrigation and rainfed 

treatments combined with four N-fertilizer rates (0, 84, 168, and 336 kg of N ha-1) in six 

combinations of split applications during the season. The authors observed higher 

yields in case of irrigation combined with high levels of N-fertilizer. Moreover, in a dry 

year, the increase of yield due to irrigation was 2165 kg of DM ha-1 while in a wet year, 

the increase due to irrigation was 1303 kg DM ha-1, indicating that irrigation as well N-

fertilizer contributed to increase bahiagrass yield. 

Overman et al. (1990) reported two experiments conducted with irrigated and 

rainfed Pensacola bahiagrass combined with several N-fertilizer application rates. The 

first one in Americus, GA from 1959 to 1962 where the irrigation was added so rainfall 

plus irrigation summed at least 38 mm per week, and the second in Thorsby, AL from 

1956 to 1959 where irrigation was applied when soil moisture tension reached 0.55 atm. 

In Americus, it was observed an increase of the difference between irrigated and rainfed 

with the increase of N-fertilizer applied. In this experiment, N-fertilizer rates higher than 

350 kg of N ha-1 did not contributed to increase yield. In Thorsby, the use of irrigation 

resulted in increase of yield especially for high N-fertilizer application rates. For all N-

fertilizer rates, the use of irrigation reduced the yield variability between years. For the 
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same field trial in Thorsby, Ashley et al. (1965) reported that for four years irrigation 

affected yield and in one year, the difference between irrigated and rainfed treatments 

was not significant. For all years, fertilization resulted in significant increase in yield. 

Furthermore, interaction between irrigation and fertilization was observed for most part 

of the time. 

These studies indicate that even though bahiagrass is well adapted to the 

southeast USA and it is a species with excellent tolerance to drought, the use of 

irrigation resulted in an increase of bahiagrass growth and yield, especially in the case 

of high N-fertilizer application rates. In the case of low N-fertilizer application rates, N is 

the limiting factor for growth; therefore, the use of irrigation has low impact on yield. 

Drought 

Agriculture is an economic activity directly related to drought and it is the first one 

to be affected by it. Drought is responsible for the greatest loss in agriculture production 

(Song et al., 2004; Wilhite, 2007; Farooq et al., 2009). The constant increase in food 

demand and the need of high efficiency in food production has created more attention 

on drought effects on agriculture. Consequently there has been much interest and 

ongoing research directed towards drought monitoring and forecasting, as well as 

minimizing drought effects on agricultural output. 

Drought is a pervasive natural hazard and a normal part of the climate. Depending 

upon the perspective, drought can be categorized into four types: meteorological, 

agricultural, hydrological, and socio-economic (Wilhite and Glantz, 1985). For all cases, 

drought is caused by insufficient moisture due to precipitation deficit through a certain 

period of time (Mckee et al., 1993; Piechota and Dracup, 1996; Mo and Schemm, 

2008). An agricultural drought occurs when the water available in soil is not sufficient to 
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support a crop or forage growth at a particular time (Wilhite and Buchanan-Smith, 2005; 

Woli et al., 2012). The onset and termination of a drought period is difficult to determine 

(Dagel, 1997; Wilhite and Buchanan-Smith, 2005).  

Drought indices are used to quantify drought intensity, compare current conditions 

to previous droughts, and provide a regional overview of potential impacts of droughts 

(Woli et al., 2012). A drought index is a scientifically based numerical index associated 

to some cumulative effects of an extended and anomalous moisture deficiency and 

provides quantification of a drought situation (World Meteorological Organization, 1984; 

Lourens and Jager, 1997). 

Several drought indices have been described and each one has a specific use. A 

commonly used index to express drought is the Palmer Drought Severity Index (PDSI) 

(Palmer, 1965). This index is used to determine when a drought or a wet spell begins 

and ends (Heim Jr., 2002). Since PSDI is based on precipitation departure from normal 

and soil water anomaly and it is more influenced by weather variables than by soil and 

plant process, it is more useful as a meteorological index than as an agricultural index 

(Woli et al., 2012). Also, this index estimates reference evapotranspiration (ETo) using 

Thornthwaite methodology, which is not a reliable method to estimate ETo in Florida 

(Gelcer et al., 2010b) and underestimates runoff (Hayes, 2006). 

The Standardized Precipitation Index (SPI) presented by (Mckee et al., 1993) is a 

meteorological index used to express drought in terms of precipitation deficit, percent of 

normal, and probability of non-exceedance (Heim Jr., 2002). Since this index is based 

on precipitation anomalies and is not soil-plant-atmosphere relationship based, it does 
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not account for water losses from evapotranspiration and runoff, therefore, it is weakly 

related to agricultural drought (Woli et al., 2012). 

Keetch and Byram (1968) presented the Keetch and Byram Drought Index (KBDI), 

which is based on evapotranspiration and rainfall. This index was primarily created to 

calculate soil moisture as factor of occurrence and spread of wildfires. This index takes 

into account soil-plant-atmosphere relationship; however, since it was developed to use 

drought as an indicator of wildfire threat to forests, it is not suitable to indicate drought 

index (Woli et al., 2012). 

Since agricultural droughts is the result of the interaction of rainfall, air 

temperature, solar radiation and other meteorological parameters with soil and plant 

characteristics (Lourens and Jager, 1997; Sentelhas, 2010; Sivakumar, 2010), an 

agricultural drought index should take into account these relationships. This type of 

index should related weather variables with soil moisture availability in relation to crop 

development and it should be used to monitor water stress in plants (Woli et al., 2012). 

To better quantify water deficit in crops, Woli et al. (2012) developed the 

Agricultural Reference Index for Drought (ARID), which is a simple and non-crop-

specific drought index that takes into account the soil-plant-atmosphere relationship in a 

daily time step. ARID is based on a reference crop (grass) actively growing in a well-

drained soil as well as completely covering the soil surface. ARID uses a simple soil 

water balance for the reference grass having a 400 mm soil layer with evenly distributed 

roots (Woli et al., 2012). 

The evaluation of ARID was done in two ways (Woli et al., 2012). The first one 

using volumetric soil water content in the first 40 cm of soil measured during one year in 
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Bronson and Citra, Florida. It was possible because ARID’s soil water balance algorithm 

also computes volumetric soil water content in the root zone. The second one using the 

water stress index for photosynthesis (WSPD) calculated using the Decision Support 

Systems for Agrotechnology Transfer (DSSAT) (Jones et al., 2003; Hoogenboom et al., 

2004) CERES-Maize (Jones and Kiniry, 1986) in 16 locations in Alabama, Florida, and 

Georgia. The WSPD was chosen because the DSSAT CERES-Maize has been largely 

tested and used (Hodges et al., 1987; Fraisse et al., 2001; O’Neal et al., 2002; López-

Cedrón et al., 2005). Also, for each one of the 16 locations, seven other drought indices 

were compared with WSPD. When ARID-estimated volumetric soil water content was 

compared with measured one, the Willmott agreement index (D-Stat) (Willmott, 1981) 

was 0.92 for Citra and 0.94 for Bronson and the modeling efficiency was 0.66 for Citra 

and 0.73 for Bronson, indicating very accurate predictions by the model. When ARID 

was compared with WSPD, the coefficient of determination (R2) varied between 0.73 

and 0.95 and root mean square error (RMSE) varied between 0.06 and 0.35. Among all 

drought indices tested, ARID was the one with better predictions of water stress. These 

results indicate that ARID can be effectively used to calculate soil water moisture and 

water stress. Furthermore, ARID can characterize agricultural drought better than 

several drought indices that are commonly applied to agriculture (Woli et al., 2012). 

Due to ARID’s accuracy to calculate soil water stress, Woli (2010) used this index 

to calculate yield of four major crops grown under rainfed conditions. Irrigated and 

rainfed yield data of cotton, maize, peanut, and soybean for several years and locations 

in Georgia and Florida were collected from the University of Georgia’s Statewide Variety 

Testing program and from the database of the DSSAT crop growth model 
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(Hoogenboom et al., 2004). The irrigated yields were used to estimate the potential 

yield for a given crop and season while the rainfed yields were used to test ARID. 

Overall, the author observed good results using ARID to estimate losses. For maize, the 

D-Stat was 0.87 while for cotton it was 0.55. The best results were observed for maize 

because it is a crop more sensitive to water stress while for cotton the results were not 

as good because it is a crop with relative tolerance to water stress. These results 

indicate that ARID has potential to estimate yield losses due to drought for several 

crops (Woli, 2010). 

ARID is calculated from the ratio of actual to potential evapotranspiration rates; 

therefore, the only inputs in the calculation are reference evapotranspiration, rainfall 

data and a few soil characteristics. Due to the simplicity of this index, it can be widely 

calculated for different regions and time periods. Since ARID is influenced by rainfall 

and other weather variables, it is greatly impacted by climate variability and weather 

phenomena (e.g. El Niño Southern Oscillation). 

El Niño Southern Oscillation (ENSO) 

The El Niño Southern Oscillation (ENSO) is a coupled ocean-atmosphere 

phenomenon that is considered the main source of interannual climate variability in the 

world (Ropelewski and Halpert, 1996; Fraisse et al., 2006). During an El Niño event, the 

oceanic component is characterized by an abnormal increase of sea surface 

temperature in the central and/or eastern equatorial Pacific Ocean while the 

atmospheric component (Southern Oscillation) corresponds to a rise in sea level 

atmospheric pressure in the western Pacific (Trenberth, 1997). La Niña is the opposite 

phenomenon, which is the decrease of sea surface temperature in the western South 

America. During this phase, the trade winds strengthen causing lower atmospheric 
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pressure and stronger rainfall in western Pacific. Changes in the atmospheric circulation 

cause changes in sea surface temperature as wind stress affect the movement and 

surface temperature of the equatorial Pacific ocean, which in turn influence rainfall 

patterns due to latent heat exchange feedbacks between the waters and the 

atmosphere (Oliver and Hidore, 2002; Fraisse et al., 2006). 

El Niño and La Niña events return every two to seven years (Winsberg, 2003) and 

its peak is between November and January (Trenberth, 1997). If neither El Niño nor La 

Niña is present in the Pacific Ocean, the condition is called Neutral which represents 

more than 50% of the years (Winsberg, 2003). ENSO influences climate pattern in 

different regions around the world due to global ocean and atmospheric flow patterns. 

There is evidence linking El Niño to drought events in Asia, Africa, Australia and Central 

America (Oliver and Hidore, 2002; Fraisse et al., 2006). 

In southeast USA, ENSO has a strong influence during cold months while this 

influence is much lower during warm months (Winsberg, 2003). During El Niño, the jet 

stream is fortified and pulled southern driving the storms from California to Florida 

(Hildebrand, 2006). Also, during this phase, moisture is advected by the subtropical jet 

from the tropical Pacific into southeast USA (Ropelewski and Halpert, 1996). La Niña 

phenomenon has the opposite effect in Florida, weakening and moving the jet streams 

northwards. The shifting of jet streams caused by ENSO phenomenon results in, on 

average during winter, increase of 30 to 40% of rainfall during El Niño and decrease of 

10 to 30% during La Niña (O’Brien et al., 1999). 

The variation of clouds and rainfall among Neutral, El Niño and La Niña phases 

influences the incoming solar radiation and then the air temperature. During winter 
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months, the average temperature is 1 to 1.5 °C below normal in El Niño years and 1 to 

2.2 °C above normal in La Niña years. La Niña influence in temperatures during this 

period is stronger in the northern region of the state (O’Brien et al., 1999; Winsberg, 

2003). For the months of January and February temperatures exhibit greater departure 

from normal for both ENSO phases (O’Brien et al., 1999). 

Due to its strong influence in climate, ENSO has been associated with drought. In 

southeast USA, La Niña is related to drought while El Niño to higher water availability 

(Piechota and Dracup, 1996; O’Brien et al., 1999; Karnauskas et al., 2008; Mo and 

Schemm, 2008). As drought indices are used to quantify drought, they are influenced by 

ENSO and several authors have described this relationship in the USA. Piechota and 

Dracup (1996) studying the association between the Palmer Drought Severity Index 

(PDSI) and ENSO found relationship between drought and ENSO for several locations 

in the USA. In the southeast USA, the authors found that drought episodes occur 

regularly during La Niña. Karnauskas et al. (2008) asserted that in the southeast USA 

PDSI is significantly correlated with ENSO. 

In a study to verify the relationships between ENSO and the 6-month Standardized 

Precipitation Index (SPI 6) over the southeastern USA, Mo and Schemm (2008) found 

that wet spell is more likely to start during La Niña while the opposite is true for El Niño. 

Cañón et al. (2007) used the Standardized Precipitation Index (SPI) to analyze 

abnormal moisture conditions in the Colorado River Basin (southwest USA) and 

demonstrated that La Niña is related to extreme dry events in the region. 

Crop Models 

Crop models are used to understand the relationship among weather, crop growth 

and soil in agricultural systems over time. These models describe crop growth and 
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development using mathematical models (Wallach, 2006a; Pedreira et al., 2011), thus it 

can be an important tool in agriculture to simulate growth and yield. When validate for 

certain conditions, a model allows experimentation and provides support for planning 

decisions in research, technology transfer, and agricultural development (Jones et al., 

2003). These models are useful as a tool to guide decision makers regarding 

management, yield variability and crop risk. 

A well known and tested simulation model is the Decision Support System for 

Agrotechnology Transfer (DSSAT) (Jones et al., 2003; Hoogenboom et al., 2004), which 

is a worldwide used software that integrates knowledge about soil climate, crops and 

management. This software simulates growth, development and yield of a crop and 

changes in soil water, carbon and N that occur during the crop development. DSSAT 

incorporates models of 16 crops and offers a user-friendly interface that allows users to 

simulate options for crop management over a number of years to assess the risks 

associated with each option (Jones et al. 2003). In DSSAT, bahiagrass and other forage 

species growth can be simulate using the CROPGRO which is a mechanistic model that 

integrates plant, soil, management and weather inputs to predict crop growth and 

composition (Boote et al., 1998a; b). The CROPGRO has been tested and used for 

different crops such as soybean (Glycine max (L.) Merr.), peanut (Arachis hypogaea L.), 

dry bean (Phaseolus vulgaris L.) (Boote et al., 1998b), faba bean (Vicia faba L.) (Boote 

et al., 2002), cowpea (Vigna unguiculata L. Walp.) (Bastos et al., 2002), velvet bean 

(Mucuna pruriens) (Hartkamp et al., 2002), bahiagrass (Rymph, 2004), bermudagrass 

(Cynodondactylon (L.) Pers.) (Alderman, 2008), canola (Brassica napus L.) 
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(Sassendran et al., 2010), palisadegrass (Brachiaria brizantha (A. Rich.) Stapf) 

(Pedreira et al., 2011) and guinegrass (Panicum maximum Jacq.) (Lara et al., 2012). 

During the first half of the 1990s, Kelly (1995) adapted the CROPGRO to model 

bahiagrass growth as a component of a crop rotation system for simulating peanut 

cropping systems in Florida. The author changed some of the species parameters and 

calibrated the model using published experimental data from three locations. The first 

one in Jay, Florida from 1952 to 1959; the second one in Thorsby, Alabama from 1956 

to 1959; and the third one in Eagle Lake, Texas from 1978 to 1980. In Thorsby irrigated 

and rainfed treatments were combined with four N-fertilizer application rates. In the 

other two experiments, five N-fertilizer rates were compared under rainfed conditions. 

To simulate the cutting or grazing, the DSSAT pest damage routine was used in which 

the mower or cows were the pest. The annual version of the model showed relationship 

with N-fertilizer application rate and responded to interannual variability, however, for all 

situations, the simulations overestimated the biomass production. 

Based on CROPGRO used to simulate bahiagrass growth, Giraldo et al. (2001) 

parameterized the model for Brachiaria decumbens. The author adjusted the input 

parameters that define crop species, cultivar and ecotype. The B. decumbens model 

was calibrated using experimental data from four field trials in Colombia and the 

validation using two data sets also from the same country. In the validation process was 

observed that the simulated values ranged from 81 to 101 % of observed values. With 

these results, the authors attested that the calibration of CROPGRO for B. decumbens 

resulted in better results than previous ones obtained for bahiagrass. However, Rymph 

(2004) demonstrate that this code structure resulted in good biomass predictions during 
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warm months but overpredicted during winter and spring. It was mainly due to the fact 

that this model is annual in opposite to the grasses that are perennial. Annual versions 

of the model do not allow winter dormancy and regrowth after complete harvest of 

leaves and stems or after freeze damage (Rymph, 2004). 

To add characteristics from a tropical perennial grass to the model, Rymph (2004) 

created a CROPGRO-Forage version. In this version, the model was modified to 

simulate the C4 photosynthetic pathway, to add a perennial storage organ (stolon), a 

dormancy process to alter partitioning of growth, and mobilization of N during short 

daylength periods. Also, the freeze damage routine was modified to allow partial loss of 

green structures due to freezing temperatures. This new version was based on the 

version of CROPGRO which was distributed as part of DSSATv4 (Hoogenboom et al., 

2003). Data from two experiments in Gainesville, Florida, two in Ona, Florida and one in 

Eagle Lake, Texas (the same used to create the first bahiagrass model) were used to 

calibrate the model. In these five field trials was done a total of 303 measurements of 

forage mass and 227 of forage crude protein. The average herbage mass of all 

experiments was 3066 kg of DM ha-1 while the predicted one was 3145 kg of DM ha-1 

when leaf-level photosynthesis option was used and 3150 kg of DM ha-1 when daily 

canopy photosynthesis option was used. The use of the new version resulted in 

reduction of the RMSE from 1003 to 857 kg of DM ha-1 when leaf-level photosynthesis 

option was used and from 930 to 782 kg of DM ha-1 using daily canopy photosynthesis. 

Analyzing the scatterplot, the author observed that the CROPGRO-Forage version 

overestimated herbage mass at higher levels and underestimated at lower levels of 

growth. The prediction of herbage N concentration and its seasonal variability were also 
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improved for the forage version. The observed N concentration was 15.6 g N ha-1 whist 

the use of the leaf-level photosynthesis resulted in underestimation of N concentration 

(14.6 g N ha-1) and the daily canopy photosynthesis resulted in overestimation (17.6 g N 

ha-1). 

The CROPGRO-Forage model was modified and calibrated by Alderman (2008) to 

simulate Tifton 85 Bermudagrass. The author made two minor adjustments in the code. 

The first one was in relation the harvesting algorithm that was modified to better 

simulate bermudagrass harvest. The change was done to reduce the amount of leaves 

left in the field after the each harvest. The second modification is related to the 

temperature sensitivity for soil organic matter decomposition. Parameters were changed 

to increase the base temperature for decomposition, resulting in lower N mineralization 

rates during winter and early spring. The author used data from a field trial conducted in 

2006 and 2007 near Gainesville, Florida. In this trial, four N-fertilizer application rates (0, 

45, 90, and 135 kg of N ha-1 cutting-1) were used. For each year, harvests started in 

mid-July and occurred every 28 days until mid-October, resulting in four regrowth cycles 

for each year. For the second and fourth growing period of each year, weekly plant 

samples and photosynthesis measurements were done. The results of this study 

showed good prediction of biomass, leaf area index and leaves mass. The RMSE for 

shoot mass varied from 190 to 745 kg ha-1 and D-Stat varied from 0.54 to 0.95. For leaf 

N concentration the RMSE varied from 1.8 to 8.4 % and D-Stat varied between 0.33 

and 0.94. It shows that the calibrated CROPGRO-Forage well predicted bermudagrass 

yield and leaf N concentration. 
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To predict palisadegrass (Brachiaria brizantha (A. Rich.) Stapf. cv. Xaraes) 

growth, Pedreira et al. (2011) modified and calibrated the CROPGRO-Forage version. 

For this new perennial version, an improved method and code for defining forage 

harvest conditions was used. A new input file (MOW) was created defining the harvest 

dates, the MOW and RSPLF parameters which correspond respectively to stubble mass 

and leaf fraction in the stubble corresponding to the time when top growth harvest is 

simulated. The parameters were developed using values and relationships reported in 

the literature and comparing simulated with observed values from a field experiment 

conducted in Piracicaba, Brazil during two seasons (2005/06 and 2007/08) under 

irrigation and high N conditions. In this field experiment, the average observed biomass 

was 3358 kg ha−1 while the predicted one was 3573 kg of DM ha− 1, showing a small 

overestimation by the simulation. The RMSE observed for palisadegrass simulations 

(538 kg of DM ha−1) was lower than the previously observed, indicating better prediction 

through the year for the palisadegrass. The simulated and observed leaf area index also 

showed great similarity during the growing season. 

Using the palisadegrass model as a starting point, Lara et al. (2012) calibrated the 

CROPGRO-Forage model to predict guineagrass (Panicum maximum Jacq. cv. 

‘Tanzânia’) growth. It was done because these two species are C4 and have similar 

morphology (Lara et al., 2012). Data from 17 months (December 2002 to April 2004) 

and 11 regrowth cycles of an irrigated and well fertilized treatment localized in 

Piracicaba, Brazil were used to calibrate the model. The calibration process was done 

similarly to what was described above for the palisadegrass model. To validate the 

model, data from an irrigated and fertilized treatment at the same location for the 
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growing season 2005/06 were used. The results of this study showed that the leaf area 

index was well predicted during summer and poorer relationship was found during 

winter. The authors attributed this to the fact that during winter, there was a lot dead 

material in the pasture that might be registered by the scanner as leaf area. During the 

calibration process, the average predicted biomass was 6576 kg of DM ha−1 while the 

observed was 6535 kg of DM ha−1 and the RMSE was 494.2 kg of DM ha−1. For the 

validation, the predicted biomass was 6678 kg of DM ha−1 whereas the observed was 

6548 kg ha−1 and the RMSE 478.3 of DM kg ha−1. 

The results of these studies show that CROPGRO-Forage model is an efficient 

tool to integrate physiological aspects of different species of forage. It can be used as 

tool to simulate plant growth, to understand how management affects crop 

development, to make decisions regarding management and to understand the risks 

associated with forage production. 
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CHAPTER 3 
EFFECTS OF FERTILIZATION AND IRRIGATION ON PASPALUM NOTATUM 

GROWTH AND CRUDE PROTEIN CONTENT 

Agriculture is an economic activity directly related to drought and it is the first one 

to be affected by it. Drought is responsible for the greatest loss in agriculture production 

(Song et al., 2004; Wilhite, 2007; Farooq et al., 2009). A severe and persistent drought 

may harm the forage crops causing losses in the grazing herd and consequently being 

a stressful situation for the herd manager (Peel, 2002). During the prolonged extreme 

and exceptional drought of 2007, beef cattle producers had to make some risky 

decisions to overcome drought problems. Many farmers had to over-graze their 

pastures, buy and feed expensive and low-quality hay. They also let their brood animals 

to lose weight and condition or delay the decision to sell them until mid-September. This 

being a poor time to sell cows relative to the annual cattle cycle, since prices on brood 

cows decline during this period (Peel and Meyer, 2002). 

In 2011, the Florida Climate Center3-1 reported extreme drought during spring and 

early summer and the U.S. Drought Monitor 3-2 showed that in the panhandle, the water 

shortage lasted until September. Due to these conditions, higher than normal 

supplemental feed was necessary to compensate the overall dryness. Also, farmers had 

to send higher number of animals to the feed lot due to poor condition of pasture. The 

objective of this study was to verify the influence of drought, nitrogen stress, time of the 

year and their combination on bahiagrass dry matter accumulation and nutritive value. 

                                            
3-1

 http://coaps.fsu.edu/climate_center/index.shtml 

3-2
 http://droughtmonitor.unl.edu/ 

http://coaps.fsu.edu/climate_center/index.shtml
http://droughtmonitor.unl.edu/
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Material and Methods 

Experimental Site 

This study was conducted between March 2009 and November 2011 at the 

University of Florida at the Plant Science Research and Education Unit (PSREU), Citra, 

FL (29°24’27”N, 82°10’35”W, elevation 21 m). It was performed with Pensacola 

bahiagrass that was established in the field at least five years prior to the experiment. 

The soil in the field experiment was Arredondo-Gainesville association (Thomas et al., 

1979). Using Köppen classification, the climate in Citra is humid subtropical (Henry et 

al., 1994), where the average annual temperature is 21.5oC and the total annual 

precipitation is above 1200 mm. 

Two irrigation levels (irrigated and non-irrigated) and two fertilizer levels (fertilized 

and non-fertilized) were established in a strip split plot design resulting in four 

treatments: 1) irrigated and fertilized (I+F); 2) irrigated and non-fertilized (I+NoF); 3) 

non-irrigated and fertilized (NoI+F); and 4) non-irrigated and non-fertilized (NoI+NoF). 

Each plot had an area of 930 m2 (Fig. 3-1). From April 2009 to June 2011 irrigation was 

applied using a linear move system (Fig. 3-2) at a fixed rate of 17-19 mm per application 

twice a week (Mondays and Thursdays). No irrigation was applied when a rainfall event 

greater than 25 mm occurred previously two days to the scheduled irrigation event. Due 

to mechanical problems in the irrigation system, an impact sprinkler gun (Fig. 3-3) was 

used to apply 12-15 mm of water three times a week (Monday, Wednesday and Friday) 

between June and September of 2011 and 7-10 mm between September and 

November of 2011. The irrigation was skipped if the total rainfall was higher than 10 mm 

on the previous two days to the scheduled irrigation event. 
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Fertilized treatments received a broadcast application of N and K, at a rate of 90 

kg of N and K ha-1 28 days before the first harvest of each year and 90 kg of N ha-1 and 

45 kg of K ha-1 on the day right after each harvest. If necessary, 3.5 l ha-1 of 2-4 D was 

applied in the field at the beginning of each year to reduce weeds infestation. 

Yield and Nutritive Value 

Four weeks before the first scheduled harvest of each year, all treatments were 

staged by mowing. Fresh biomass harvests happened from May 2009 to December 

2009, from June 2010 to November 2010 and from May 2011 to November 2011 in a 4-

week interval except for the last harvest of 2009 that occurred in 6-week interval, 

totalizing 23 harvests during the experiment period. For all harvests the stubble height 

was approximately 5.1 cm. Plant dry matter (DM) accumulation for each treatment was 

evaluated by harvesting five representative areas of 5.4 m2 in 2009. Due to change in 

the equipment used to harvest, for following two years the size of each one of the 

representative areas was 6.1 m2. From each harvested area, subsamples were taken to 

measure dry matter. For that, the fresh subsamples were weighted and then dried at 

65oC for subsequent dry weight determination. In the afternoon after each sample 

collection, all treatments were staged by mowing. 

Herbage crude protein (CP) determination was on three out of the five dry 

subsamples for each treatment for each harvest. These dry subsamples were ground in 

a Wiley mill (Model 4 Thomas-Wiley Laboratory Mill, Thomas Scientific, Swedeboro, NJ) 

to pass a 1 mm stainless steel screen. The dry subsamples from July 29, 2009 were not 

available; thus it was not possible to do N analysis for this harvest. 

Nitrogen analyses were carried-out at the Forage Evaluation Support Laboratory 

(FESL). In the lab, the samples were digested using a modification of the aluminum 
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block digestion procedure of Gallaher et al. (1975). Sample weight was 0.25 g, the 

catalyst used was 1.5 g of 9:1 K2SO4:CuSO4, and digestion was conducted for at least 

4h at 375°C using 6 ml of H2SO4 and 2 ml H2O2. Nitrogen in the digestate was 

determined by semiautomated colorimetry (Hambleton, 1977). Percentage of CP was 

estimated as N multiplied by 6.25. 

Soil Moisture and Weather Data 

Time domain reflectometry (TDR) probes (CS-616, Campbell Scientific, Inc. 

Logan, UT) connected to a datalogger (CR-10X, Campbell Scientific, Inc., Logan, UT) 

were installed on May 14, 2009 at five depths, 5, 15, 30, 45, and 60 cm (Fig. 3-5a) in 

each of fertilized plot and at three depths, 5, 15, and 30 cm (Fig. 3-5b) in each of the 

non-fertilized plots. The soil moisture was logged at 15-minute interval. Since for non-

fertilized treatments, the deepest TDR probe was at 30 cm depth, the comparison 

between soil moisture in fertilized and non-fertilized treatment was done on the first 37.5 

cm of the soil profile. 37.5 cm was used because the sensitive volume extends 

approximately 7.5 cm from the rods and the deepest probe for non-fertilizer treatment 

was at 30 cm. 

Two automatic rain gauges (Campbell Scientific, Inc., Logan, Utah) were installed 

and the rainfall for rainfed treatments and rainfall plus irrigation for irrigated treatments 

were recorded every 15 min. Additional weather data necessary (minimum and 

maximum air temperature, solar radiation, wind speed and relative humidity) were 

retrieved from the Florida Automated Weather Network (FAWN) weather station located 

at the PSREU farm, approximately 700 m from the experimental field. Table 3-1 shows 

a summary of the weather data from FAWN weather station and from the two rain 

gauges. 
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Data treatment was done to reduce the errors in relation to rainfall and irrigation 

measurements. If the difference in measurement of the two rain gauges was 4 mm or 

more on a non-irrigated day, data from the FAWN station was used to indicate which 

rain gauge was showing the right value. 

On 17 November, 2010 when the field was being staged, the cables connecting 

the TDR to the datalogger were broken and they were fixed on March 2011; therefore 

during that time, soil moisture and rainfall data were not collected. For this reason, 

rainfall data from the FAWN station were used during this period. 

Stolons and Roots 

Bahiagrass stolons-roots were collected on October 2009 and October 2011 for all 

treatments. Using a 0.05 m diameter soil auger of known volume, soil cores were 

extracted at four different depths: 0-15, 15-30, 30-60, and 60-90 cm in five different 

points of each treatment plot. After washing away the soil above a fine sieve, stolons-

roots and organic debris were stored in plastic bags at 4oC until further cleaning. 

Samples were then placed in a glass bowl placed above a light plate and stolons-roots 

were handpicked and placed in Petri dishes. Stolon-roots length distribution (SRLD) for 

each soil core was determined using a scanner and Winrhizo (Régent Instrument Inc., 

Quebec City, Canada) software. 

Statistical Analysis 

For yield and nutritive value, statistical analyses were performed with a general 

linear model as follow:  

                                                              

where Yijkl is yield; μ is population mean; α is irrigation; β is fertilization; γ is repetition 

number; δ is week of the year when the harvest occurred; and e was the residual error 
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for i=2, j=2, k=5, l=9. Multiple comparisons of mean were performed with Bonferroni test 

using the pairwise.t.test function in R language (Venables et al., 2011) and significance 

was accepted at P<0.05. 

Results and Discussion 

Yield 

In general, fertilization, irrigation and week of the year that the harvest occurred in, 

and the interaction between fertilization and irrigation as well between fertilization and 

week of the year significantly affected DM (Table 3-2). Fertilization, irrigation and the 

joint effect between them were significant because for non-fertilized treatments, N and K 

were the limiting factors for growth; therefore, the use of irrigation had low effect on 

yield. However, for the fertilized treatments, low nutrient stress occurred and therefore 

water was the limiting factor for growth, thus irrigation resulted in an increase of DM 

production (Table 3-3). 

As weeks represent the time of the year that the harvest happened and these 

factors significantly affected DM, it was noticeable that atmosphere conditions 

throughout the year influenced plant growth. It was mainly due to the fact that 

bahiagrass is a warm season grass, from tropical and sub-tropical regions influenced by 

temperature, solar radiation and especially daylength (Sinclair et al., 2001, 2003; 

Rymph, 2004; Newman et al., 2007). The joint effect between fertilization and week was 

also significant, indicating that the interaction between these factors. During summer, 

temperature, solar radiation and daylength were favorable for plant growth; therefore; 

the use of fertilization greatly affected yield because nutrients were limiting growth. On 

the other hand, in fall, weather conditions limited plant growth resulting in less effect of 

fertilization during this period (Table 3-4). 
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Fertilization greatly impacted yield (Table 3-3). The average yield for fertilized 

treatments was 3059 kg of DM ha-1 which is 3.5 times higher than average yield for non-

fertilized treatments (855 kg of DM ha-1). The use of irrigation resulted in increase in 

yield (Table 3-3). However, it was lower than the impact caused by fertilization. The 

average yield for irrigated treatment was 2124 kg of DM ha-1 which is 1.2 times higher 

than the average yield for non-irrigated treatments (1790 kg of DM ha-1). These results 

are consistent with previous research. For Beaty et al. (1974) the irrigated treatment 

produced 1.1 times more than rainfed treatment, while the production for the treatment 

with 336 kg of N ha-1 year-1 was 4 times higher than the treatment with no fertilizer. Blue 

(1973) and Blue and Graetz (1977) observed yields 4 times higher for treatment with 

448 kg of N ha-1 year-1 than with no fertilizer. 

For the I+F treatment the peak production occurred from early June to late August 

(Fig. 3-5) which corresponds to a growing period from May to August. During this 

period, temperature and solar radiation were optimum, resulting in a higher potential for 

the plant to growth. In each year, the highest yield for this treatment was observed on 

late June/early July what was also observed by Johnson et al. (2001). It shows that the 

combination of high temperature, solar radiation and long daylength in June associated 

with low or no water and nutrient stress was favorable for plant growth.  

For the NoI+F treatment, the peak production varied from year to year due to 

atmosphere conditions associated with variability on water stress (Fig. 3-5). For 

fertilized treatments, yield started to decrease on late August, when daylength is around 

12.5 h. Rymph (2004) used 12.5 h of light as threshold for dormancy. For the author, if 
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daylength is lower than 12.5 h, bahiagrass dormancy is progressively induced and 

partitioning of carbohydrate and N to the stolons is increased. 

The differences between fertilized treatments were more prominent for the 

harvests corresponding to the May and June growing cycles. It is mainly due to the lack 

of rainfall associated with high temperatures in May (Gelcer et al., 2010a), causing high 

water stress on rainfed areas. However, for irrigated fields, this period has good 

conditions for plant development, because the average temperature is close to the 

optimum, solar radiation is abundant and daylength is long. In 2009 and 2011, the late 

June/early July harvests were also different for I+F and NoI+F treatments, even if in 

June 2009, only 19 mm of water was applied through irrigation and in June 2011 it was 

only 22.9 mm. 

For the September and October harvests of 2011, the differences between 

fertilized treatments were large even if during this period only 28.7 mm of water was 

applied. However, an average of 125.6 mm month-1 of water was applied in July and 

August 2011 and during this period the difference in yield between these treatments 

was small. It indicates that the difference in yield between fertilized treatments was not 

only result of water availability on the current growing cycle, it also was results of 

environmental conditions and interaction of other factors in the past months. As 

mentioned before, the interaction of irrigation and atmosphere conditions affected yield. 

For non-fertilized treatments, irrigation had a small effect. Larger differences 

between I+NoF and NoI+NoF treatments were observed only for two harvests (06/29/10 

and 10/19/11). For the rest of the period, the difference between these treatments was 

small. It was mainly the result of the nutrients stress in the non-fertilized plots. As N, K 
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or both were limiting the growth, the addition of water had low impact on yield. It indeed 

agrees with the values reported in the literature (Beaty et al., 1974). 

Nutritive Value 

The nutritive value was also affected by fertilization, irrigation and week of the 

year, as well by the interaction between irrigation and week and between fertilization 

and week (Table 3-5). Differently from yield, CP concentration was not impacted by the 

interaction between fertilization and irrigation. It indicates that irrigation and fertilization 

affected CP concentration, however, the effect of the fertilizer was not influenced by the 

irrigation and the effect of irrigation was not affected by the fertilizer. 

The average CP concentration for fertilized treatments was 15.3% which 

corresponds to more than double of the CP concentration of non-fertilized treatments 

(7.3%). This variation is larger than the ones previously reported in the literature (Blue, 

1973; Blue and Graetz, 1977; Sumner et al., 1992; Johnson et al., 2001). For few 

harvests, large differences in CP concentration between the two fertilized treatments 

were observed, and for all harvests, the difference between the non-fertilized treatments 

was small (Fig. 3-6). The average CP concentration for irrigated treatment was 11.1% 

and for non-irrigated treatment was 11.3%, which is not significantly different (Table 3-

6). It indicates that CP concentration is strongly affected by fertilization, but in this case, 

the use of irrigation did not affect yearly average CP concentration. 

Time of the year that the harvest happened also affected CP concentration. For all 

treatments, CP concentration during warm period is lower than for cold periods (Table 

3-7). These results are consistent with previous results for bahiagrass (Sumner et al., 

1992; Sinclair et al., 2003; Newman et al., 2007). However, the reason for this effect is 

unknown. Sinclair et al. (2003) argued that it could be the result of decrease of leaves: 



 

49 

stems ratio due to increase of stems which is material with lower CP concentration or 

due to a decrease of relative plant ability to accumulate N during cooler periods. For 

Newman et al. (2007) this response could be result of dilution of total CP because 

during warm periods DM is higher causing lower CP concentration. 

Stolon and Roots 

For all treatments, most part of the stolon-roots was found in the first 15 cm of the 

soil profile (from 41 to 65%). The relative amount of total stolon-roots in the first 30 cm 

varied between 58 and 78%, in the 30-60 cm layer it was between 10 and 20% and in 

the 60-90 cm layer it was between 6 to 22%. Similar results were observed by Doss et 

al. (1960), that found 50% of roots in the first 10 cm and 76% in the first 25 cm of the 

soil profile. 

In average, higher amount of stolon-roots were found in the non-fertilized 

treatments. The total of stolon-roots length in the soil profile in the I+F treatment was 

112 cm while in the I+NoF it was 137 cm. For NoI+F, the total of stolon-roots length was 

132 cm while for NoI+NoF it was 154 cm. These results do not agree with the previously 

reported in the literature. Hirata and Pakiding (2003) observed an increase of amount of 

stolon-roots when fertilizer was applied. However, Blue (1973) showed a non-linear 

relationship between the amount stolon-roots mass and fertilizer applied. Furthermore, 

the author obtained a small reduction of stolon-roots mass when fertilization was 

doubled from 224 to 448 kg of N ha-1. It may indicate that small and medium N-fertilizer 

application levels cause an increase of stolon and roots mass, but high levels reduce 

underground biomass accumulation. Also, these two experiments did not account for 

potassium, which was also applied after each harvest in Citra. 
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The use of irrigation increased the relative amount stolon-roots in the first 30 cm of 

the soil profile from 2009 to 2011. Even if for the I+F treatment the stolon-roots length 

reduced from 4.4 to 2.5 cm cm-3 in the 0-15 cm layer, the relative amount of stolon-roots 

in the first 30 cm of the soil profile increased from 58 to 74% for this treatment and from 

66 to 79% for I+NoF. For the fertilized treatments, the total stolon-root length decreased 

from 2009 to 2011, mainly due to a big reduction in the first layer, which is the one with 

highest amount of stolon-roots (Table 3-9). As the amount of stolon-roots decreased for 

the first 15 cm, its distribution in the soil profile was also affected. For the I+F treatment 

in 2009, the first 0-15 cm layer contributed to 49% of the total while in 2011 it was 43%. 

However, in 2009 the 15-30 cm layer contributed with only 9% of the total amount of 

roots, while it increased to 31% in 2011. For the NoI+F treatment, there was a big 

reduction in stolon-roots length in the first layer and no difference in the other layers. 

This treatment caused changes in stolon-root distribution (Table 3-10).  

For the I+NoF treatment, the amount of stolon-roots slightly increased in the 0-15 

cm layer from 2009 to 2011 and decreased in the other layers. In the 15-30 cm layer it 

was reduced by 50% (Table 3-9). It resulted in higher relative amount of stolon-roots in 

the first layer and lower in the other ones (Table 3-10). For NoI+NoF treatment the only 

big variation was in the 15-30 cm. Due to an increase of stolon and roots in this layer, 

the relative amount decreased in the other layers. 

It is important to highlight that in 2009 there was a stronger effect of the 

management adopted in the previous 5 years when the field was harvested fewer times 

a year and no irrigation or fertilization were applied. This management is similar to the 

one used for the NoI+NoF treatment, the only difference is the number of harvests 
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during the year. That is why the NoI+NoF treatment had less variation between the two 

samplings and I+F had the biggest variation. The temporal variability of stolon-roots 

mass was also observed by Blue (1973). These results cannot be extrapolated to other 

months, since stolon-root mass is affected by the time of the year (Rymph, 2004)  

Soil Water Content 

In general during the growing season, the amount of water had a great variation 

for each treatment and for each year (Fig. 3-7 and 3-8). As expected, the variation on 

the irrigated treatments was lower than the non-irrigated ones. The lowest values of soil 

moisture occurred on the rainfed treatments, but the highest values occurred for both 

irrigated and non-irrigated treatments. Overall, 2009 was the year with the highest soil 

moisture for all treatments and 2010 the year with the lowest. This can be attributed to 

rainfall, which was the highest in 2009 and the lowest in 2010.  

The I+NoF treatment had the smallest variation in the first 37.5 cm of the soil 

profile through the whole experimental period (Fig. 3-8). This was mainly due to the fact 

that irrigation provided high amount of water to the soil and lower evapotranspiration 

occurred in this treatment due to low plant growth. The NoI+F treatment caused higher 

variability of soil water through the years (Fig. 3-7). This was caused by the higher water 

demand of this treatment in comparison with the NoI+NoF one and due to water 

shortage in comparison with the irrigated treatments. 

For this experiment, average soil moisture for the each growing cycle did not have 

a linear relationship with the differences in yield for each growing cycle between 

irrigated and non-irrigated treatments. For some growing cycles, there was a large 

difference in yield between the two fertilized treatments; however, the difference in 

average soil moisture between them was small, and vice-versa (Fig. 3-9). For example, 
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for the late June 2011 harvest, the difference in yield between I+F and NoI+F was 1942 

kg of DM ha-1 and the difference in daily average soil water content during the 

correspondent growing cycle was 0.003 cm3 cm-3. For the September 2010 harvest, the 

difference in yield between these two treatments was 389 kg of DM ha-1 while the 

difference in daily average soil moisture content was 0.032 cm3 cm-3. 

This indicates that the average soil moisture during the growing cycle did not 

completely explain the whole yield variability. It is important to consider its interaction 

with stolon-roots mass, which varies throughout the year (Rymph, 2004), variability of 

soil moisture and the interaction of weather conditions (temperature, solar radiation and 

photoperiod). 

Conclusions 

Under the conditions of this experiment, fertilization, irrigation and time of the year 

as well their interaction affect yield. For non-fertilized treatments, the use of irrigation 

caused small or no effect in yield, since N and K were limiting the growth. For only two 

out of 23 harvests the I+NoF and NoI+NoF were significantly different. For fertilized 

treatments, low or no N and K stress occurred, therefore the use of irrigation caused 

increase in yield. 

Fertilization had stronger impact in yield than irrigation. The use of fertilization 

increased 3.5 times the yield, while irrigation only increased 1.2 times. The average 

yield for fertilized treatments was 3059 kg of DM ha-1 while for non-fertilized treatments 

it was 855 kg of DM ha-1. For irrigated treatments, the average yield was 2124 kg of DM 

ha-1 whilst for non-irrigated it was 1790 kg of DM ha-1. 

When nutrients or water were not limiting growth, the June/early July harvest had 

the highest yield of each year. It was mainly due the ideal weather conditions 
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(temperature near to the optimum, abundant solar radiation and long daylength) during 

the growing cycle. For the I+F treatment, the peak production occurred from early June 

to late August. For fertilized treatments, growth starts to decline in late August, when the 

daylength is around 12.5 h due to changes in partitioning caused by daylength. 

Crude protein concentration was affected by irrigation, fertilization and time of the 

year. Fertilization had stronger effect than irrigation, as observed for DM accumulation. 

For fertilized treatments, the average CP concentration was 15.3% while for non-

fertilized ones it was 7.3%. For irrigated treatments the average CP concentration was 

11.1% and for non-irrigated treatment was 11.5%. The highest values of CP 

concentration were observed for the last harvest of the year (late November or early 

December) for the I+F treatment. It shows that the combination of irrigation, fertilization 

and time of the year impacted CP concentration. 

In general, most part of the stolon-roots was found in the first 15 cm of the soil 

profile. 41 to 63% of the total stolon-roots of the soil profile were found in the 0-15 cm 

layer, 58 to 79% in the 0-30 cm layer, 10 to 20% in the 30-60 cm layer and 6 to 22% in 

the 60-90 cm layer. Higher amount of stolon-roots were found in the non-fertilized 

treatments. The stolon-roots length in the I+F treatment was112 cm cm-3 while in the 

I+NoF it was 137 cm cm-3. For NoI+F, stolon-roots length was 132 cm cm-3 while for 

NoI+NoF it was 154 cm cm-3. 

As the first stolon-roots sampling happened in October 2009 and the second one 

happened two years later, the first sampling was stronger affected by the management 

adopted before the beginning of the field trial, what was similar to the management 
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used in the NoI+NoF treatment. Thus, the NoI+NoF had the lowest variation between 

the two sampling and I+F had the greatest. 

In general, soil water content had larger variation in the non-irrigated treatments. It 

occurred due to increase of soil moisture during a rainfall event and decrease for a long 

period of water shortage. Overall, 2009 was the year with the highest soil water content 

and 2010 with the lowest. It was mainly due to the highest amount of rainfall observed in 

2009 and the lowest in 2010. The treatment with lowest variation of soil moisture 

content was the I+NoF. It was caused by the high input of water due to rainfall and 

irrigation and low water demand due to low plant growth. 

Soil moisture did not have straight relationship with yield variability. For some 

growing cycles, the difference in yield between the fertilized treatments was large and 

the difference in soil moisture was small and vice-versa. It is important to consider the 

interaction of soil water and stolon-roots distribution, which varies throughout the year. 

Also, the interaction of weather conditions with soil water is important. If soil water 

content is low and atmospheric conditions are ideal or vice-versa, growth will be 

reduced. 
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Table 3-1.  Monthly averages of minimum, maximum and average temperature, solar 
radiation and total rainfall and total rainfall + irrigation in Citra, FL 

Year Month 
Avg. Temp. (°C) Solar Radiation Rainfall Rainfall+Irrigation 

Min. Max. Avg. (MJ m-2 day-1) (mm) (mm) 

2009        
 Jan 6.7 20.7 13.7 10.9 54.4 54.4 
 Feb 6.0 21.6 13.8 15.3 34.0 34.0 
 Mar 10.9 25.5 18.2 17.9 42.4 42.4 
 Apr 12.9 27.1 20.0 20.7 61.2 61.2 
 May 18.3 30.2 24.3 18.2 240.5 245.6 
 Jun 22.0 32.7 27.4 20.8 149.4 168.4 
 Jul 22.1 31.9 27.0 18.4 107.2 148.6 
 Aug 22.0 32.4 27.2 16.9 117.9 145.5 
 Sep 21.2 31.2 26.2 15.7 119.9 139.4 
 Oct 17.4 29.1 23.3 13.4 35.1 37.8 
 Nov 11.7 23.7 17.7 10.7 63.0 90.7 
 Dec 9.5 19.9 14.7 7.3 66.8 75.2 
 Avg. 15.1 27.2 21.1 15.5 1091.7 1243.3 

2010        
 Jan 2.9 16.9 9.9 10.8 55.1 65.5 
 Feb 4.0 16.6 10.3 12.9 110.5 118.9 
 Mar 7.8 21.0 14.4 16.0 128.0 169.2 
 Apr 13.8 28.0 20.9 20.9 25.7 73.7 
 May 20.1 32.2 26.2 21.6 94.7 127.0 
 Jun 22.5 34.7 28.6 21.7 93.5 173.5 
 Jul 23.5 34.1 28.8 20.2 169.4 199.1 
 Aug 24.5 33.3 28.9 17.1 31.8 36.6 
 Sep 21.2 32.9 27.1 16.5 40.9 124.5 
 Oct 13.8 29.8 21.8 16.8 0.0 66.5 
 Nov 9.9 25.4 17.6 12.0 35.8 48.3 
 Dec 1.1 17.1 9.1 10.9 117.1 117.1 
 Avg. 13.8 26.9 20.3 16.4 902.5 1319.8 

2011        
 Jan 5.0 18.6 11.8 10.8 53.1 53.1 
 Feb 10.1 22.7 16.4 12.6 0.0 0.0 
 Mar 11.2 25.9 18.5 17.1 103.4 163.6 
 Apr 14.1 30.0 22.1 21.9 54.9 119.6 
 May 16.7 32.0 24.3 23.4 35.6 86.9 
 Jun 20.7 34.3 27.5 19.3 136.7 159.5 
 Jul 22.6 33.5 28.0 18.2 80.0 205.5 
 Aug 23.6 34.3 29.0 17.9 184.9 310.6 
 Sep 21.0 31.9 26.5 15.2 114.3 138.7 
 Oct 13.6 26.7 20.2 13.3 176.8 181.1 
 Nov 11.2 24.5 17.9 10.9 46.7 46.7 
 Dec 9.6 23.1 16.4 9.0 6.1 6.1 
 Avg. 15.0 28.1 21.5 15.8 992.4 1471.4 
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Table 3-2.  Analysis of variance summary for dry matter (kg of DM ha-1) as affected by 
fertilization (F), irrigation (I), week of the year (W), and repetition (R) 

Source of variation 
Degrees of 

freedom 
Sum of 
square 

Mean  
square 

F-value p-value 

Fertilization (F) 1 558551108 558551108 4047.85 <0.01 
Repetition (R) 4 790413 197603 1.43 0.37 
F x R – Error 1 4 551946 137987   
Irrigation (I) 1 12769534 12769534 143.97 <0.01 
I x R – Error 2 4 354774 88694   
F x I 1 2929262 2929262 21.56 <0.01 
F x I x R  – Error 3 4 543434 135859   
Week (W) 8 201831049 25228881 78.49 <0.01 
I x W 8 4396710 549589 1.71 0.09 
F x W 8 130897339 16362167 50.91 <0.01 
F x I x W – Error 4 8 3443160 430395 1.34 0.22 
Residuals 408 131141467 321425 4047.85  

 

Table 3-3.  Average dry matter (kg of DM ha-1) as affected by fertilization and irrigation 

 Irrigated Non-Irrigated Average 

Fertilized 3305 aA 2812 aB 3059 a 
Non-Fertilized 942 bA 768 bA 855 b 
Avg. 2124 A 1790 A 1957 

Different capital letters within lines and small letters within columns are significantly 
different by Bonferonni test (P<0.05). 
 
Table 3-4.  Average dry matter (kg of DM ha-1) as affected by fertilization and week of 

the year 

Week Fertilized Non- Fertilized Average 

18 2653 cA 425 cB 1539 b 
22 3723 bA 465 cB 2094 ab 
26 4422 aA 902 bB 2662 a 
30 3812 abA 1029 abB 2420 ab 
34 4020 abA 1163 abB 2592 a 
38 2949 cA 1282 aB 2115 ab 
42 1871 dA 1063 abB 1467 b 
46 1152 deA 496 cB 824 bc 
48 350 eA 111 cB 230 c 
Avg. 3059 A 855 B 1957 

Different capital letters within lines and small letters within columns are significantly 
different by Bonferonni test (P<0.05). 
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Table 3-5.  Analysis of variance summary for crude protein concentration (%) as 
affected by fertilization (F), irrigation (I), week of the year (W), and repetition 
(R) 

 
Table 3-6.  Average crude protein concentration (%) as affected by fertilization and 

irrigation 

 Irrigated Non-Irrigated Average 

Fertilized 15.0 aA 15.5 aA 15.3 a 
Non-Fertilized 7.2 bA 7.4 bA 7.3 b 
Average 11.1 A 11.5 A 11.3 

Different capital letters within lines and small letters within columns are significantly 
different by Bonferonni test (P<0.05). 
 
Table 3-7.  Average crude protein concentration (%) as affected by fertilization and 

week of the year 

Week Fertilized Non-Fertilized Average 

18 17.2 aB 8.8 bA 13.0 ab 
22 15.3 aBC 6.8 bB 11.1 b 
26 12.9 aC 6.8 bB 9.9 b 
30 13.6 aC 7.4 bB  10.5 b 
34 13.7 aC 7.1 bB  10.4 b 
38 15.5 aBC 7.1 bB   11.3 b 
42 17.3 aB  7.5 bB 12.4 b 
46 17.3 aB 7.3 bB  12.3 b 
Avg. 15.3 A 7.3 B  11.3 

Different capital letters within lines and small letters within columns are significantly 
different by Bonferonni test (P<0.05). 
 
 
 

Source of variation 
Degrees of 

freedom 
Sum of 
square 

Mean  
square 

F-value p-value 

Fertilization (F) 1 3992.9 3992.9 26619.3 <0.01 
Repetition (R) 2 0.3 0.1 1.0 0.51 
F x R – Error 1 2 0.3 0.2   
Irrigation (I) 1 11.6 11.6 38.7 <0.05 
I x R – Error 2 2 0.6 0.3   
F x I 1 1.7 1.7 3.1 0.22 
F x I x R  – Error 3 2 1.1 0.6   
Week (W) 8 254.9 31.9 14.0 <0.01 
I x W 8 45.1 5.6 2.5 <0.05 
F x W 8 121.3 15.2 6.7 <0.01 
F x I x W – Error 4 8 26.5 3.3 1.5 0.18 
Residuals 220 501.6 2.3   
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Table 3-8.  Average crude protein concentration (%) as affected by irrigation and week 
of the year 

Week Irrigated Non-Irrigated Average 

18 13.2 aAB 12.9 aA 13.0 ab 
22 10.6 aAB 11.2 aA 11.1 b 
26 9.0 aB 10.5 aA 9.9 b 
30 10.3 aAB 10.6 aA 10.5 b 
34 10.1 aB 10.6 aA 10.4 b 
38 11.0 aAB 11.5 aA 11.3 b 
42 12.4 aAB 12.3 aA 12.4 b 
46 13.0 aAB 11.6 aA 12.3 b 
Avg. 11.1 A 11.3 A 11.3 

Different capital letters within lines and small letters within columns are significantly 
different by Bonferonni test (P<0.05). 
 
Table 3-9.  Bahiagrass stolon-root length (cm cm-3) in October 2009 and 2011 in 

different soil depths for four treatments i) irrigated and fertilized (I+F); ii) 
irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); 
and iv) non-irrigated and non-fertilized (NoI+NoF) 

Depth 
I+F I+NoF NoI+F NoI+NoF 

2009 2011 2009 2011 2009 2011 2009 2011 

0-15 4.4 2.5 4.2 4.9 6.0 4.1 5.0 4.7 
15-30 0.8 1.8 2.6 1.3 1.2 1.3 1.6 2.4 
30-60 0.9 0.6 0.9 0.4 0.6 0.7 1.0 0.9 
60-90 1.0 0.2 0.9 0.4 0.4 0.8 0.8 0.7 

 
Table 3-10.  Bahiagrass stolon-root distribution (%) in October 2009 and 2011 in 

different soil depths for four treatments i) irrigated and fertilized (I+F); ii) 
irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); 
and iv) non-irrigated and non-fertilized (NoI+NoF) 

Depth 
I+F I+NoF NoI+F NoI+NoF 

2009 2011 2009 2011 2009 2011 2009 2011 

0-15 49% 43% 41% 62% 65% 49% 49% 45% 
15-30 9% 31% 25% 17% 13% 15% 16% 23% 
30-60 20% 20% 17% 11% 13% 17% 19% 17% 
60-90 22% 6% 17% 10% 9% 19% 16% 15% 

 
  



 

59 

 

Figure 3-1.  Split plot design of field trial 

 

Figure 3-2.  Linear move system used 
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Figure 3-3.  Impact sprinkler gun used to irrigate the field after problems with the linear 
move system 

 

Figure 3-4.  Time domain reflectometry (TDR) probes a) at five depths for fertilized 
treatments and b) at three depths for non-fertilized treatments 

 
 

Figure 3-5.  Dry matter (kg of DM ha-1) for four treatments i) irrigated and fertilized (I+F); 
ii) irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); 
and iv) non-irrigated and non-fertilized (NoI+NoF) 

a) b) 
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Figure 3-6.  Crude protein concentration (%) for four treatments i) irrigated and fertilized 
(I+F); ii) irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized 
(NoI+F); and iv) non-irrigated and non-fertilized (NoI+NoF) 

 

 

   

 

 

 

 

Figure 3-7.  Average soil moisture content (cm3 cm-3) in the first 37.5 cm of the soil 
profile for fertilized treatments. 
*Bars indicate one standard deviation from the mean. 
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 Figure 3-8.  Average soil moisture content (cm3 cm-3) in the first 37.5 cm of the soil 
profile for non-fertilized treatments. 
*Bars indicate one standard deviation from the mean. 

 

 

Figure 3-9.  Observed yield (kg of DM ha-1) and average soil water content (cm3 cm-3) in 
the first 67.5 cm of the soil profile for the correspondent growing cycle of each 
harvest for fertilized treatments 
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CHAPTER 4 
MODELING OF BAHIAGRASS (PASPALUM NOTATUM) GROWTH USING 

CROPGRO-FORAGE MODEL AND THE AGRICULTURAL REFERENCE INDEX FOR 
DROUGHT 

The Decision Support System for Agrotechnology Transfer (DSSAT) (Jones et al., 

2003; Hoogenboom et al., 2004) is a worldwide used software that integrates 

knowledge about soil, climate, crops and management. DSSAT incorporates models of 

16 crops and offers a user-friendly interface that allows users to simulate options for 

crop management over a number of years to assess the risks associated with each 

option (Jones et al. 2003). In DSSAT, bahiagrass and other forage species growth can 

be simulated using the CROPGRO which is a mechanistic model that integrates plant, 

soil, management, and weather inputs to predict crop growth and composition (Boote et 

al., 1998a; b). This model also simulates crop growth, development, and yield as well as 

changes in soil water, carbon and nitrogen that occur during crop development. 

Simulations using CROPGRO allow users to predict crop development for several years 

under different management strategies.  

The CROPGRO-Forage version was created to simulate perennial tropical forage 

growth. In this version, the model was modified to simulate the C4 photosynthetic 

pathway, as well as to add a perennial storage organ (stolon), a dormancy process to 

alter partitioning of growth, and mobilization of N during short daylength periods. Also, it 

modifies the freeze damage routine to allow partial loss of green structures due to 

freezing (Rymph, 2004). The forage version was calibrated and used to simulate growth 

of some forage species such as bahiagrass (Paspalum notatum Flueggé) (Rymph, 

2004), Tifton 85 bermudagrass (Cynodondactylon (L.) Pers.) (Alderman, 2008), 
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palisadegrass (Brachiaria brizantha) (Pedreira et al., 2011), and guineagrass (Panicum 

maximum) (Lara et al., 2012). 

As CROPGRO simulates a high number of processes and the soil-plant-

atmosphere interaction, it is then very complex and, thus, requires a high number of 

inputs to make more accurate predictions. Therefore, its use is restricted to locations 

where data are available. Simpler models that take into account less processes and 

need fewer inputs can be useful tools for decision makers. The Agricultural Reference 

Index for Drought (ARID) is an example of a simple agricultural drought index based on 

a reference crop (grass) that is calculated by subtracting the ratio of actual to potential 

transpiration from 1 (Woli et al., 2012). 

As ARID was based on physiological principles frequently used in crop models to 

reduce growth when root water uptake does not match plant’s demand (Woli et al., 

2012), it shares similarities with soil water balance used in the DSSAT. The main 

differences are that ARID does not consider the division of soil into layers nor root 

growth and distribution. In CROPGRO, the soil is divided into many layers in which the 

water availability varies between the permanent wilting point and saturation (Boote et 

al., 1998a; Jones et al., 2003). If the soil water content is higher than field capacity, the 

water is drained to the next layer, while in ARID the drained water is lost from the 

system because only one large layer is taken into account (Woli et al., 2012). Also, 

ARID treats the entire root system as a single unit and assumes a removal of water 

from the root zone as a whole, where the water uptake depends only on the 

atmospheric demand and soil moisture (Woli et al., 2012). Conversely, in CROPGRO, 

the roots have daily variability and the daily water-supplying capacity of the soil-root 
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system depends on the root length and soil water capacity in each soil layer (Boote et 

al., 1998a). 

ARID was successfully used to simulate yield losses caused by drought (Woli, 

2010), since there is a straight relationship between crop transpiration and crop dry 

matter accumulation (Jensen, 1968; Hanks, 1974; Doorenbos and Kassam, 1979; 

Jones et al., 2003; Woli, 2010). It relates the amount of total dry matter produced per 

unit of transpired water, which is the water use efficiency (Doorenbos and Kassam, 

1979). As the water use efficiency is assumed to be constant for a given crop in a given 

year, actual yield can be expressed as potential yield times the ratio of actual to 

potential evapotranspiration (Hanks, 1974). This approach using the ratio of actual to 

potential evapotranspiration is commonly used in crop models. If this ratio is lower than 

1, it indicates that stomatal conductance was decreased at some time of the day to 

avoid plant desiccation thus water stress occurred (Jones et al., 2003).  

The hypothesis of this study was that the Agricultural Reference Index for Drought 

(ARID) can be used as a water stress factor indicating crop losses due to water stress. 

The main objectives were to validate the CROPGRO-Forage version to simulate 

bahiagrass growth under different managements and to use the combination of 

CROPGRO-Forage model and ARID to predict bahiagrass yield. 

Material and Methods 

Validation of the CROPGRO-Forage Model 

Model evaluation was based on a field trial conducted between 2009 and 2011 at 

the University of Florida at the Plant Science Research and Education Unit (PSREU), 

Citra, FL. A complete description of this experiment is given in Chapter 3. Briefly, in this 

experiment four treatments using two irrigation levels (irrigated and non-irrigated) and 
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two fertilization levels (0 or 90 kg ha-1 of N and 45 kg ha-1 of K) were compared. It 

resulted in four treatments: 1) irrigated and fertilized (I+F); 2) irrigated and non-fertilized 

(I+NoF); 3) non-irrigated and fertilized (NoI+F); and 4) non-irrigated and non-fertilized 

(NoI+NoF). 23 fresh biomass harvests happened during the experiment period. Dry 

matter (DM) and crude protein (CP) data were measured for each treatment in each 

harvest, except for the July 29, 2009 harvest, when CP was not available. Soil water 

content was measured using time domain reflectometry (TDR) probes at five depths (5, 

15, 30, 45, and 60 cm) in each of fertilized plot and at three depths (5, 15, and 30 cm) in 

each of the non-fertilized plots. Rainfall and irrigation plus rainfall were measured using 

two rain gauges (one for rainfed treatments and one for irrigated treatments). Additional 

weather data necessary (minimum and maximum air temperature, solar radiation, wind 

speed and relative humidity) were retrieved from the closest Florida Automated Weather 

Network (FAWN) located at the PSREU farm, approximately 700 m from the 

experimental field. 

XBuild which is the DSSAT crop management data editing program (Uryasev et 

al., 2003b) was used to create a simulation experiment file based on the field 

experiment described on Chapter 3. This file contains simulation and management 

details. The soil file was created through Sbuild (Uryasev et al., 2003a) to input soil data 

for each layer. This file contains all information related to each soil layer. It includes soil 

texture, lower limit or wilting point (SLLL), drained upper limit or field capacity (DSUL), 

saturation (SSAT), bulk density (SBDM), saturated hydraulic conductivity (SSKS), and 

root regrowth factor (SRGF). 
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SDUL was determined under field conditions at the end of the experiment by using 

the TDR located on the fertilized treatments. These treatments were chosen because 

they have TDR in five different depths. The determination was done after adding water 

to the soil to reach soil water content higher than the DSUL, then covering the soil to 

avoid evapotranspiration (Fig. 4-1) and monitoring changes in soil water content. SLLL 

was determined based on rainfed treatments after a long period of water restriction 

(from April to June 2011). SSAT and SSKS were calculated based on soil texture using 

Saxton and Rawls method (Saxton et al., 1986). SBDM was determined through field 

measurements. As soil organic matter at the beginning of the experiment was not 

measured, values reported by Beaty and Tan (1972) were used to determine the 

organic matter on the soil file. The SRGF was calculate as described by Uryasev et al. 

(2003a) Table 4-1 shows the soil profile used in the simulation. 

Two weather files were created using Weatherman software (Wilkens, 2003) 

which is the DSSAT software for weather data. Both files had the same solar radiation, 

maximum and minimum temperature, wind speed, and relative humidity data. The only 

difference between these files was rainfall input data. The first one (for irrigated 

treatments) used data collected from the rain gauge located at irrigated treatments and 

included data of rainfall plus irrigation. The second one (rainfed treatments) used data 

collected from the rain gauge located at the rainfed treatments and did not include 

irrigations. Therefore, the input of irrigation was done through the weather file and not 

using fileX.  

The CROPGRO-Forage model is constantly transformed and adjusted; therefore, 

the set of species and cultivar parameters for each crop is not well defined yet. For this 
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reason, the bermudagrass version presented by Alderman (2008) has been constantly 

improved by the author and the latest version was selected to be used in this study. A 

bermudagrass model is acceptable for simulating bahiagrass growth because both 

species are C4 plants with similar characteristics and both have a storage organ.  

To facilitate the simulation of each harvest, the MOW file (Pedreira et al., 2011) 

was used. This file contains information related to harvest conditions, including harvests 

date, amount of stubble remaining after harvest (MOW), the leaf fraction in the stubble 

(RSPLF) and number of leaves left on a primary tiller axis after harvest (MVS). As 

stubble mass was not measured after each harvest, it was estimated based on the 

literature (Beaty et al., 1968; Rymph, 2004) and few field samples. For fertilized 

treatments, MOW was set at 1900 kg of DM ha-1 and for non-fertilized treatments, it was 

set at 600 kg ha-1. RSPLF was not estimated, therefore -99 was used and MVS was set 

as 1 for all harvests and all treatments. 

The term herbage mass will be used to indicate the total aboveground biomass, 

which is the harvested biomass plus estimated stubble. Also, during the field trial, there 

was no differentiation between alive and dead material. Therefore, simulated values of 

aboveground biomass and dead canopy were added to make a comparison with the 

observed biomass. 

The standard output of simulated soil water is done using fixed layers (0-5, 5-15, 

15-30, 30-45, 45-60, and 60-90 cm). However, the TDR measurements were punctual 

at five depths (5, 15, 30, 45, and 60 cm) for fertilized treatments and at three depths (5, 

15, and 30 cm) for non-fertilized treatments. Therefore, depending on the soil layer and 

the treatment, the simulated values were directly compared with the TDR 
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measurements or with the average of measurements of two depths. Table 4-2 shows 

how these comparisons were done. Daily average soil moisture was calculated by 

multiplying the average soil moisture by the depth of the layer. 

Estimation of Yield under Non-Nitrogen Stress Conditions 

It was assumed that no N stress occurred on the fertilized treatments, since it was 

applied at least 630 kg of N ha-1 year-1. This has been reported as enough amount of N-

fertilizer for maximum bahiagrass growth (Overman et al., 1990; Overman and Stanley, 

1998; Rymph, 2004). Also, this amount of N-fertilizer is more than what is currently 

recommended by IFAS/UF (Institute of Food and Agriculture/University of Florida) 

specialists (Newman, 2007; Hanlon et al., 2009; Mylavarapu et al., 2009; Newman et 

al., 2010). Furthermore, the observed concentration of N on the plant tissues was within 

or higher than the recommended sufficiency range (Mackowiak et al., 2008). Due to 

this, two different approaches to simulate water stress were tested and compared to 

predict yield of fertilized treatments. The first one was using ARID to calculate losses 

caused by lack of water in the soil. To do this, it was first necessary to estimate 

bahiagrass monthly potential yield (YP) in Citra, Florida and then use ARID to estimate 

relative losses due to water stress. The second approach was using CROPGRO-Forage 

model without simulating N stress; therefore lack of water was the only stress factor 

influencing plant growth. The results obtained in these simulations were compared with 

the observed biomass from the fertilized treatments. 

Potential yield (YP) 

To estimate YP for each month in Citra, Florida, the bermudagrass CROPGRO-

Forage model was used to simulate bahiagrass maximum growth for 11 consecutive 

years. The options for water and N stress were turned off in the fileX. Thus, only 
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maximum and minimum temperature, solar radiation, photoperiod, CO2 concentration in 

the atmosphere, and crop characteristics influenced plant growth. 

In this simulation, weather data (maximum and minimum temperature and solar 

radiation) from 2001 to 2011 obtained from the FAWN weather station located in Citra 

were used and the weather file was created using the Weatherman (Wilkens, 2003). 

Harvests were simulated using MOW file. Stubble mass was set at 1900 kg ha-1, RSPLF 

was not estimated (-99 was used) and MVS was set at 1 for each harvest. For each 

growing cycle, 11 simulations were done and the highest value for each growing cycle 

was set as the potential for the corresponding period. For instance, the highest 

simulated value for May occurred in 2002 and for June it occurred in 2011, therefore 

these values were used as maximum yield for the respective months.  

Agricultural Reference Index for Drought (ARID) 

The Agricultural Reference Index for Drought (ARID) (Woli et al., 2012) was 

developed as a simple method to quantify water deficit in crops. This drought index is 

non-crop specific since it is based on a reference crop (grass) that completely covers 

the soil surface and is actively growing in a well-drained soil. ARID uses a simple soil 

water balance for the reference grass having a 400 mm soil layer with evenly distributed 

roots. Daily ARID was calculated using the following equation (Woli et al., 2012): 

         
  

     
  

where Ti is the transpiration (mm day-1) and ETO,i is the reference evapotranspiration 

(mm day-1) on day ith. Since Ti is always lower than or equal to ETO,i, ARIDi values 

range from 0 to 1, with 1 indicating full water deficit and 0 no deficit at all. Between 

these two extremes, water stress decreases linearly with the increase in actual Ti when 
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ETO,i is constant. When calculated for a period of time that includes several days, ARID 

values can decrease from one day to the next due to rainfall events that increase the 

available water content in the soil. In the absence of rainfall ARID values were not 

allowed to decrease from one day to the next due to lower ETo caused by cooler 

conditions or cloudy sky. In that case the value of the index is kept the same as in the 

previous day. ETO,i was calculated as described by (Allen et al., 1998): 

      
         (      )   

   
           (         )

               
   

where  i is the slope of the saturation vapor pressure versus air temperature curve (kPa 

oC-1); Rn,i is the daily net radiation (MJ m-2 day-1); G is the soil heat flux density (MJ m-2 

day-1), considered as null for daily estimates; γ is the psychrometric constant (0.0677 

kPa oC-1); Ti is the daily mean air temperature (oC) at 2 m, based on the average of 

maximum and minimum temperatures; u2,i is the wind speed (m s-1) at 2 m height; and 

es,i and ea,i represented the saturation and actual vapor pressures (kPa), respectively. Ti 

was calculated using the following equations (Woli et al., 2012): 

       (            ) 

             
   

where ζ is the root zone depth (mm), which is equal to 400 mm in ARID; RWU is the 

soil-limited root water uptake (mm day-1); α is a generic root water uptake constant, 

representing the maximum fraction of available water extracted in a day, which was 

0.097 in this study; and  a,i-1
ad

 is the plant-available water content (mm mm-1) after deep 

drainage at the end of the previous day. 
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ARID uses a budget-based simple soil water balance, in which the input of water is 

done through rainfall and irrigation and output due to transpiration, deep drainage and 

runoff (Fig. 4-2). Therefore, the available water for certain day is the result of available 

water in the previous day plus the input minus the output of water. The available water 

content on the ith day   a,i
ad
  (mm mm-1) was calculated as follow:  

    
                 

                         

where Wi is the amount of available water on the ith day and Wi-1 on the previous day 

(mm); Pi is precipitation, Ii is irrigation, Di is deep drainage and Ri is runoff. 

If soil water content does not exceed soil water holding capacity (difference 

between field capacity and permanent wilting point) drainage is zero, otherwise it 

occurs. In this case, it is calculate using the follow equation: 

     (    
     ) 

where β is the drainage coefficient (the fraction of drainable water that can be drained 

during one day);  a,i-1
bd

 is the available soil water content on the ith day before the 

drainage (mm mm-1); and  m is soil water holding capacity (mm mm-1). In this study β 

was 0.58, and  m was 0.06 mm mm-1, since field capacity was 0.105 and permanent 

wilting point was 0.045 mm mm-1. 

Runoff only happens when rainfall rate is greater than the infiltration rate. That is, 

the runoff only occurs after the initial demands of interception, infiltration and surface 

storage have been satisfied (Woli et al., 2012). Therefore, runoff is calculated using the 

Soil Conservation Service (1972) equation: 
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where Ia is initial abstraction including interception, retention, and infiltration (mm day-1); 

S is the potential maximum retention (mm day-1); and η is the curve number, which was 

61 in this study. Thus, runoff only occurs when rainfall exceeds 32.5 mm.  

Actual yield using ARID 

The ratio of actual evapotranspiration (ETA) to potential evapotranspiration (ETO) is 

commonly used as a depletion factor for growth (Jones et al., 2003). As ARID is 

calculated as a function of TR and ETO, and TR is assumed to be similar to ETA, the 

depletion factor can be calculated by subtracting ARID from 1 (Woli, 2010). However, 

the effect of water stress on growth and yield depends on the type of the crop, timing of 

the water stress on crop growth and intensity of this stress (Doorenbos and Kassam, 

1979). Due to this, it was necessary to adjust the effect of the water deficit to the crop. 

Therefore, ARID’s impact on yield varied depending on its intensity, thus a weighted 

ARID was calculated. If ARID was lower than 0.3, the negative impact of water stress 

on crop growth was null. If ARID was higher than 0.3, its negative impact on crop 

growth was also higher, being then multiplied by a weight factor k depending on ARID’s 

intensity. Thus, actual yield (YA) for each growing cycle was calculated by multiplying YP 

by the average weighted ARID for the growing cycle, as follows:  

        
 

 
∑        
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where i is days after the harvest; N is number of the days of the growing cycle; and k is 

the coefficient of adjustment. If ARID is lower than 0.3, k = 0; if ARID is equal or higher 

than 0.3 and lower than 0.7, k = 0.25; and if ARID is equal or higher than 0.7, k = 0.60. 

CROPGRO-Forage without simulate nitrogen stress 

To simulate a non-nitrogen stress situation using CROPGRO-Forage model, 

simulations were done similar to what was previously described in the CROPGRO-

Forage model section. The only difference was the N stress option, which was turned 

off in the fileX. Therefore, it was assumed that only water stress affected plant growth. 

In CROPGRO, the water stress is calculated by the ratio of ETA to ETO (Jones et 

al., 2003), similar to ARID. In CROPGRO, the impact of water stress is different for each 

process. If root water uptake is not able to meet evapotranspiration demand, total crop 

photosynthesis and transpiration are reduced in equal proportion to the decrease in 

water uptake. However, other processes that are more sensitive to water stress are 

reduced when the ratio of ETA to ETO is lower than 1.5 (Boote et al., 1998a). 

Statistical Analysis 

For all simulations, predicted values were compared with observed data using 

visual aspects (graphical results), ratio simulated to observed, coefficient of 

determination (R2), root mean square error (RMSE) and the Willmott agreement index 

(D-Stat) (Willmott, 1981) using the following equations as suggested by (Wallach, 

2006b). 

       ̂  

     √
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where Di is the model error; Yi is measured value for situation i; Ŷi is the corresponding 

value calculated by the model; N is the total number of situations; and    is the average 

of the Yi values. A better model prediction has small RMSE and ratio, R2 and D-Stat 

close to 1 (Pedreira et al., 2011). 

Results and Discussion 

Validation of the CROPGRO-Forage Model 

Yield 

The simulations conducted using the bermudagrass CROPGRO-Forage model 

underestimated DM accumulation for fertilized treatments (ratio = 0.75) especially in 

2010 (Fig. 4-3 a and c). For these treatments, the R2 was 0.65, RMSE was 1358 kg DM 

ha-1
 cut-1 and D-Stat was 0.76. For I+F treatment, the observed annual average yield 

was 25340 kg DM ha-1
 year-1 while the simulated was 19403 kg DM ha-1

 year-1. For this 

treatment, the RMSE was 1267 kg DM ha-1
 cut-1, what is higher than previously reported 

in the literature (Rymph, 2004; Alderman, 2008). However, the D-Stat was 0.79 and R2 

was 0.71 what is relatively high, thus indicating a good relationship between predicted 

and observed values. For NoI+F, the observed annual average yield was 21561kg DM 

ha-1
 year-1 and the simulated was 15549 kg DM ha-1

 year-1. The ratio was 0.73, RMSE 

was 1443 kg DM ha-1
 cut-1 and D-Stat was 0.70. For these two treatments, the 

predictions for 2010 were poor. However, for fall 2009 and summer and fall 2011 the 

results were more accurate than for the rest of the period, especially for the I+F 

treatment (Fig 4-3 a and c). 
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For the non-fertilized treatments, the simulation overestimated observed values 

(ratio = 1.57), especially in 2009 (Fig 4-3 b and d). For these treatments, the R2 was low 

(0.21), the RMSE was 890 kg DM ha-1
 cut-1 and D-Stat was also low (0.47). For I+NoF 

treatment, the observed annual average yield was 7219 kg of DM ha-1
 year-1 while the 

simulated was 11279 kg of DM ha-1
 year-1. For this treatment the ratio was 1.57, RMSE 

was 934 kg of DM ha-1
 year-1, R2 was 0.23 and D-Stat was 0.49. For NoI+NoF, the ratio 

was 1.57, RMSE was 846 kg of DM ha-1, R2 was 0.10 and D-Stat was 0.40. For these 

treatments, the RMSE was lower than for fertilized treatment, but it is relatively higher 

since the average yield for non-fertilized treatment was more than two times lower than 

for fertilized treatments. The R2 and EF indicate that the predictions for these treatments 

were low correlated with the observed values. Table 4-3 shows the results for all 

treatments. 

Even if the model underestimated biomass for the I+F treatment the results were 

reasonable. For this treatment, late summer and fall predictions were more accurate 

than for the rest of the period. For the treatments where irrigation, fertilizer, or both were 

not applied, the predictions were not as good, indicating that the water and N stress 

were not well simulated. For the non-fertilized treatments, the graphs show that the 

predictions were similar to many growing cycles. However, the model occasionally 

overestimated the yield resulting in low D-Stat and R2. 

Crude protein 

For the prediction of CP concentration, the model showed low performance for all 

treatments during the whole experiment period (Fig. 4-4). For the fertilized treatments, 

the model underestimated CP concentration (ratio = 0.77). The relationship between 

observed and predicted values was low (R2 = 0.25), RMSE was high (4.44 %), and D-
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Statistic was also low (0.46). The average observed CP concentration for I+F 

treatments was 15.0 % while the simulated concentration was 11.0 %. For NoI+F, the 

observed CP concentration was 15.5 % and the simulated 12.4 %.  

For non-fertilized treatments, the model overestimated CP content (ratio = 1.26) 

and there was a small relationship between observed and simulated values (R2 = 0.29). 

The RMSE was 2.38 % and D-Stat was 0.39, indicating poor predictions. The average 

observed CP concentration for I+NoF was 7.2 % and the estimated was 9.0 %. For 

NoI+NoF, the observed CP was 7.4 % and the estimated was 9.3 %.  

The model did not simulate variations in CP due to fertilization well (Fig. 4-4). 

The average CP concentration for fertilized treatments was 15.3%, which corresponds 

to more than double the CP concentration of non-fertilized treatments (7.3%). The 

average simulated CP content for the fertilized treatment was 11.7 % while for non-

fertilized it was 9.2 %. The results obtained in this study were not as good as the ones 

previously observed for simulated bahiagrass and using the bermudagrass version of 

the model. Rymph (2004) and Alderman (2008) found relatively high relationship 

between observed and simulated CP concentration and plant nitrogen. Table 4-4 shows 

the results for all treatments. 

Soil moisture 

The simulations underestimated soil water content (Fig. 4-5). For all treatments, 

the ratio of simulated to observed was lower than 1. However, the predictions were 

highly correlated and with high D-Stat (Table 4-5). All treatments had relatively similar 

results, but rainfed treatments had slightly higher R2 (0.64) than irrigated ones (0.60).  

The differences between the observed and the simulated were due to higher 

variability of the predicted soil moisture. In the simulations, the soil water content 
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increased and decreased more rapidly than what was observed in the field. As the input 

of soil parameters (soil saturation, soil organic matter and saturated hydraulic 

conductivity) were estimated using other models, they might inaccurate. It increased the 

errors associated with the simulations. 

Observed and simulated soil moisture and rainfall + irrigation data from a 30-day 

period for the I+F is demonstrated in Figure 4-6. This figure shows that simulated soil 

moisture had greater variability than the observed sample. This was mainly due to faster 

response to a rainfall or irrigation event. Also, it is likely due to quicker drainage in the 

simulated soil water than the one observed in the field. Thus, it indicates that in the 

simulations the water infiltration rate was higher than the observed one. 

A small rainfall event that did not affect observed soil moisture, resulted in 

increased simulated soil water content, which resulted in overestimation of soil moisture 

by the model. On the other hand, as in the simulations, the water was drained faster 

than in the field; the simulated soil water underestimated the values after a few days of 

water absence. It occurred mainly due to the overestimation of the drainage. Errors 

observed in the biomass prediction could be attributed to errors in the soil moisture 

simulations, since weaker predictions occurred for the rainfed treatments. 

Estimation of Yield under Non-Nitrogen Stress Conditions 

Overall, when the N-fertilizer was assumed to meet plant demand, and 

consequently, N stress was not simulated, the predicted biomass values were more 

accurate than when N stress was simulated. When ARID was used to calculate 

biomass, the predicted values were similar to the observed ones. For both treatments, 

the ratio simulated to observed was 1.02, RMSE 774 kg of DM ha-1 cut-1, the R2 was 

0.83 and D-Stat was 0.91. Overall, the predictions were more accurate when no or low 
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water deficit was observed. For I+F treatment, the predictions had higher relationship 

and lower error than for NoI+F (Table 4-6). For both treatments, better predictions were 

obtained in 2011. In 2009, the biomass was relatively well estimated except for the first 

harvest of the year (Fig. 4-7). Due to this over-prediction, the results for 2009 were not 

as good as the results in 2011. 

The results obtained using CROPGRO-Forage and ARID were as good as the 

ones obtained in the calibration of the first CROPGRO-Forage used to simulate 

bahiagrass growth (Rymph, 2004) and the following version used to simulated 

bermudagrass growth (Alderman, 2008). Woli (2010) obtained similar values of D-Stat 

using ARID to estimate cotton, maize, soybean and peanut yield in different locations in 

Florida and Georgia. 

During summer, observed biomass values had higher variability between growing 

cycles than simulated ones (Fig. 4-7). This lack of variability in the simulated values can 

be attributed mainly to the lack of interaction between drought and plant processes 

since YA was calculated by multiplying YP by average weighted ARID. This approach did 

not take into account the cumulative effect of drought from past growing cycles on the 

plant or the interaction between drought and other environmental factors. Also, in a 

smaller degree of impact, the use of fix values of YP for each growing cycle reduced 

yield variability caused by variations of temperature and solar radiation. 

When the CROPGRO-Forage model with no N stress was used, the model 

overestimated the biomass accumulation and the results were not as good as the ones 

observed using ARID. For both treatments, the ratio simulated to observed was 0.89, 

RMSE 1116 kg of DM ha-1 cut-1, the R2 was 0.72 and D-Stat was 0.83. Better results 
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were obtained in 2009, when lower variability on the observed values during summer 

occurred.  

As observed using ARID, the treatment with low or no water stress had better 

results (Table 4-6). The problem of low variation due to lack of interaction between 

drought and environmental factors, and due to lack of variability of the YP, was not 

observed. However, the simulated variability did not represent reality well (Fig. 4-8) and 

the correlation was lower than the one observed when ARID approach was used. 

Conclusions 

Due to the high number of uncertainties associated to the field experiment, to the 

model itself (the model was calibrated for bermudagrass and it is still being improved), 

and to the model inputs (stubble mass, soil organic matter, wilting point, ratio leaf:stem), 

the biomass predictions in case of I+F treatment were considered satisfactory, due to 

low or water and N stress. For this treatment, the D-Stat was 0.79 and R2 was 0.71. 

Better predictions were obtained for late summer and fall 2009 and 2011 than during the 

remaining periods. For the treatments in which water, fertilizer or both were not applied, 

the predictions were less accurate, especially in the non-fertilized treatments. This 

indicates that the water and N stress were not well simulated. 

The CP concentration was not well predicted in these simulations. The model did 

not simulate variations in CP due to fertilization well. High RMSE and low R2 were 

obtained for all treatments. For fertilized treatments, the predictions overestimated the 

CP values, but for non-fertilized treatments, the simulations overestimated it. 

The simulated values of soil water content were underestimated in all treatments. 

However, the correlation between observed and simulated values was high, indicating 

good model performance. The difference in simulated and observed is mainly due to 
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overestimation of water infiltration that caused faster increase and decrease of the 

simulated soil moisture. 

To improve all predictions, it would be necessary to improve model initialization 

through measurements of soil characteristics, such as soil organic matter that affects N 

availability, and saturated hydraulic conductivity that influences water movement in the 

soil.  

The predictions considering that no N stress occurred on the field and lack of 

water was the only stress affecting forage growth showed similar values to the observed 

ones. Better predictions were obtained when low or no water stress occurred. 

Even though the approach using ARID and a fixed value of YP for each growing 

cycle was simpler and was not very sensitive to yield variations between growing 

cycles, the results were more accurate than the ones using water stress calculated by 

CROPOGRO-Forage model with or without N stress. When the stress factor was based 

on ARID, the RMSE was 774 kg of DM ha-1 cut-1, the R2 was 0.83 and D-Stat was 0.91, 

showing good performance. When CROPGRO-Forage model was used without 

simulating N stress, the RMSE was 1116 kg of DM ha-1 cut-1, the R2 was 0.72 and D-

Stat was 0.83. 

The approach using bermudagrass CROPGRO-Forage model and ARID as the 

water stress factor had the best results. However, this approach was calibrated to field 

trial conducted in Citra. Because of this, it would be necessary to validate for other 

regions and for more years. 

Due to ARID’s simplicity and relatively good results as water stress factor, it could 

be used in case of low soil data availability. However, as ARID is simpler than the 
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approach used in CROPGRO to calculate water stress and its tests were restricted, 

data from other locations and years should be used to validate the approach. 
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Table 4-1.  Soil sand, clay, silt and organic carbon content, lower limit (SLLL), drained 
upper limit (DSUL), saturation (SSAT), saturated hydraulic conductivity 
(SSKS), bulk density (SBDM), and root regrowth factor (SRGF) used to 
create the soil file 

Depth Sand Clay Silt Org. C SLLL DSUL SSAT SSKS SBDM SRGF 
cm % % % % cm3 water cm-3 soil cm hr-1 g cm-3  

0-15 93.4 3.4 3.2 1.02 0.048 0.115 0.33 11.70 1.49 1.00 
15-30 92.4 4.4 3.2 0.27 0.043 0.104 0.35 9.36 1.50 1.00 
30-45 92.0 5.4 2.6 0.11 0.047 0.097 0.36 7.64 1.51 1.00 
45-60 92.9 4.5 2.6 0.62 0.044 0.091 0.35 9.51 1.50 0.80 
60-90 90.8 6.4 2.8 0.28 0.039 0.076 0.37 6.16 1.52 0.80 

 
Table 4-2.  Layer of simulated soil water and the corresponding TDR probe used for 

comparison 

Layer of simulated soil 
water (cm) 

Fertilized treatments 
TDR probes depth 

Non-fertilized treatments 
TDR probes depth 

0-5 5 cm 5 cm 
5-15 Average of 5 and 15 cm Average of 5 and 15 cm 
15-30 Average of 15 and 30 cm Average of 15 and 30 cm 
30-45 Average of 30 and 45 cm 30 cm 
45-60 Average of 45 and 60 cm No comparison 
60-90 60 cm No comparison 

 
Table 4-3.  Ratio simulated to observed, root mean square error (RMSE), coefficient of 

determination (R2) and D-Statistic (D-Stat) for biomass (kg of DM ha-1 cut-1) 
predictions based on the bermudagrass CROPGRO-Forage model for four 
different treatments: i) irrigated and fertilized (I+F); ii) irrigated and non-
fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); and iv) non-irrigated 
and non-fertilized (NoI+NoF) 

Treatment Ratio RMSE (kg ha-1) R2 D-Stat 

I+F 0.77 1267 0.71 0.79 
I+NoF 1.57 934 0.23 0.49 
NoI+F 0.73 1443 0.55 0.70 
NoI+NoF 1.57 846 0.10 0.40 
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Table 4-4.  Ratio simulated to observed, root mean square error (RMSE), coefficient of 
determination (R2) and D-Statistic (D-Stat) for crude protein content (%) 
predictions based on the bermudagrass CROPGRO-Forage model for four 
different treatments: i) irrigated and fertilized (I+F); ii) irrigated and non-
fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); and iv) non-irrigated 
and non-fertilized (NoI+NoF) 

Treatment Ratio RMSE (%) R2 D-Stat 

I+F 0.74 4.68 0.39 0.47 
I+NoF 1.26 2.28 0.33 0.40 
NoI+F 0.80 4.18 0.09 0.43 
NoI+NoF 1.25 2.46 0.25 0.36 

 

Table 4-5.  Ratio simulated to observed, root mean square error (RMSE), coefficient of 
determination (R2) and D-Statistic (D-Stat) for soil moisture predictions (cm3 
cm-3) based on the bermudagrass CROPGRO-Forage model for four different 
treatments: i) irrigated and fertilized (I+F); ii) irrigated and non-fertilized 
(I+NoF); iii) non-irrigated and fertilized (NoI+F); and iv) non-irrigated and non-
fertilized (NoI+NoF) 

Treatment Ratio RMSE (cm3 cm-3) R2 D-Stat 

I+F 0.88 0.044 0.54 0.68 
I+NoF 0.81 0.048 0.70 0.63 
NoI+F 0.81 0.043 0.60 0.74 
NoI+NoF 0.92 0.042 0.64 0.73 

 

Table 4-6.  Ratio simulated to observed, root mean square error (RMSE), coefficient of 
determination (R2) and D-Statistic (D-Stat) for biomass (kg of DM ha-1 cut-1) 
predictions based bermudagrass CROPGRO-Forage and ARID and 
bermudagrass CROPGRO-Forage without simulating nitrogen N stress for 
two treatments: i) irrigated and fertilized (I+F);and ii) non-irrigated and 
fertilized (NoI+F) 

 CROGPRO and ARID CROPGRO N off 
 I+F NoI+F I+F NoI+F 

Ratio 0.99 1.05 0.93 0.85 
RMSE (kg ha-1) 741 806 1007 1215 
R2 0.85 0.80 0.76 0.65 
D-Stat 0.92 0.89 0.86 0.78 
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Figure 4-1.  Ground covered to avoid evapotranspiration after adding water 

 

 

Figure 4-2.  Diagram for the soil water balance of a reference crop (grass) 
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Figure 4-3.  Observed vs simulated herbage mass (kg of DM ha-1) using bermudagrass 
CROPGRO-Forage for a) irrigated and fertilized (I+F); b) irrigated and non-
fertilized (I+NoF); c) non-irrigated and fertilized (NoI+F); and d) non-irrigated 
and non-fertilized (NoI+NoF) treatments 
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Figure 4-4.  Simulated vs observed crude protein content (%) using bermudagrass 
CROPGRO-Forage model for a) irrigated and fertilized (I+F); b) irrigated and 
non-fertilized (I+NoF); c) non-irrigated and fertilized (NoI+F); and d) non-
irrigated and non-fertilized (NoI+NoF) treatments 
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Figure 4-5.  Simulated vs observed soil moisture content (mm3 mm-3) using 
bermudagrass CROPGRO-Forage model for a) irrigated and fertilized (I+F); 
b) irrigated and non-fertilized (I+NoF); c) non-irrigated and fertilized (NoI+F); 
and d) non-irrigated and non-fertilized (NoI+NoF) treatments 
*Top 90 cm of soil for fertilized treatment and top 45 cm for non-fertilized 
treatment 
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Figure 4-6.  Rainfall + irrigation from a 30-day period sample and the respectively a) 
observed and b) simulated soil moisture content (mm3 mm-3) for the I+F 
treatment 
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Figure 4-7.  Observed vs simulate yield (kg of DM ha-1) using ARID as the water stress 
factor for a) irrigated and fertilized (I+F); b) non-irrigated and fertilized (NoI+F) 
treatments 
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Figure 4-8.  Observed vs simulate herbage mass (kg of DM ha-1) using bermudagrass 
CROPGRO-Forage model with no nitrogen N stress for a) irrigated and 
fertilized (I+F); b) non-irrigated and fertilized (NoI+F) treatments 
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CHAPTER 5 
EFFECTS OF EL NIÑO SOUTHERN OSCILLATION ON THE AGRICULTURAL 

REFERENCE INDEX FOR DROUGHT (ARID) IN FLORIDA 

Drought indices are used to quantify drought intensity, compare current conditions 

to previous droughts, and provide a regional overview of potential impacts of droughts 

(Woli et al., 2012). A drought index is a scientifically based numerical index associated 

to some cumulative effects of an extended and anomalous moisture deficiency and 

provides quantification of a drought situation (Lourens and Jager, 1997; World 

Meteorological Organization, 1984). 

The Agricultural Reference Index for Drought (ARID) was presented by Woli et al. 

(2012). This is a simple and non-crop-specific drought index that takes into account the 

soil-plant-atmosphere relationship in a daily time step. ARID is based on a reference 

crop (grass) actively growing in a well-drained soil as well as completely covering the 

soil surface. The only inputs to calculate ARID are reference evapotranspiration, rainfall 

and few soil characteristics, thus it can be widely calculated for different regions and 

time periods. Also, as ARID influenced by weather variable, it is impacted by climate 

variability.  

The El Niño Southern Oscillation (ENSO) is a coupled ocean-atmosphere 

phenomenon that is considered the main source of interannual climate variability in the 

world (Ropelewski and Halpert, 1996; Fraisse et al., 2006). In the southeast USA, 

ENSO has a strong influence during cold months while this influence is much lower 

during warm months (Winsberg, 2003). 

The main hypothesis of this study is that El Niño Southern Oscillation (ENSO) 

influences the variability of soil moisture in Florida causing lower water stress during El 

Niño and higher stress during La Niña. The main goal of this study was to understand 
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the spatial and temporal variability of ARID in Florida. Specific objectives included to 

identify the influence of the ENSO phenomenon on the temporal and spatial variability 

of ARID in Florida. 

Material and Methods 

Study Area and Data 

The study area was the state of Florida which is located between 80°3'W, 24°57'N 

and 87°38'W, 31°0'N with a total area of 170,312 km2 and an elevation varying between 

0 and 105 m above sea level. According to Köppen classification Florida is classified as 

humid subtropical (central, north and panhandle regions) and tropical savannah (south 

region) (Henry et al., 1994). 

Daily minimum and maximum temperatures and rainfall data were obtained from 

56 National Weather Service COOP (Cooperative Observer Program) weather stations 

located in Florida, 6 in Georgia and 5 in Alabama. Table 5-1 shows the geographic 

characterization of the stations used with their spatial distributed portrayed on Fig. 5-1. 

Calculation of ARID Values 

The complete description of ARID was done on Chapter 4. Daily ARID was 

calculated using the following equation (Woli et al., 2012): 

        
  

     
                                                                                                                                     

where Ti is the transpiration (mm day-1), calculated as described by Woli et al. (2012); 

and ETO,i is the reference evapotranspiration (mm day-1) on day ith. Since Ti is always 

lower than or equal to ETO,i, ARIDi values range from 0 to 1 based on Equation (5-1) 

with 1 indicating full water deficit and 0 no deficit at all. When calculated for a period of 

time that includes several days ARID values can decrease from one day to the next due 
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to rainfall events that increase the available water content in the soil. In the absence of 

rainfall ARID values were not allowed to decrease from one day to the next due to lower 

ETo caused by cooler conditions or cloudy sky. In that case the value of the index is 

kept the same as in the previous day. 

Myakka fine sand is the most common soil type found in Florida and according to 

Natural Resources Conservation Service (NRCS5-1) this is the official state soil of 

Florida and it is the most extensive soil in Florida. The values of wilting point and field 

capacity vary respectively around 0.04 and 0.11 m3 m-3 (University of Florida - Institute 

of Food Agricultural Sciences, 1985); therefore, these theoretical values were used to 

calculate ARID in this study. 

To estimate daily ARID values ETO is normally calculated using the FAO-56 PM 

equation described by Allen et al. (1998) which requires air temperature, wind speed, 

solar radiation and relative humidity. However, due to restricted availability of long-term 

weather data, in this study ETO was calculated using an empiric method that requires 

only the available weather data, i.e., maximum and minimum daily temperature and 

rainfall. In a previous study by (Gelcer et al., 2010a) to evaluate the best empirical 

equation to estimate ETO in Florida, when only minimum and maximum temperature 

and rainfall data are available, it was found that the Priestley and Taylor (PT) equation 

(Priestley and Taylor, 1972) using estimated solar radiation and dew point temperature 

was the most accurate. The PT equation is: 

         

  

    
(
      

 
) 

                                            
5-1

 http://www.mo15.nrcs.usda.gov  

http://www.mo15.nrcs.usda.gov/
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where  i is the slope of the relationship between saturation vapor pressure and air 

temperature (kPa oC-1); Rn,i is the daily net radiation (MJ m-2 day-1); G is the soil heat 

flux density (MJ m-2 day-1), considered as null for daily estimates; γ is the psychrometric 

constant (0.0677 kPa oC-1); λ is the latent heat of vaporization (2.45 MJ kg-1); and kPT is 

the Priestley and Taylor coefficient, an empirical coefficient that may vary for different 

regions, because it is influenced by soil moisture and vegetation types (Priestley and 

Taylor, 1972; Suleiman and Hoogenboom, 2007; Sentelhas et al., 2010). In this study 

the value of kPT was fixed to 1.25 and 1.14, respectively for cold (October-March) and 

warm (April-September) months (Gelcer et al., 2010a). 

Daily net radiation was calculated using the following equations (Allen et al., 

1998): 

                 

                                                                                                                                                        

      [ (
       

         
 

 
) (         √    ) (    

   

     
     )]                                  

                

               (
            

            
)                                                                                                    

where Rns,i is the net shortwave radiation (MJ m-2 day-1); Rnl,i is the net outgoing 

longwave radiation (MJ m-2 day-1); SRi is the solar radiation (MJ m–2 day–1); σ is the 

Stefan-Boltzmann constant (4.903 10-9 MJ K-4 m-2 day-1); TmaxK,i and TminK,i are 

respectively maximum and minimum absolute temperature (K) during a 24h period; ea,i 

is the actual vapor pressure (kPa); SRo,i is the solar radiation on a clear sky (MJ m-2 
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day-1); Qo,i is the daily total extraterrestrial insolation (MJ m–2 day–1), calculated as 

described by Allen et al. (1998); and Tdew,i is dew point temperature (oC).  

When solar radiation and dew point temperature data are not available, estimated 

solar radiation (eSRi) (MJ m–2 day–1) and estimated dew point temperature (eTdew,i) (
oC) 

can be used to calculate ETO,i (Allen et al., 1998; Gelcer et al., 2010a; Sentelhas et al., 

2010). Therefore the term SRi in the Equations (5-2) and (5-3) was replaced by eSRi 

and Tdew,i in Equation (5-4) by eTdew,i. In this study, eSRi was estimated using Bristow 

and Campbell equation (Bristow and Campbell, 1984) and eTdew,i using the equation 

described by Hubbard et al. (2003), as demonstrated below: 

              (      )        (      )        (             )         

               

      [     (      
 )] 

                     ̅̅̅̅   

where Tavg,i, Tmin,i and Tmax,i are respectively average, minimum and maximum 

temperature (oC); Tt,i is the daily total atmospheric transmittance;  Ti is the daily range 

of air temperature (oC);   T  is the monthly average temperature range (oC); and A (0.7), 

B and C (2.4) are empirical coefficients. 

Daily ARID values were compiled into monthly average values which were 

clustered according to ENSO phases using the Multivariate ENSO Index (MEI) 

introduced by Wolter and Timlin (1993) to classify months as El Niño, La Niña or 

Neutral. Typical ARID monthly maps were also created using all years on record 

independently of ENSO phase (e.g. January All Years is the average of all Januaries 

from 1950 to 2010) while ENSO monthly maps were create using only months classified 
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as certain ENSO phase (e.g. El Niño January is the average of all Januaries classified 

as El Niño). Table 5-2 shows the monthly classification in accordance with the ENSO 

phases. 

ENSO Deviation 

Monthly deviation maps were created by subtracting All Years maps (average 

maps) from the El Niño/La Niña maps. Therefore, a negative or positive value shows 

that a particular month having that ENSO phase has lower or higher water stress than 

average. 

Spatial Interpolation 

ARID values were interpolated using universal kriging to enhance the visualization 

of its spatial variability by predicting values at locations where data were not available to 

calculate ARID. Kriging was selected because it is considered as one of the most 

advanced interpolation method (Burrough and McDonnell, 1998) that accounts for the 

spatial correlation structure of the variable of interest (Goovaerts, 1997). Kriging 

required the assumption of stationarity that is ARID was described as a random process 

with a constant mean over the whole study area. To meet this stationarity requirement, 

the mean ARID for a combination of ENSO phase and month was modeled as 

polynomials of third degree using longitude and latitude as predictors. The procedure of 

kriging was implemented in three steps that are described next for a set of spatially 

distributed ARID values pertaining to a specific ENSO phase and month. First, the 

spatial variation of ARID was represented by the sample variogram which depicted the 

relationship between the estimated semivariance and separation distance (Webster and 

Olivier, 2007). The estimator of the semivariance (ŷ) was: 
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where z (xi) and z (xi + h) represent ARID values measured at a pair of locations 

separated by the distance h; and n(h) is the number of pairs of data points 

corresponding to the lag h. 

The second step involved the generalization of the sample variogram into one of 

the authorized variogram models to provide estimates of semivariances at all lags 

where predictions of ARID were needed. Weighted least squares were used to fit a 

spherical model with nugget effect to the sample variogram (Diggle and Ribeiro Jr., 

2007). In the last step, the interpolated ARID values were obtained as weighted linear 

combinations of calculated ARID values in the study area. All analyses were 

implemented using the gstat package (Pebesma, 2004) in the R language (Venables et 

al., 2011). 

Results and Discussion 

Historical Maps 

The maps presented in Fig. 5-2 show the result of spatial and temporal variability 

of ARID throughout a typical year. They represent the interaction between 

evapotranspiration and rainfall during an average year. These maps show that during 

cold months there is a strong gradient of ARID in the northwest-southeast direction. 

During this period, the combination of higher temperature and lower rainfall in the 

southern portion of the state caused by the low latitude and a warm and dry air that 

flows out of the Bermuda-Azores high pressure system (Henry et al., 1994; Winsberg, 

2003) led to soil water deficit because of higher evapotranspiration and lower input of 

water into the soil. ARID during this period varied from 0.4 and 0.8 in this region. The 
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interaction of cooler temperatures and higher rainfall in North Florida, as a result of cold 

drafts from the interior part of the country and midlatitude cyclones that advects warm 

and cold air masses to North Florida (Henry et al., 1994; Winsberg, 2003), resulted in 

lower water stress and consequently lower ARID (from zero to 0.3) when compared with 

the northern region. This indicates that northwestern Florida was subjected to lower 

water stress than the southern part during cold months. 

Even having lower rainfall in cold months compared to warm months, January and 

December showed the lowest values of ARID (Fig. 5-2). Since January is the coldest 

month in Florida (Henry et al., 1994), it is reasonable to assume that the low 

temperature in these cold months results into low evapotranspiration, which was also 

found in the previous study by Gelcer et al. (2010a). 

As during warm months the geographical variation of daily maximum temperatures 

is small throughout the state (Henry et al., 1994; Winsberg, 2003), ARID values are 

more consistent in the whole state and temperature loses importance due to the high 

values and uniformity. Thus rainfall gains importance, because of its high frequency and 

volume, particularly in the peninsula. The interaction between temperature and rainfall 

results in more uniform soil moisture and consequently similar ARID values throughout 

the state. During this period ARID values were slightly lower for the southern regions 

and slightly higher for the panhandle. 

During summer, convective rainfall is dominant in Florida (Henry et al., 1994) and 

as it is normally localized, the use of weather stations could represent a limitation since 

some of them may be located in places where the highest rainfall occurs on different 

days. However, as ARID is also strongly influenced by soil water holding capacity and 
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evapotranspiration (Woli et al., 2012), long-term monthly average of ARID showed 

similar values for each region. 

Overall in Florida, November is the month with the least rainfall, when the average 

total is less than 56 mm. In the panhandle, the average total rainfall in this month is 

around 100 mm and less than 30 mm in the southwest part of the state (Henry et al., 

1994). However, the evapotranspiration during this month is also low (Gelcer et al., 

2010a), resulting in low values of ARID in the north and panhandle regions and slightly 

higher in the southern region. 

In average, precipitation in May is 45% lower than in June (Henry et al., 1994). 

The high values of ARID estimated for May are explained by the small number of fronts 

affecting Florida, resulting in higher incoming solar radiation contributing to increased air 

temperature resulting in higher evapotranspiration (Winsberg, 2003; Gelcer et al., 

2010a). Even if in May, temperatures are lower than during summer, the combination of 

low water input through rain and high water loss resulted in high ARID values (Fig. 5-2). 

ENSO Effects on ARID 

The variability of rainfall between neutral, El Niño and La Niña phases influences 

the incoming solar radiation and consequently the temperature. The temperatures in 

January and February present greater departures from normal for both phases. The 

variability of temperature and rainfall caused by ENSO does not influence the spatial 

distribution of ARID in Florida. The influence of ENSO is only observed in the range of 

ARID values in cold months. The historical maps for El Niño (Fig. 5-4) and La Niña (Fig. 

5-5) phases showed the same gradient in the northwest-southeast direction during cold 

months and high uniformity during warm months. For Januaries El Niño, ARID values 

range from 0 to 0.1 in the panhandle and from 0 to 0.4 in the peninsula and for 
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Januaries La Niña it ranges from 0 to 0.2 in the panhandle and from 0.3 to 0.7 in the 

peninsula. 

The findings agree with O’Brien et al. (1999) demonstrating that the critical period 

of soil water deficit in Florida is from March to May. During El Niño, May had the highest 

values of ARID and January the lowest. During La Niña, the highest values of ARID 

occurred in April and May in the northern region of the state and in March in the 

southern portion. Lowest values were found in January for the northern part of the state 

and in September in the southern part. 

The combination of decrease in temperature and increase in rainfall during El Niño 

events caused lower ARID values in cold months, which resulted in negative deviation 

values (Fig. 5-6). During La Niña, the deviation was positive from November to March 

showing higher values in the first three months of the year (Fig. 5-7). For both ENSO 

phases, the deviation is not greater than ± 0.05 from May to September showing that 

ENSO has stronger effect during cold months and weaker influence in warm months as 

showed by Fraisse et al. (2006) and O’Brien et al. (1999). From January to May, ARID 

values in the central-southern part of the state were more influenced by ENSO due to 

rainfall variability caused by this phenomenon, showing a variation of ± 0.2 in this 

region. The panhandle was less influenced by ENSO, where the deviation for the whole 

year was not greater than ± 0.1. 

Conclusions 

The results demonstrate that the ENSO phenomenon affects soil moisture 

conditions across Florida, particularly during winter months leading to different ARID 

levels.  
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During winter there is a gradient in the north-south direction in which the northern 

region had lower values of ARID. For the average year, ARID values ranged from zero 

to 0.3 in the panhandle and 0.4 to 0.8 in the peninsula during this period, indicating 

lower water availability in the southern region. Lower temperature and solar radiation 

and consequently lower evapotranspiration are the main factors in determining ARID. 

During summer, temperature and solar radiation are high and more uniform throughout 

the state and rainfall is localized. Therefore, the input of water in the soil is the main 

factor driving ARID values. April and May are the driest months with ARID values 

ranging from 0.4 to 0.8 in the average year while December and January had lower 

values of ARID (from zero to 0.7). 

ENSO has limited effects on the spatial distribution of ARID values across Florida. 

Different phases impact mainly the range of values during winter months. During El 

Niño ARID is smaller and the opposite happens during La Niña, when ARID is higher 

due to higher temperature and lower rainfall. For example, in January, ARID values 

range from 0 to 0.4 for El Niño and from 0 to 0.7 for La Niña, showing that El Niño 

events result in lower soil water stress. This effect of ENSO phase on ARID is stronger 

in the central part of the state when compared to the panhandle.  

Since rainfall is localized during summer due to its convective nature, interpolation 

techniques have some limitations of failing to capture its full spatial variability. However, 

it can be expected that longer-term monthly averages of ARID values are found to be 

similar for each region. In the case of daily values or weekly averages of ARID, a 

denser network of weather stations or grid-based products should be used to better 

characterize the spatial variability of rainfall. 
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The results of this study will allow comparison of current condition with long term 

average values of ARID, assisting with the characterization of situations of lower or 

higher crop water stress. In addition, the forecast of ENSO phases combined with 

related ARID maps can be used to anticipate crop water stress conditions helping 

agricultural managers plan for the season. 
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Table 5-1.  County, latitude, longitude and number of years of data of each of the NWS 
Cooperative Observer Program (COOP) stations used to calculated historical 
ARID 

County State Latitude Longitude Starting Year Number of Years 

Franklin FL 29.73 -85.02 1950 61 
Desoto FL 27.22 -81.87 1950 61 
Highlands FL 27.60 -81.53 1950 61 
Polk FL 27.90 -81.85 1950 61 
Hernando FL 28.62 -82.37 1950 61 
Sumter FL 28.67 -82.08 1950 61 
Palm Beach FL 26.87 -80.63 1950 61 
Washington FL 30.78 -85.48 1950 61 
Lake FL 28.45 -81.75 1950 61 
Putnam FL 29.42 -81.52 1950 61 
Okaloosa FL 30.78 -86.52 1950 61 
Dixie FL 29.65 -83.17 1950 61 
Walton FL 30.75 -86.08 1950 61 
Volusia FL 29.02 -81.32 1950 61 
Hendry FL 26.60 -81.13 1956 55 
Collier FL 25.85 -81.38 1950 61 
Putnam FL 29.75 -81.53 1950 61 
Nassau FL 30.67 -81.47 1950 61 
Broward FL 26.10 -80.20 1950 61 
Lee FL 26.58 -81.87 1950 61 
St. Lucie FL 27.47 -80.35 1950 61 
Alachua FL 29.70 -82.28 1960 51 
Baker FL 30.27 -82.18 1950 61 
Dade FL 25.82 -80.28 1950 61 
Alachua FL 29.83 -82.60 1950 61 
Citrus FL 28.80 -82.32 1950 61 
Duval FL 30.50 -81.70 1950 61 
Hamilton FL 30.52 -82.95 1950 61 
Osceola FL 28.28 -81.42 1950 61 
Columbia FL 30.18 -82.60 1950 61 
Suwannee FL 30.28 -82.97 1950 61 
Madison FL 30.45 -83.42 1950 61 
Lafayette FL 30.05 -83.18 1950 61 
Brevard FL 28.10 -80.65 1950 61 
Jefferson FL 30.57 -83.87 1950 61 
Glades FL 26.83 -81.08 1950 61 
Sarasota FL 27.25 -82.32 1950 61 
Collier FL 26.17 -81.72 1950 61 
Marion FL 29.08 -82.08 1950 61 
Okeechobee FL 27.20 -80.83 1950 61 
Orange FL 28.43 -81.33 1952 59 
Manatee FL 27.62 -82.35 1950 61 
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Table 5-1.  Continued 

County State Latitude Longitude Starting Year Number of Years 

Escambia FL 30.48 -87.18 1950 61 
Taylor FL 30.10 -83.57 1950 61 
Hillsborough FL 28.02 -82.15 1950 61 
Charlotte FL 26.92 -82.00 1965 46 
Gadsden FL 30.60 -84.55 1968 43 
Pasco FL 28.33 -82.27 1950 61 
Seminole FL 28.80 -81.27 1950 61 
Martin FL 27.20 -80.17 1950 61 
Leon FL 30.40 -84.35 1950 61 
Pinellas FL 28.15 -82.75 1950 61 
Levy FL 29.42 -82.82 1956 55 
Indian River FL 27.65 -80.42 1950 61 
Hardee FL 27.55 -81.80 1950 61 
Gulf FL 30.12 -85.20 1950 61 
Covington AL 31.30 -86.52 1950 61 
Escambia AL 31.18 -87.43 1950 61 
Baldwin AL 30.88 -87.78 1950 61 
Escambia AL 31.05 -87.05 1950 61 
Henry AL 31.37 -85.33 1950 61 
Mitchell GA 31.18 -84.20 1950 61 
Miller GA 31.17 -84.77 1956 55 
Charlton GA 30.73 -82.13 1950 61 
Clinch GA 31.08 -82.80 1956 55 
Brooks GA 30.78 -83.57 1950 61 
Thomas GA 30.87 -83.93 1950 61 
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Table 5-2.  Monthly ENSO phase classification according to the Multivariate ENSO 
Index (MEI) (Wolter and Timlin, 1993) where 0 is Neutral, 1 El Niño and 2 La 
Niña 

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

1950 2 2 2 2 2 2 2 2 2 0 2 2 
1951 2 2 2 2 0 1 1 1 1 1 1 1 
1952 1 0 0 0 0 2 0 0 0 0 0 0 
1953 0 0 0 1 1 0 1 0 1 0 0 0 
1954 0 0 0 2 2 2 2 2 2 2 2 2 
1955 2 2 2 2 2 2 2 2 2 2 2 2 
1956 2 2 2 2 2 2 2 2 2 2 2 2 
1957 2 0 0 0 1 1 1 1 1 1 1 1 
1958 1 1 1 1 1 1 1 1 0 0 1 1 
1959 1 1 1 0 0 0 0 0 0 0 0 0 
1960 0 0 0 0 0 0 0 0 2 0 0 2 
1961 0 0 0 0 0 0 0 0 0 2 2 2 
1962 2 2 2 2 2 2 2 2 2 2 2 2 
1963 2 2 2 2 2 0 1 1 1 1 1 1 
1964 1 1 0 2 2 2 2 2 2 2 2 2 
1965 2 0 0 0 1 1 1 1 1 1 1 1 
1966 1 1 1 1 0 0 0 0 0 0 0 0 
1967 2 2 2 2 2 0 2 2 2 2 2 0 
1968 2 2 2 2 2 2 2 0 0 1 1 0 
1969 1 1 1 1 1 1 1 0 0 1 1 0 
1970 0 1 0 0 0 2 2 2 2 2 2 2 
1971 2 2 2 2 2 2 2 2 2 2 2 2 
1972 2 2 0 0 1 1 1 1 1 1 1 1 
1973 1 1 1 1 0 2 2 2 2 2 2 2 
1974 2 2 2 2 2 2 2 2 2 2 2 2 
1975 2 2 2 2 2 2 2 2 2 2 2 2 
1976 2 2 2 2 2 0 1 1 1 1 1 1 
1977 1 0 0 1 0 1 1 1 1 1 1 1 
1978 1 1 1 0 0 2 0 0 0 0 0 1 
1979 1 0 0 0 1 0 0 1 1 1 1 1 
1980 1 1 1 1 1 1 1 0 0 0 0 0 
1981 0 0 1 1 0 0 0 0 0 0 0 0 
1982 0 0 0 0 1 1 1 1 1 1 1 1 
1983 1 1 1 1 1 1 1 1 1 0 0 0 
1984 0 2 0 0 0 0 0 0 0 0 0 2 
1985 2 2 2 2 2 0 0 0 2 0 0 0 
1986 0 0 0 0 0 0 0 1 1 1 1 1 
1987 1 1 1 1 1 1 1 1 1 1 1 1 
1988 1 1 1 0 0 2 2 2 2 2 2 2 
1989 2 2 2 2 2 0 2 2 0 0 0 0 
1990 0 1 1 0 1 0 0 0 0 0 0 0 
1991 0 0 0 1 1 1 1 1 1 1 1 1 
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Table 5-2.  Continued 

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

1992 1 1 1 1 1 1 1 1 1 1 1 1 
1993 1 1 1 1 1 1 1 1 1 1 1 1 
1994 0 0 0 1 1 1 1 1 1 1 1 1 
1995 1 1 1 1 1 1 0 0 2 2 2 2 
1996 2 2 0 2 0 0 0 2 2 0 0 0 
1997 2 2 0 1 1 1 1 1 1 1 1 1 
1998 1 1 1 1 1 1 0 2 2 2 2 2 
1999 2 2 2 2 2 2 2 2 2 2 2 2 
2000 2 2 2 2 0 0 0 0 0 0 2 2 
2001 2 2 2 0 0 0 0 0 0 0 0 0 
2002 0 0 0 0 1 1 1 1 1 1 1 1 
2003 1 1 1 0 0 0 0 0 1 1 1 0 
2004 0 0 0 0 1 0 1 1 1 1 1 1 
2005 0 1 1 1 1 1 1 0 0 0 0 2 
2006 2 2 2 2 0 1 1 1 1 1 1 1 
2007 1 1 0 0 0 0 0 2 2 2 2 2 
2008 2 2 2 2 0 0 0 0 2 2 2 2 
2009 2 2 2 0 0 1 1 1 1 1 1 1 
2010 1 1 1 1 1 2 2 2 2 2 2 2 

 

 

Figure 5-1.  NWS Cooperative Observer Program (COOP) stations used to calculate 
historical ARID 
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Figure 5-2.  Spatial distribution of historical monthly average ARID values for Florida 
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Figure 5-3.  Spatial distribution of monthly average ARID values for Florida during 
Neutral phase 
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Figure 5-4.  Spatial distribution of monthly average ARID values for Florida during El 
Niño phase 
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Figure 5-5.  Spatial distribution of monthly average ARID values for Florida during La 
Niña phase 
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Figure 5-6.  Spatial distribution of monthly deviation in ARID values during El Niño 
events from All Years 
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Figure 5-7.  Spatial distribution of monthly deviation in ARID values during La Niña 
events from All Years 
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CHAPTER 6 
SUMMARY 

The first hypothesis of this study was that ARID can be used as an indicator of 

crop losses due to water stress. The objective was to adapt a crop model that uses 

ARID as a water stress factor. Field work included established Pensacola bahiagrass 

that was subjected to two irrigation and two fertilization levels. Yield, CP concentration 

and soil moisture were monitored from 2009 to 2011, and stolon-root length was 

measured twice. Additionally, simulations using CROPGRO-Forage model and ARID 

were done to validate the CROPGRO-Forage and verify the relationship between ARID 

and crop losses. The second hypothesis was that the ENSO influences the variability of 

soil moisture in Florida, causing lower stress during El Niño and higher stress during La 

Niña. The objectives related to this were to understand spatial and temporal variability 

of ARID in Florida and to identify the ENSO influence on them. 

The results of the field trial showed that fertilization, irrigation and time of the year 

as well their interaction affected crop yield. In this field experiment, fertilization had a 

stronger impact than irrigation. When N-fertilizer and irrigation were applied, the peak of 

yield occurred from early June to late August. It was caused by the ideal temperature, 

solar radiation and daylength during this period. Decrease of biomass production was 

observed when the daylength was decreased. Crude protein concentration was 

influenced by irrigation, fertilization and time of the year. As observed for DM 

accumulation, CP concentration was strongly affected by fertilization. Lower values of 

CP concentration were observed during summer.  

Most part of stolon-roots was found in the first 15 cm of the soil profile. The 

amount of stolon-roots in the 0-15 cm layer varied from 40 to 63%. Higher amount of 
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stolon-roots were found in the non-fertilized treatments. The soil water moisture had 

higher variability in the rainfed treatments. It was mainly due to an increase of soil 

moisture in case of a rainfall event and extreme reduction in the case of a long period of 

water shortage. Soil water content did not have linear relationship with yield variability. 

For some growing cycles, the difference in yield between fertilized treatments was large 

even if soil moisture difference was small and vice-versa.  

The comparison between the bermudagrass CROPGRO-Forage and field 

observations showed that in case of absence or low water and N stress, the biomass 

predictions were satisfactory. However, if fertilizer, water, or both were not applied, the 

results obtained were not as good. It indicates that water and N stress were not 

simulated well. Variations of CP content between growing cycles and treatments were 

not simulated well and poor predictions occurred for all treatments. Simulated soil water 

content was underestimated for all treatments. However, the relationship between 

observed and simulated was high. These differences were mainly due to over-prediction 

of water infiltration that caused faster increase and decrease of the simulated soil water. 

To improve all predictions, it would be necessary to improve model inputs through 

measurements of soil characteristics, such as soil organic matter and saturated 

hydraulic conductivity. 

The predictions considering that no N stress occurred on the field and lack of 

water was the only stress affecting forage growth showed similar values to the observed 

ones. Even though the approach using bermudagrass CROPGRO-Forage to calculate 

potential yield and ARID as the water stress factor was very sensitive to variations 
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between growing cycles, the results were more accurate than the ones using water 

stress calculated by CROPOGRO-Forage model with or without N stress.  

Due to ARID’s simplicity and relatively good results as water stress factor, it could 

be used in the case of low soil data information. However, as ARID is simpler than the 

approach used in CROPGRO to calculate water stress and these tests were restricted, 

data from other locations and years should be used to validate the approach.  

The study to relate spatial and temporal variability of ARID in Florida and to 

identify the ENSO influence on it showed that independently of the ENSO phase there 

is a gradient in the north-south direction during winter. In this gradient, the northern 

region had lower values of ARID. During this period, lower temperature and solar 

radiation are the main factors determining ARID. However, during summer, rainfall is 

localized due to its convective nature, and temperature and solar radiation are more 

uniform throughout the state. Therefore, during this period, rainfall is the main factor 

driving ARID values. April and May were the driest months and December and January 

the months with lower values of ARID. ENSO phenomenon affects soil moisture 

conditions across Florida, particularly during the cold months leading to reduction of 

ARID during El Niño and increase during La Niña. The effect of ENSO phases on ARID 

are stronger in the central part of the state when compared to the panhandle. 

The results of this study show that ARID can be used to estimate yield in case of 

low soil and crop data availability. Therefore, the spatial and temporal variability of yield 

as well ENSO influence on it can be estimated using ARID. It will allow comparisons of 

current conditions with long term average values of ARID, assisting with the 

characterization of situations of lower or higher crop water stress and yield. In addition, 
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the forecast of ENSO phases combined with related ARID maps can be used to 

anticipate crop water stress conditions helping agricultural managers plan for the 

season. 
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APPENDIX 
FIELD DATA 

Table A-1.  Dry matter (kg of DM ha-1) for four treatments i) irrigated and fertilized (I+F); 
ii) irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized (NoI+F); 
and iv) non-irrigated and non-fertilized (NoI+NoF) 

 
I+F I+NoF NoI+F NoI+NoF 

5/6/2009 1931 509 863 573 

6/3/2009 4663 388 3026 180 

7/1/2009 4727 536 4052 541 

7/29/2009 4538 737 5052 774 

8/26/2009 4649 1250 3828 1091 

9/23/2009 2674 1223 2957 1013 

10/21/2009 1291 619 1311 763 

12/2/2009 448 118 252 104 

6/2/2010 4293 605 3811 633 

6/29/2010 5272 1650 4762 813 

7/29/2010 2787 778 2691 583 

8/25/2010 4483 1266 4132 1357 

9/22/2010 3026 1390 2637 1541 

10/20/2010 2105 1456 1719 1184 

11/17/2010 997 837 638 372 

5/6/2011 3773 279 4045 338 

6/2/2011 3691 545 2856 438 

6/30/2011 4829 991 2887 879 

7/28/2011 4006 1796 3795 1506 

8/24/2011 3565 1130 3465 883 

9/21/2011 3814 1497 2587 1026 

10/19/2011 2851 1637 1948 719 

11/16/2011 1606 421 1369 353 
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Table A-2.  Crude protein concentration (%) for four treatments i) irrigated and fertilized 
(I+F); ii) irrigated and non-fertilized (I+NoF); iii) non-irrigated and fertilized 
(NoI+F); and iv) non-irrigated and non-fertilized (NoI+NoF) 

 
I+F I+NoF NoI+F NoI+NoF 

5/6/2009 19.76 9.60 16.64 8.95 

6/3/2009 14.84 7.04 18.31 8.19 

7/1/2009 12.51 7.41 14.07 8.17 

8/26/2009 13.11 6.80 14.47 6.91 

9/23/2009 16.55 6.97 19.45 7.47 

10/21/2009 19.69 8.59 18.96 8.70 

6/2/2010 14.63 6.79 14.65 7.39 

6/29/2010 9.55 5.03 10.61 4.90 

7/29/2010 14.29 6.65 14.71 7.13 

8/25/2010 13.47 6.83 13.30 7.26 

9/22/2010 14.62 5.62 13.30 6.65 

10/20/2010 17.19 6.20 15.27 6.36 

11/17/2010 20.93 7.56 15.97 7.01 

5/6/2011 15.06 8.18 17.27 8.62 

6/2/2011 14.71 5.84 14.85 5.75 

6/30/2011 12.36 7.08 18.53 8.06 

7/28/2011 12.45 7.82 13.07 7.88 

8/24/2011 12.93 7.20 15.06 7.88 

9/21/2011 13.99 8.44 15.02 7.63 

10/19/2011 15.22 7.38 17.23 7.81 

11/16/2011 16.47 7.21 15.70 7.47 
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Table A-3.  Average soil water content (cm3 cm-3) for four treatments i) irrigated and 
fertilized (I+F); ii) irrigated and non-fertilized (I+NoF); iii) non-irrigated and 
fertilized (NoI+F); and iv) non-irrigated and non-fertilized (NoI+NoF) 

 I+F I+NoF NoI+F NoI+NoF 

6/3/2009 0.131 0.173 0.119 0.114 
7/1/2009 0.113 0.150 0.100 0.105 
7/29/2009 0.115 0.158 0.106 0.108 
8/26/2009 0.156 0.169 0.149 0.087 
9/23/2009 0.135 0.155 0.146 0.111 
10/21/2009 0.115 0.142 0.096 0.079 
12/2/2009 0.153 0.149 0.138 0.083 
6/2/2010 0.078 0.145 0.084 0.093 
6/29/2010 0.099 0.148 0.061 0.074 
7/29/2010 0.102 0.144 0.094 0.096 
8/25/2010 0.101 0.145 0.105 0.100 
9/22/2010 0.100 0.136 0.068 0.072 
10/20/2010 0.121 0.158 0.077 0.066 
11/17/2010 0.110 0.144 0.054 0.050 
5/6/2011 0.106 0.125 0.081 0.084 
6/2/2011 0.082 0.141 0.066 0.064 
6/30/2011 0.068 0.140 0.071 0.068 
7/28/2011 0.115 0.166 0.108 0.091 
8/24/2011 0.124 0.179 0.100 0.086 
9/21/2011 0.121 0.166 0.091 0.081 
10/19/2011 0.101 0.156 0.107 0.099 
11/16/2011 0.115 0.164 0.103 0.102 
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